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Abstract

The remarkable progress of language models in recent years has primarily
been driven by scaling to larger models as well as larger quantities of data.
Despite this, this approach is starting to face increasing friction as models
reach the limits of available high-quality web data, especially for highly spe-
cialized use cases. A fundamental issue is that of inconsistent development —
not all capabilities improve equally well when scaling the number of tokens of
generic web data. Furthermore, there are many seemingly contradictory re-
sults where state-of-the-art language models perform at a superhuman level
at tasks that we think of as highly specialized, while failing at others we con-
sider trivial such as arithmetic or counting the “r”s in “strawberry”. We ar-
gue that in order to resolve these tensions, it is important to understand the
process of capability development within pretraining as well as posttraining
ata more granular level. We would also like to argue that this set of problems
isnot unique — it has been studied by developmental psychologists in the case
of human development. Although we cannot draw a direct analogy between
humans and language models, in this thesis we propose to take inspiration
from this field to better understand and improve language models by inves-
tigating how specific capabilities emerge, interact, and can be targeted for
improvement throughout training.

We organize our investigation into three complementary approaches. First,
we evaluate core cognitive capabilities that are foundational to human gen-
eralization — analogical reasoning, compositionality, and forms of inference
—revealing that models partially succeed at these tasks but exhibit surprising
deficits from over-reliance on surface frequency and poor representation of
long-tail phenomena. Second, we seek to understand capability emergence
by investigating factors beyond scale that predict performance, examining
the critical “midtraining” phase of model training, and proposing to decom-
pose complex capabilities into elemental skills that can be easily measured
and study their training trajectories. Finally, we seek to intervene through
targeted interventions to data or training methods in order to improve long-
tail, compositional, and data-scarce skills such as translating idioms, repo-
level code generation, and creative reasoning in scientific idea generation. In
summary, we believe the ability to systematically target specific abilities and
reason about their development in the course of training offers a complement
to existing scaling approaches that could contribute to more principled train-
ing of language models.
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CHAPTER 1

INTRODUCTION

The remarkable progress of language models, driven largely by the scaling paradigm,
has polarized the research community in recent years. On one side are those that see
benchmark-shattering performance as a sign that these systems will soon be able to au-
tomate all jobs that humans perform, while on the other side, skeptics point out brittle-
ness, weakness to distribution shifts, and alignment failures as fundamental limitations.
This debate persists because we conceptualize models as monolithic entities with a given
level of performance, rather than systems with different cognitive capabilities which de-
velop at different rates according to their characteristics and training. When a model
outperforms humans on professional exams, yet fails on simple logical reasoning prob-
lems, or excels at creative writing while struggling with simple semantics, what are we
to make of this? These observations are not necessarily contradictory, but we lack sys-
temic frameworks below the granularity of task performance to explain why they occur.
This leaves researchers to draw conflicting conclusions from the same evidence based on
their prior beliefs.

A more productive approach may be to focus on the growth and interaction of spe-
cific capabilities over the course of training rather than focusing on final benchmark
scores. To break this impasse, we propose to draw inspiration from developmental psy-
chology, which asks similar questions in the case of humans: How do complex cog-
nitive abilities emerge from simpler foundations, and when and why do they emerge
[135]? Although humans are very different from language models as learning systems,
it is worth thinking through what it would mean to have a equivalent developmental
science for language models. Although this may seem like a stretch, I will argue that
it is not only practical to think in such a way, but that it could accelerate development
towards adapting language models to increasingly difficult and open-ended tasks.

As a starting point, we need to establish what capabilities we are looking for and
how to measure them reliably. Cognitive science has identified a handful of abilities that
are foundational to human generalization. Analogical reasoning enables us to transfer
knowledge from one domain to another by mapping relational structures; composition-
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ality underlies our ability to build complex meanings from simpler parts while handling
exceptions like idioms; and the three forms of inference — deduction (deriving guaran-
teed conclusions), induction (generalizing explanations from examples), and abduction
(inferring the most plausible explanations) — drive our capacity to learn and apply rules
that we transfer to new situations. In Part I (Chapter 3), we evaluate precisely these capa-
bilities in language models. Our findings show unexpected patterns: models partially
succeed at tasks such as interpreting figurative language, representing compositional
and non-compositional expressions, as well as inducing the best explanation for few-
shot examples and instructing themselves. However, we also find surprising deficits
arising from over-reliance on surface frequency, poor representation of long-tail phe-
nomena such as idioms, and dissociations between capabilities that are often linked in
humans, such as answering a question and explaining how to answer a question.

These uneven capability profiles point to a deeper issue with how models develop.
Currently, language models undergo an inflexible pipeline from pretraining to posttrain-
ing in which they consume vastly more textual data than humans see in their lifetimes,
yet this approach yields inconsistent results. While some capabilities scale predictably
with model size, others have more unpredictable patterns, scale inversely or suddenly
“emerge”. This suggests that certain capabilities may benefit from specific developmen-
tal conditions, which we can study empirically.

In Part II (Chapter 4), we therefore shift from measuring capabilities to understand-
ing their emergence during training. We first investigate what factors beyond scale pre-
dict performance on downstream benchmarks, discovering that although model size and
data size explain most variation, in all examined benchmarks data composition and other
features can improve predictions of a model’s performance. We then examine the critical
“midtraining” phase between pretraining and supervised fine-tuning, finding that it ef-
fectively serves to “bridge” pretraining and posttraining token distributions, leading to
better in-domain performance as well as reduced forgetting. Finally, we propose decom-
posing complex capabilities into elemental skills whose emergence can be tracked and
accelerated through targeted interventions. Together, these studies reveal that capability
development follows predictable patterns that we can measure and influence.

Finally, Part III (Chapter 5) translates these insights into actionable interventions.
Rather than hoping capabilities emerge from scale or fixing problems post-hoc, we demon-
strate targeted developmental interventions. In machine translation, we show how iden-
tifying and addressing a specific developmental gap (recognizing idiomatic expressions)
can improve performance without collateral damage. Our proposed work extends this
principle to more complex domains: the first proposed work in this section is on decom-
posing repository-level code generation into simpler skills which we can create large-
scale training data for, while the second is on making language model training more
flexible through extending the framework of reinforcement pretraining [65].
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1.1 Thesis Overview

In this section, we detail the contributions in each chapter, and sketch out a timeline for
completing the thesis. We plan to complete the proposed work in the next two years,
with the approximate timeline given in Table 1.1.

* In Chapter 3, we focus on evaluating several capabilities key to reasoning in hu-
mans.

* In Section 3.2, we create resources for evaluating the understanding of novel
tigurative language in English. We test whether models can correctly interpret
metaphorical phrases through a minimal inference task — choosing between
opposing interpretations of novel metaphors. We found that state-of-the-art
LMs of the time performed markedly worse than human performance even
after fine-tuning, suggesting that understanding figurative language repre-
sented a bottleneck in semantic understanding at the time. This may remain
true for low-resource languages now [130], though this has improved consid-
erably in English since the time of this paper [283].

* In Section 3.3, we study the compositionality of phrase representations in lan-
guage models through approximating the composition operation with sim-
pler functions. We find that LM representations are effectively approximated
through affine transformations of the inputs, but that conversely non-compositional
expressions such as idioms and multi-word expressions are not represented
in a non-compositional manner as expected.

* In Section 3.4, we study the relationship between deductive, inductive, and ab-
ductive reasoning in LMs. We present a simple way to improve performance
on structured tasks by having LMs propose and rerank rules underlying in-
context examples, inspired by abductive reasoning. However, we show that
counterintuitively, these general modes of reasoning are not related, and that
despite success on simple tasks, it is difficult to scale abductive reasoning to
difficult tasks such as documenting and translating unknown languages.

¢ In Chapter 4, we instead focus on the acquisition of individual abilities during pre-
training.

* In Section 4.2, we ask what architectural or data-distributional patterns pre-
dict performance across diverse tasks over and above traditional scaling fac-
tors (number of trainable parameters and data size). We rediscover phenom-
ena like the optimal code percentage in pretraining to balance natural lan-
guage reasoning and coding (15-25% and task specific effects such as the neg-
ative impact of web data on truthfulness. This shows that different tasks may
benefit from different types of data and training, rather than uniformly ben-
efitting from scale, and that some counterintuitive scaling like inverse or U-
shaped scaling may be due to data composition or other factors.

* In Section 4.3, we investigate the “midtraining” stage of training between the
end of pretraining and the beginning of posttraining. Through controlled ex-
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periments, we find that midtraining is most effective for domains that are dis-
tant from general web text (such as math and code), when the midtraining
domain aligns with downstream posttraining tasks. Additionally, midtrain-
ing reduces catastrophic forgetting compared to both direct fine-tuning and
continued pretraining, with the timing of specialized data introduction be-
ing more critical than mixture composition. This establishes midtraining as
an effective domain adaptation technique that bridges the distribution gap
between pretraining and specialized posttraining, demonstrating that LMs
benefit from smooth transitions rather than abrupt distributional shifts.

* In Section 4.4, we propose breaking down complex tasks such as factual QA
into a composable set of atomic skills, which are easily evaluable and for
which we can easily generate synthetic data. We propose to study the emer-
gence of these elemental skills and their compositions in training, and show
that we can accelerate the learning of elemental tasks using our synthetic data
and this transfers to real data.

® In Chapter 5, we pivot from diagnosis and understanding to targeted model devel-
opment.

* In Section 5.2, we address a persistent gap in translating non-compositional
expressions such as idioms and multi-word expressions. Through controlled
experiments with the “elemental task” of non-compositional translation, we
find that this skill only emerges with large data volumes. By combining re-
trieval augmentation with loss reweighting for sentences with potentially id-
iomatic expressions, we improve translation of these phrases across three lan-
guages without degrading overall translation.

* In Section 5.3, we propose to break down the task of repo-level coding in order
to improve open-source coding agents. This represents a practical use of the
approach in Section 4.4.Repo-level coding is a long-horizon task that is compo-
sitionally structured, yet has sparse data. This is because naturally-occurring
training data in the form of pull requests with tests is relatively rare, limiting
the training data available. However, the individual steps that go into imple-
menting a feature or bug fix are not necessarily difficult to define, consisting
of skills such as code localization, documentation generation, and refactoring
based on small changes. By defining these elemental skills related to coding,
we can potentially generate a large amount of synthetic data from repositories
on github without natural PRs, and compose these skills to make more com-
plex trajectories. We aim to improve the performance of open coding models
on downstream benchmarks such as SWE-bench [127] and Commit0 [314]
with targeted interventions at the posttraining and midtraining stages.

* In Section 5.4, we propose to make the training pipeline more flexible in the
context of open-ended reasoning domains where verification is subjective or
partial. While recent RL approaches for reasoning succeed in closed domains
with clear correctness signals such as math and coding [99], many real-world



capabilities like scientific reasoning and creative problem-solving lack binary
teedback. We propose to investigate how models can develop autonomous
reasoning improvement through: (1) reinforcement pre-training that encour-

ages exploratory hypothesis formation beyond next-token prediction, (2) graded

reward systems that capture partial correctness and logical coherence rather
than binary truth, and (3) autonomous discovery of evaluative principles
from contrastive examples, akin to in Section 3.4. This approach mirrors how
humans learn in open-ended domains — through self-assessment, hypothesis
testing, and self-selecting learning materials without constant external valida-

tion.
Chapter ‘ Referenced Papers ‘ Status
§3 Testing the Ability of Language Models to Interpret Figura- | NAACL
tive Language 2022
Are Representations Built from the Ground Up? An Empiri- | EMNLP
cal Examination of Local Composition in Language Models | 2022
An Incomplete Loop: Instruction Inference, Instruction Fol- | COLM 2024
lowing and In-Context Learning in Language Models
§4 Not-Just-Scaling Laws: Towards a Better Understanding of | Submitted
the Downstream Impact of Language Model Design Deci- | to EMNLP
sions 2025
Midtraining Bridges Pretraining and Posttraining To be sub-
mitted to
ICLR 2026
Elemental Tasks November
2025
§5 Crossing the Threshold: Idiomatic MT through Retrieval | EMNLP
Augmentation and Loss Weighting 2023
Case study: Developmental training of repo-level code | February
agents 2026
Adaptive Reasoning Development January
2027

Table 1.1: Status of projects in the thesis. Proposed projects are marked in blue and have
a rough (estimated) time of completion, whereas past projects are indicated by their
conference.



1.2 Proposed Timeline

Aug 2025 * Thesis Proposal
Aug-Nov 2025 ) Elemental Tasks (ongoing)
Oct 2025-Feb 2026 ° Case Study: Repo-level Code Agents (ongoing)
May-Aug 2026 ° Summer Internship
Sep 2026-Jan 2027 '3 Adaptive Reasoning Development
Oct 2026—-Apr 2027 ® Job Hunting
Feb-Apr 2027 ) Thesis Finalization
May 2027 ° Thesis Defense




CHAPTER 2

BACKGROUND

Note: This section will be expanded in the final dissertation document.

2.1 The Lifecycle of a Language Model

The dominant approach to training language models typically follows a progression
through increasingly specialized stages. Pretraining involves training autoregressive
language models — which estimate the probability p(y,|y;, ..., y;_1) of each token given
previous context — on massive, diverse web-scale corpora using enormous computa-
tional resources [133]. Supervised fine-tuning (SFT) then narrows the focus to smaller,
curated datasets of instruction-response pairs, teaching models to follow directions and
behave appropriately [202]. Finally, reinforcement learning methods such as RLHF
and RLVR use human preference feedback or Al-generated rewards to fine-tune align-
ment and safety [15, 99], operating at the smallest scale with the most constrained data.
After a model is deemed sufficiently trained — usually after achieving acceptable scores
on standard benchmarks compared to competing models—its weights are frozen and
users query it through inference.

Consider a user asking: “I'm planning a trip to Japan in cherry blossom season. What
are the best places to visit, and when should I book my flights for the best prices?” A successful
response requires the model to integrate diverse knowledge: geographical facts about
Japan, seasonal timing of cherry blossoms, travel logistics, and economic patterns of air-
line pricing. The model must also understand the conversational format, provide a help-
ful structure, and avoid potentially harmful advice. But how exactly does each training
stage contribute to producing such a response?

The general intuitive understanding is that pretraining establishes broad world knowl-
edge (knowledge about Japan and the best places to visit), SFT creates a reliable instruction-
following foundation (ability to respond reliably to the user query rather than simply
writing an article about Japan), and RL alignment refines behavior according to some
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human values (knowledge of general preferences on travel and good ways to format the
response to the query). Each stage provides a stable foundation for the next while pro-
gressively constraining the model’s behaviour. However, this ordering appears to be
driven by both technical stability considerations and computational convenience, rather
than principled understanding of optimal capability development sequences. Moreover,
once deployed, models become frozen at inference time, unable to learn from user inter-
actions. Reasoning models do recover some flexibility through search and other forms
of scaffolding at test time, but the success of test-time techniques is also dependent on
the performance of the base model [252, 288]. This rigid pipeline leaves us with lim-
ited understanding of how specific capabilities emerge, interact, or can be targeted for
improvement. This motivates the need for a more systematic, capability-centered ap-
proach to model development.

2.2 Lessons from Human Cognitive Development

In order to better optimize model development and understand current gaps in capabili-
ties, we need a framework for understanding how complex and generalizable behaviours
develop from simpler patterns in response to the environment. Human cognitive devel-
opment provides such a framework: research has identified core skills such as analogical
reasoning, compositionality, and learning from instructions that enable efficient general-
ization. More importantly, developmental psychology offers methodologies for tracking
how these capabilities emerge, interact, and build upon each other over time. We do not
claim that language models or humans share similarities in how they learn, but it is
worth considering if we can also develop a similar framework for language models that
would motivate targeted improvements.

2.21 Capabilities that enable transfer learning

We focus on a few key capabilities that enable cognitive flexibility in humans, although
this is not an exhaustive list. We focus on language specifically, and highlight how each
capability would be useful for language models.

Analogical reasoning Analogical reasoning is the ability to recognize common struc-
tures across situations,' and to transfer things learned in one situation to another based
on this shared structure [89, 152]. Inlanguage, this is expressed through verbal metaphors.
Although it may not seem essential for language models to possess the ability to reason
analogically beyond just being able to interpret figurative language generated by hu-
mans, it is clear that better analogical reasoning could greatly decrease data needs of
models.

'More precisely, isomorphisms between situations
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Compositionality and idiomaticity Many have argued that cognition in humans de-
pends on composition of mental representations, which is to say that the representations
of more complex phrases, actions, or routines can be formed systematically from simpler
representations [265]. In terms of evaluation, we generally refer to compositional gener-
alization: if a model is able to do task A and is able to do task B separately, it should be
able to do a task that combines A and B [139, 150]. There are many benchmarks that mea-
sure compositional generalization [139, 150], and arguably it remains a major challenge
today even in very strong models [187]. However, language is not always compositional,
and many phrases such as “break a leg” (good luck) cannot be decomposed like this.
Therefore, this poses a dual challenge for language models: they must learn when to
compose meanings systematically and when to treat expressions as non-decomposable
units. Failure to handle non-compositionality leads to literal mistranslations of idioms,
misunderstanding of cultural expressions, and inability to recognize when conventional
meanings override compositional interpretation [58].

Abductive Reasoning and Hypothesis Testing Abductive reasoning involves infer-
ring the rule that best explains observed experience [78, 209]. This type of reasoning
often guides information-seeking behaviour, even in young children [153]. By making
hypotheses and actively testing them, humans can learn efficiently from limited data.
This capability could be valuable for language models, as they could potentially infer
implicit rules from unstructured data and use these inferred rules to guide generation
or further exploration.

2.2.2 Learning and Development

Developmental psychology offers a framework for understanding how complex cog-
nitive abilities emerge from simpler foundations in humans. Systematic investigation
into how children develop cognitively started with Piaget, who proposed that children
progress through discrete stages: sensorimotor, preoperational, concrete operational
and formal operational [211, 212]. Each stage is characterized by distinct ways of think-
ing and characteristic mistakes — for instance in the preoperational stage, children mis-
takenly think that pouring water from a fat, wide glass into a tall, thin glass increases
the volume of water in the glass because they have not internalized the concept of con-
servation of volume.

While Piaget’s discrete stages provided a foundation for the field, modern theories
have moved in a more nuanced direction. Siegler’s ”overlapping waves” theory [249]
proposes that children simultaneously use multiple strategies for problem-solving, with
more advanced approaches gradually becoming dominant rather than suddenly replac-
ing earlier ones. This parallels findings in language models, where multiple solution
strategies can coexist during training, with models initially relying on shortcuts before
eventually developing more general solutions, as seen in phenomena like grokking [217]
and mechanistic studies of emergent generalization [193]. Similarly, Karmiloff-Smith’s
theory of representational redescription [ 134 ] challenges both strong nativist views (that
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modules are prespecified) and pure constructivist accounts (that everything is learned
from scratch). Instead, she argues that development involves making implicit procedu-
ral knowledge progressively more explicit and flexible.

Beyond these general frameworks, we also focus on two general concepts from devel-
opmental science in the context of language models:

Critical periodsin development While some neural pathways are highly plastic through-
out development, while others (mostly those controlling sensory and motor function)
are essentially frozen, with no input from experience [141]. However, most circuits are
somewhere in between — and for these circuits, there is often a critical period in which the
circuit is particularly sensitive to experience, and inputs received can greatly alter the
pattern of connectivity. There are many examples of critical periods: for instance, in the
case of vision, the ability to perceive images in 3D by combining inputs from both eyes
requires early experience with properly aligned binocular vision [56, 121]. For language
development, the ability to process a language proficiently also requires early exposure

to that language [128, 146, 194, 203, 284].

Dynamic interaction with environment Human learners actively shape their learning
through curiosity, hypothesis testing, and self-directed exploration [94, 243]. Current
language model training, by contrast, typically involves static data presentation regard-
less of the model’s emerging capabilities or knowledge gaps. Our proposed work (Chap-
ter 5.4) will investigate how models can move towards more autonomous reasoning in
semi-verifiable domains like scientific hypothesis formation and creative writing.
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CHAPTER 3

LEVALUATING COMPLEX SEMANTIC REASONING

3.1 Background

In this chapter, we evaluate several capabilities that we have previously established are
important from a cognitive science perspective: analogical reasoning through figurative
language (§3.2), dealing with compositionality and non-compositionality in language
(8§3.3), and inducing instructions from in-context examples (§3.4).

Overall, we find that while language models partially implement these mechanisms,
they often exhibit surprising deficiencies and counterintuitive dissociations that differ
markedly from human cognitive patterns.

3.2 Testing the Ability to Interpret Figurative Language

3.2.1 Introduction

When humans encounter metaphorical phrases like “All our words are but crumbs that
fall down from the feast of the mind”[91] they readily interpret the intended meaning
despite the non-literal language. This ability to understand figurative language, which
occurs fairly often in human speech and writing [186], has been viewed as a bottleneck
in natural language understanding [248, 268 |. Figurative language often relies on shared
cultural knowledge that may be difficult to acquire from language statistics alone, pre-
senting challenges for language models trained primarily on text [19].

Most previous work at the time of this work focused on metaphor detection or para-
phrase generation rather than testing genuine interpretive understanding [247, 272]. In
this work, we ask whether language models can correctly make inferences regarding
creative, relatively novel metaphors generated by humans. This task is harder because
(1) inference requires understanding underlying semantics rather than surface patterns,
and (2) our metaphors are novel creations that may not appear in training data. We pro-
pose a minimal task where models choose between opposing inferences from metaphor-
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ical premises, such as determining whether er commitment is as sturdy as oak” im-
1 h as det hether “H t t turdy k”
plies she was “committed” or “uncommitted.”

Paired sentences Possible answers
The pilot flew like a ballet dancer The pilot flew in a (restrained way | creative way)
The pilot flew like a modern dancer The pilot flew in a (restrained way | creative way)
The meteor was as bright as New York City The meteor was (very bright | not bright at all)
The meteor was as bright as coal The meteor was (very bright | not bright at all)
The atom is like a solar system Electrons (orbit the nucleus | are in probability densities)
The atom is like a cloud Electrons (orbit the nucleus | are in probability densities)
He hustles like rent was due three days ago He (hustles hardcore. | doesn’t hustle at all.)
He hustles like he’s a billionaire’s son. He (hustles hardcore | doesn’t hustle at all)
Life is as easy as kindergarten for a high school senior Life is (basic | beyond comprehension)
Life is as easy as kindergarten for a newborn Life is (basic | beyond comprehension)

Table 3.1: Example sentences from the dataset

3.2.2 Dataset Creation and Validation
Crowdsourcing Task

We crowdsourced data from workers on Amazon Mechanical Turk ( details in § A.1).
Workers were asked to generate paired metaphors with different meanings, as well as
literal implications of the two metaphors in context. We instructed workers to try to
generate rare or creative metaphors, namely “metaphors that would not appear often
in text on the internet, books, social media, or news sites, but that can still be easily
understood by people.” Workers were given examples of valid pairs that fit the format,
and examples of invalid ones to discourage errors. Some examples of generated pairs
are shown in Table 3.1.

To help workers, we employ the randomness as genesis and narrow limits of change princi-
ples of Cognitive Load Theory [264]. To add soft constraints, we generate 3 different ran-
dom words to be shown to each batch of workers. However, workers were not required
to use these words, as we wanted to encourage maximum diversity. To ensure that the
random words were metaphorically rich, we selected them based on the metaphorical
frames in Lakoff and Johnson [152].

Data Validation

The dataset was manually validated by three authors of this article. Each author covered
roughly one-third, evenly split between training, validation, and test. Examples were ex-
cluded if they (a) did not make sense given the figurative expression, (b) had grammar
or spelling errors that rendered them unintelligible, or (c) did not follow the format of
the task. Examples of excluded samples are included in § A.2. We collected 13,324 sen-
tences and interpretations from the crowdsourcing task, and 10,256 sentences remained
after filtering.
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Final Dataset

The release version of our dataset contains the named data splits in Table 3.2. The
medium train, dev, and test splits were generated by partitioning the first stage of the
data collected. The large train split additionally contains all the new examples from the
second collection stage, and the small train split is a small random sample.

Train
S M L

200 1,458 8,016 | 1,094 | 1,146

Dev Test

Table 3.2: Examples in each data split

3.2.3 Figurative Language Typologies

In this sample, we perform an analysis of the collected data to demonstrate its trends
and categorize examples for further error analysis. Specifically, we examine (a) subjects,
objects, and relations, and (b) types of common-sense knowledge needed to interpret
the metaphor.

Figurative Language Structure

We note that most metaphors and similes can be characterized by three components,
(S, R, 0), where S is a subject, R is a relation, and O is an object. For instance, “"Her com-
mitment is as sturdy as plywood” can be written (Her commitment, sturdy, plywood).
Interpretation involves inferring an attribute of the subject by extracting a relational at-
tribute from the object [72]. In a simile, R is explicit, whereas it is usually implicit in a
metaphor. The most common subjects, relations, and objects in the medium train dataset
are shown in Figure 3.1. These were obtained by first segmenting the phrases with syn-
tactic patterns constructed from observation, followed by lemmatization and removal of
punctuation and determiners “the”, “an”, “a” and “that”. There are 441 unique subjects,

646 unique relations, and 1,198 unique objects in the medium training set.
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Type of knowledge required Paired sentences

Common-sense (objects) The new mattress is just as comfortable as sleeping on a (cloud/rocks outside)
Visual The professor’s argument had the clarity of a (crystal glass/marine fog)
Common-sense (social) She is as embarrassed as a kid that (forgot homework/got an A)
Cultural The construction was as disastrous as the (1981 musical Cats/The 2019 film based on the musical Cats)

Table 3.3: Metaphor types based on types of knowledge required (not mutually exclu-
sive)
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Figure 3.1: Visualization of 25 most frequent subjects, relations, and objects in the
medium train set.

Common-sense Knowledge Types

Next, we examined the test set to determine the types of commonsense knowledge needed
to interpret metaphors. Through thematic analysis, we devised 4 categories based on
common-sense knowledge, which are not mutually exclusive: common-sense object knowl-
edge, visual metaphors, common-sense social understanding, and cultural knowledge.
The same 3 authors of the paper annotated the test set for these categories, with annota-
tors responsible for separate categories.
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Common-sense object knowledge consisted of metaphors that made reference to
properties of common objects and animals, such as volume, height or mass of objects, or
properties of materials. 68.35% of the test set was found to require common-sense object
knowledge.

Visual metaphors were a subset of common-sense object metaphors, based primarily
on the visual modality, including attributes such as brightness or colour. Some visual
metaphors also sketched a vivid visual scene. These examples comprised 14.73% of the
test set.

Common-sense social understanding examples required knowing how humans would
react in different circumstances or required knowing about human emotions. These ex-
amples comprised 27.55% of the test set.

Cultural metaphors required knowing cultural traditions, works of art/artefacts, or
religion. Due to crowdworkers being recruited from the US, these are centered around
US culture. These examples comprised 16.56% of the test set.

3.2.4 Baseline Models and Evaluation
Auto-regressive Language Models

Auto-regressive LMs generate a probability distribution of the next token given all pre-
ceding tokens. As such, we can directly compute the probability of a sentence by multi-
plying the conditional probability of each token at each time step.

N

P(w,..wy) = p(w,) Hp(w,-lw1---wi—1)
i=2

The ability to directly extract probabilities enables the zero-shot reasoning of these
LMs. For a pair of metaphorical expressions x; and x, with two corresponding interpre-
tations y; and y,, we feed in the concatenation of the metaphor and the interpretation to
the pretrained model without finetuning. We define “forward” and “backward” proba-
bilities assigned to interpretations and figurative language expressions, respectively. For
the forward probability, for figurative phrase x; and correct answer y;, we take

P(x[’ y[)
(x," yi) + P(xi, yj')

P(yi|x,~) = P

since there are only two answer options. From this, we can calculate accuracy when we
take the indicator of P(y;|x;) > 0.5. Similarly for the backward probability (predicting
phrase based on answer), we take

P(-xiayi)
(xj y) + P(x;, ;)

P(xilyi) = P
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with analogous backward accuracy.!

We examine three state-of-the-art large transformer-based LMs of this category: GPT-
2 (with 117M parameters, trained on 40GB of text), GPT-neo (with 1.3B parameters,
trained on 800GB of text) and GPT-3 (4 variants between 350M and 175B parameters,
trained on 45TB on text) [29, 34, 226]. We also examine the performance of these mod-
els after finetuning on the training data. GPT-2 and GPT-neo were trained with a batch
size of 8, with early stopping with patience of 1 epoch, and a minimal hyperparame-
ter search was performed with learning rates le-5 to 5e-5. GPT-3 was trained with the
default parameters of the GPT-3 finetuning APIL.

Masked Language Models

We also evaluate the performance of masked LMs on this task. Unlike auto-regressive
LMs, masked LMs cannot directly output the probability of a sentence, so it is not possi-
ble to directly test the zero-shot performance of these models. Instead, we test the trans-
fer performance by first finetuning them in two ways: on WinoGrande, which is also a
binary choice task based on common-sense reasoning, and on several NLI datasets, in-
cluding SNLI, MNLI, FEVER-NLI and ANLI [196, 237]. The input to the model trained
on WINOGRANDE is formatted as [CLS] [metaphor] [SEP] [answerl] [SEP] [answer2],
and we use an extra linear layer on the [CLS] token embedding to perform the classifi-
cation. In addition to the transfer performance, we also use contrastive fine-tuning by
feeding in each metaphor along with both answer choices, and training the model with
our dataset to classify which answer is correct. For the NLI model, we examine accuracy
using all three labels the model was originally trained with (entailment, neutral, and con-
tradiction), as well as using a forced binary choice paradigm in which the logits for the
contradiction label are subtracted from the logits for the entailment label, and the higher
“entailment score” is the ending the model predicts. We treat these two conditions as the
analog of “zero-shot” for these models.

We examine two masked LMs that are commonly used as baselines on many NLP
tasks: BERT [62], a transformer-based LM jointly trained on the masked LM and next-
sentence prediction objectives, and RoBERTa [169], an improved variant of BERT which
consistently outperforms BERT across most tasks. We use the large variant of both mod-
els (350M parameters). BERT and RoBERTa were finetuned on the medium dataset for
8 epochs with batch size 8, following the setting in [237]. A hyperparameter search was
done with learning rates 5e-6 to 2e-5. Both BERT and RoBERTa were used for the Wino-
grande experiments, while only RoBERTa was used for the NLI experiment.

!In actuality, we use the length-normalized probability that a model assigns to a sentence as a heuristic
for the total probability, to minimize the effect that the length of a sentence has on the decision (though
this is not the probability of the sequence in a strict sense): P(w;..wy) = exp(—% log P(w,...wy)). Initial
experimentation showed marginal differences in accuracy when using these two methods, so we used
normalized probabilities by default.
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Forced-choice Paradigm

Due to the inherent creativity of metaphors, there may be different interpretations of the
same metaphor. For instance, in Table 3.1, the example "he hustles like he’s a billionaire’s
son” could also be interpreted in other ways, for instance “he uses his father’s contacts
and social privileges to make money”. In a structural-mapping context, the forced choice
between two answers constrains the possible meaning of the metaphor to be along one
axis [88]. In this case, it would be whether or not he is required to work hard.

Of course, many of these metaphors have other valid interpretations. In the “billion-
aire’s son” example, another valid axis of interpretation could be the manner in which
he works. For instance, the alternative pair could be “he hustles like he’s a (billionaire’s
son | single mother working three jobs)” with answers “he (uses his contacts and social
privileges to make money | works extremely long hours with multiple ventures to make
money)”. It is possible that LMs could come up with other valid interpretations that are
not the ones originally intended, motivating us to also look at generation performance
in section § 3.2.5.

Human Performance

To estimate the expected human performance on this task, we ran a benchmark on the
test set with 10 human volunteers who were not the authors of the article. The human
annotators were not shown any training examples, so this would be equivalent to the
zero-shot setting for models. Participants ranged from 20 to 29 years old, and there were
5 male and 5 female participants. 5 each were native- and non-native English speakers
respectively. Participants were mainly graduate student volunteers.

We shuffled the test set and split it into 10 partitions of ~115 examples for each anno-
tator. The examples were presented with pairs shuffled and separated, in order to create
a better comparison with model performance.

Due to differences in vocabulary or cultural background, we instructed participants
to mark examples where they weren’t confident, such as those that contained words or
cultural references they didn’t understand.

3.2.5 Results

Inference Results

The first question is whether strong LMs can interpret metaphors at all when presented
with two opposing meanings, in zero-shot or supervised settings. These results are
presented in Table 3.4. The results for masked language models are higher than those
for autoregressive language models, and fine-tuning significantly improves performance
for all models.

’This is the accuracy score when transferring from Winogrande. Pretrained NLI results were 50.47
when using original labels (entailment/contradiction/neutral), and 66.32 when forcing a binary decision.
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Model Zero-shot Tuned (L) Tuned (XL)

GPT-2 53.93 54.80 62.65
GPT-neo 1.3B 56.89 69.98 72.00
GPT-3 Ada 59.08 69.17 73.56
GPT-3 Babbage 62.91 73.97 77.31
GPT-3 Curie 65.35 79.04 81.94
GPT-3 Davinci 68.41 - -
BERT 58.14 83.16 85.69
RoBERTa 66.18> 89.22 90.32
Human 94.42 - -

Human (confident) 95.39 - -

Table 3.4: Zero-shot and finetuned test accuracies (%), finetuned is averaged across 5
seeds. Dev set accuracies can be found on the leaderboard under the “validation” split.

Zero-shot Performance For the zero-shot setting, we examine the test accuracy based
on zero-shot forward probabilities for the GPT models, and the pseudo ”zero-shot” trans-
fer performance for BERT and RoBERTa using models pretrained on the WinoGrande
task [237]. As shown, the GPT-3 models outperform the GPT-2 and GPT-neo models.
Among the GPT-3 models, there is a clear correlation between model size and perfor-
mance, with the largest model (GPT-3 Davinci) achieving the highest zero-shot test ac-
curacy. BERT and RoBERTa achieve accuracy within the range of GPT-3 models. While
our models mostly perform much better than chance in the zero-shot setting, there is
still a large gap of 26 percentage points between our best model and human level perfor-
mance.

Fine-tuned Performance For the fine-tuned setting, all models listed are fine-tuned on
the small data set split. GPT models were trained with language modeling loss, whereas
BERT and RoBERTa are trained with contrastive loss. We did not evaluate fine-tuning
of GPT-3 Davinci due to budget. Overall, fine-tuning significantly improved accuracy
for all models, with GPT-3 models uniformly improving by about 13 percentage points,
and BERT/RoBERTa improving by about 25 points. Our best model after fine-tuning is
RoBERTa, which is within 5% of our human performance.

Prompting We also experiment with prompting methods. First, we use a simple suffix
prompting method, where we simply append the phrase “that is to say” between the
metaphor and the interpretation, which we hypothesized may ”“explain” to the LM that
the previous statement is figurative. We also evaluate the effectiveness of the examples
method, by appending k random correct metaphor/interpretation pairs before the actual
pair we are testing. The results of these experiments can be seen in Figure 3.2. We found
that the suffix method provided a small (1-2%) improvement over the baseline, while
the example method was generally ineffective.
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Backward accuracies Note that the accuracies reported in this section are for the for-
ward direction, and the backward direction is reported in § A.3. Backward accuracy is
lower, with GPT-3 Curie for example having a 7% reduction in accuracy in the zero-shot
case. This suggests that selecting a metaphorical expression to match a literal phrase is
more challenging than the reverse for LMs.

Paired Evaluation Because our dataset is formatted as a Winograd schema, we can
take advantage of group scoring to evaluate models more stringently [68]. We found
that performance for autoregressive models plummeted under this evaluation scheme,
while masked language models also suffered in accuracy. Human scores were the least
affected. Details are in § A.4. This is likely related to the phenomenon found in § 3.2.6.

EEN Zero-shot B Prompting (k = 5) Prompting (suffix)
Emm Prompting (k = 3) B Prompting (k = 10)
Uu.or79o

0.650

0.550
0.525 IIII
0.500

GPT-2 GPT-neo 1.3B GPT-3 Ada

Figure 3.2: Comparison of prompting methods with autoregressive models

Generation Results

Next, we examine if models can generate sensible interpretations for metaphors. Given
the difficulty of evaluating text generation, compounded by the difficulty of figurative
language, we opted for manual evaluation of one tenth of the test dataset using genera-
tions of the strongest auto-regressive model: GPT-3 Davinci (~175B parameters).

The metaphor was given as input to the model, and 4 completions were generated for
each metaphor, with a maximum length of 100 tokens. Completions were also truncated
to the first sentence, as initial experiments showed contradictory statements (e.g. “he
was talented. But he was not very talented”) were often generated across subsequent
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sentences. Suffix prompting was also used because of the lack of context, with “That is
to say, ” appended to each metaphor. Only the first sentence of the output was evaluated.
The temperature parameter was determined through grid search through values [0.2,
0.4, 0.6, 0.8, 1] on a small separate set of metaphors. A human annotator inspected the
generated completions and found that a temperature of 0.4 produced the most correct
results.

Three authors of the article labeled the completions generated by GPT-3 Davinci as
correct, incorrect, or literal. In some cases, there were valid interpretations that were
not the same as the answer given by crowdworkers, which were also marked correct.
If the model simply restated the metaphor with no interpretation, the completion was
marked as literal. Because some metaphors are ambiguous when presented without
context, those examples were not counted. Inter-rater reliability was moderate due to
differing standards for correctness (Krippendorff’s a = 0.5567). The majority vote was
taken between annotators’ judgments.

GPT-3 Davinci’s accuracy, counting literalized metaphors as incorrect, was 50.8%.
Not counting literalized metaphors, the accuracy was 63.9%. In 37.7% of cases, GPT-3
generated contradictory completions among the 4 completions. There was at least one
correct completion for 78.1% of the phrases, but only 19.3% of phrases had all comple-
tions correct. Examples of annotated generations can be found in § A.7.

3.2.6 Performance and Error Analysis

With these results in mind, we examine what kinds of errors models make, and what
factors make the task difficult.. This is covered in Section 3.2.6. We find that autore-
gressive models rely on the predicted probability of each answer by itself to predict the
answer, and that this holds true for all models, before and after training. We find that
models have difficulty in interpreting ”sarcastic” metaphors and sometimes inexplica-
bly interpret very simple metaphors wrong. We also examine error typology according
to the commonsense typology of § 3.2.3 and find that models improve significantly on
object, visual, and social commonsense when trained, but not on cultural commonsense.

Reliance on Probability of Answers

We find that models often rely solely on the predicted probability of answers y, and y, to
make their final predictions, regardless of the context. This led the models to make the
same prediction for the paired sentences in many cases. Figure 3.3 and Table 3.5 show
that this trend improves with fine-tuning, and that GPT-3 is best able to disentangle
the probability of y; and the probability of P(y;|x;), but all three models show a heavy
tendency to predict based on the relative probability of an answer alone.

We hypothesize that this may be one reason why BERT and RoBERTa achieve the best
finetuned performance; they use a contrastive finetuning strategy providing both the
correct and incorrect options as input to the model. On the other hand, the GPT models
were finetuned with only the correct option, making the comparison unfair. One way to
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Model r p
Untrained

GPT-2  0.8128 6.700 x 107136

GPT-neo 0.7891 6.075x 107'%

GPT-3  0.7392 4.329x 1071
Trained

GPT-2 06765 6.700% 10778
GPT-neo 0.6689 1.456x 1077
GPT-3 04157 2598 x 102

Table 3.5: Spearman r-values and p-values between P(y;|x;) and P(y;)

finetune GPT models contrastively is to include both options into a cleverly engineered
prompt, but we leave this as a direction for future work.
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name = gpt2 name = gpt2_trained

1.0

log(P(y_1)/P(y_2)) log(P(y_1)/P(y_2))

Figure 3.3: Models over-rely on predicted probability of the answer by itself to do their
predictions. y-axis is predicted probability of the first interpretation (answer) given
metaphor while x-axis is log odds of the first interpretation.

Other Factors Influencing Correctness

We also examined the influence of several other factors on correctness. The point-biserial
correlation between length of the context phrase and the binary correctness value was
-0.1544 with a p-value of 1.50 x 1077, indicating that longer phrases are harder to in-
terpret correctly. The point-biserial correlation between answer probability and binary
correctness was 0.1840, with a p-value of 3.50 x 107'9, indicating that examples where
the answer was already more probable were more likely to be answered correctly, in
line with our findings that models tended to predict the answer that was already more
plausible alone.

Furthermore, we conducted an analysis on subjects, objects, and relations as defined
in § 3.2.3. We examined accuracy by part of speech patterns in each part of the metaphor,
as well as by wordnet hypernyms present in each part of the metaphor. This is detailed
in § A.5and § A.6 [73]. We used NLTK for POS tagging [174].
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Qualitative Analysis of Error Trends

Common Sense Knowledge We first examine the error tendencies by the type of com-
mon sense knowledge described in § 3.2.3. Table 3.6 summarizes accuracies for these
types of commonsense questions compared to humans.

Model Obj Vis  Soc Cul

Untrained

GPT-2 5217 52.07 55.38 58.42
GPT-neo 56.38 55.62 56.01 62.10
GPT-3 Curie 75.00 71.00 7247 78.42

Trained

GPT-2 5357 5148 57.91 57.37
GPT-neo 70.15 72.78 68.67 70.00
GPT-3 Curie 87.50 84.62 83.86 83.16
BERT 87.37 9231 84.18 77.37
RoBERTa  91.20 94.08 89.56 83.68

Human 9541 96.45 93.99 90.00

Table 3.6: The performance of models across different commonsense categories, in terms
of accuracy on examples annotated with that category (%). The strongest category of
each model is highlighted.

We find that both humans and trained models tend to find object commonsense and
visual commonsense metaphors easier to interpret. We find that as models improve,
most of the performance gain comes from the object, visual, and social commonsense
categories. Interestingly, the untrained models do quite well on cultural examples, but
do not improve much on the culture category when trained. This makes sense, as cultural
examples tend to be quite disparate, so training would not help as much with other
examples.

77

Sarcastic Metaphors For both humans and LMs, many of the errors are “sarcastic
metaphors, such as saying “the girl was as bubbly as still water” to mean "“the girl was
bland”, rather than ”the girl was vivacious”. These sentences can be difficult if the model
or the human focuses on simple word association (bubbly with vivacious) without read-
ing the entire sentence to understand the sarcasm.

Inexplicable Errors We examined the errors made by GPT-3 Curie (trained) and found
that there was little overlap with the errors made by humans. Of the 64 human errors,
13 were also errors made by GPT-3. GPT-3 made many more “obvious” errors, such as
predicting “The ball is a big red sun” to mean “the ball is small” rather than “the ball is
big and red”. This is in contrast to sentences in which humans made errors, which often
contained rare vocabulary or unfamiliar cultural references.
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3.2.7 Related work
Figurative Language Identification

Most existing work focuses on identifying figurative language at the word level. The
VU Amsterdam Metaphor Corpus (VUA) is the largest available corpus of metaphori-
cal language, annotated by humans [259]. Two shared tasks on metaphor identification
have been run [154, 155]. Both have utilized the VUA corpus, and the latter also in-
troduced the TOEFL corpus, sampled from essays written by non-native English speak-
ers [17, 155]. Most participants in the shared tasks used neural models, notably BERT,
RoBERTa, and Bi-LSTMs [27, 81, 155, 219]. These models are generally improved when
augmented with semantic data, such as concreteness and multimodal information.

Another line of work focuses on probing models to determine the extent of metaphor
recognition. For example, BERT assigns higher pseudo-log-likelihood scores to metaphors
than nonsense expressions, and its contextualized representations show some signs of
contextualizing the object domain [208]. Another study uses linear probes trained on
BERT layers to predict whether a word usage is literal or nonliteral, and finds that this
can be done effectively, especially using middle layers as a representation [3],

Despite the utility of these tasks and datasets, they have drawbacks. Most of the
metaphor use is conventional, so this task does not capture novel metaphors well. The
word-level annotation also does not lend itself well to capturing extended conceptual
metaphors. Finally, metaphor interpretation may be a more difficult, although less stud-
ied, task.

Figurative Language Interpretation

Recent studies mostly focus on metaphor paraphrases, either through identification [28]
or generation [179, 247, 260]. However, there has not been as much work done on inter-
pretation as on detection, and framing metaphor interpretation as a paraphrase task may
not capture the emergent meaning of metaphors, such as the intended emotion, or the
interaction of subject, relation and object in the metaphor [188, 268].

Other work has focused on interpreting figurative language in narratives in context,
based on plausible continuations of figurative language such as idioms and similes from
stories [41] or dialogues [122]. This represents a promising direction, and our work fo-
cuses on expanding our understanding of LMs’ ability to interpret non-conventionalized
metaphors.

Other Figurative Language Datasets

We note that there are several other challenging NLI datasets available that contain figu-
rative language, including the DNC corpus and the RTE dataset [42, 214]. Other datasets,
such as RiddleSense, explicitly test models through difficult commonsense inference, in-
volving figurative language [162].

Our work is distinguished by the Winograd schema format, as this format provides a
better guard against the possibility that models have simply memorized common word
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associations that occur in figurative language. Additionally, we specifically instructed
crowdworkers to be creative, and this resulted in longer figurative phrases which require
more detailed commonsense knowledge. It is likely that a fair number of these figurative
phrases have never appeared in any training corpus. However, our figurative phrases
also differ from riddles, as they are not supposed to be difficult to reason about, given
that the source, relation, and object are properly contextualized.

Human Language Processing

Humans typically do not have any more difficulty processing metaphorical statements
in context compared to literal statements [80, 92]. This may be because certain words
serve as a dual reference, that is to say, they simultaneously refer to a physical referent and
an abstract superordinate category [92]. For instance, “shark” may refer to literal sharks
as well as anything that is considered vicious, leading to utterances such as “that lawyer
is a shark”.

Metaphorical language processing has also been studied in second-language learners,
in the case of idioms. In most cases, the meaning of an unfamiliar idiom is inferred from
the context or from word association [38, 54, 293].

As LMs excel at word-association based tasks, this is an encouraging finding. How-
ever, there is still a gap between LM and human performance even in our task, in which
one answer is obviously wrong when the input is correctly understood.

We take into account that these results are for conventionalized figurative language
and that some of the more creative phrases in this dataset may take a longer time to pro-
cess for humans as well. This is especially true for non-native English speakers. How-
ever, the high human accuracy on this task with half the participants being non-native
English speakers suggests that this was not a major barrier.
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[CLS] the dog sits on the sofa [SEP]

@
A

[CLS] the dog [SEP] [CLS] sits on the sofa [SEP]

TR

Figure 3.4: An illustration of the local composition prediction problem with [CLS] rep-
resentations.

3.3 The (Non*)compositionality of Representations

3.3.1 Introduction

Compositionality—the principle that “the meaning of an expression is a function of
the meanings of its parts and how they are syntactically combined” [210]—is argued

to be a hallmark of linguistic generalization [266]. However, some phrases are non-
compositional and cannot be reconstructed from individual constituents. A phrase like

“I own cats and dogs” is compositional, whereas “It’s raining cats and dogs” is not. Lan-
guage representations must handle both compositional construction and non-compositional
exceptions.

Both lack [117, 149] and excess [58] of compositionality have been cited as sources of
errors in NLP models. We focus on localism: whether the representation of a complex
phrase is derivable from its local structure and immediate constituents [11, 117], rather
than substitutivity-based approaches that require contrastive pairs.

We ask whether compositional probes can predict language model phrase represen-
tations from their syntactic children, which phrase types are more compositional, and
whether this aligns with human judgments. Using datasets of 823K Penn Treebank
phrases and human-annotated idiomatic expressions (CHIP), we find that phrase em-
beddings exhibit predictable affine compositional structure, with significant differences
across phrase types. However, human compositionality judgments do not align well
with model representation compositionality, suggesting gaps in how models capture
appropriate compositional structure.
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3.3.2 Methods and Experimental Details
Tree Reconstruction Error

We follow [11] in defining deviance from compositionality as tree reconstruction error.
Consider a phrase x = [a][b], where a and b can be any length > 0. Assume we always
have some way of knowing how x should be divided into a and b. Assume we also have
some way of producing representations for x, a, and b, which we represent as a function
r. Given representations r(x), r(a) and r(b), we wish to find the function which most
closely approximates how r(x) is constructed from r(a) and r(b).

2 1

= in — ) 3.1
/= argmin g 2, Ot (1)
b = (). £ (1(a). F(B) (3:2)

Where X is the set of possible phrases in the language that can be decomposed into
two parts, # is the set of functions under consideration, and d is a distance function. An
example scenario is depicted in Figure 3.4.

For d, we use cosine distance as this is the most common function used to compare
semantic vectors. The division of x into a and b is specified by syntactic structure [49].
Namely, we use a phrase’s annotated constituency structure and convert its constituency
tree to a binary tree with the right-factored Chomsky Normal Form conversion included
in NLTK [174].

Language Models

We study representations produced by a variety of widely used language models, specif-
ically the base-(uncased) variants of Transformer-based models: BERT, RoBERTa, De-
BERTa, and GPT-2 [61, 105, 170, 225].

Representation extraction Let [x(, ..., xy] be a sequence of N + 1 input tokens, where
(@)

x is the [CLS] token if applicable, and x y is the end token if applicable. Let (n?”, ... h 44

be the embeddings of the input tokens after the i-th layer.

For models with the [CLS] beginning of sequence token (BERT, RoBERTa, and De-
BERTa), we extracted the embedding of the [CLS] token from the last layer, which we
refer to as the CLS representation. For GPT-2, we extracted the last token, which serves
a similar purpose. This corresponds to hé] » and hg,z) respectively.

Alternately, we also averaged all embeddings from the last layer, including special
tokens. We refer to this as the AVG representation.

1 N+1 =

(12)

A 3.3
N+1§ ' (3:3)
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Approximating a Composition Function

To use this definition, we need a composition function f. We examine choices detailed
in this section.

For parameterized probes, we follow the probing literature in training several probes
to predict a property of the phrase given a representation of the phrase. However, in
this case, we are not predicting a categorical attribute such as part of speech. Instead,
the probes that we use aim to predict the parent representation r(x) based on the child
representations r(a) and r(b). We call this an approximative probe to distinguish it from the
usual use of the word probe.

Arithmetic Probes In the simplest probes, the phrase representation r(x) is computed
by a single arithmetic operation on r(a) and r(b). We consider three arithmetic probes:*

ADD(r(a), r(b)) = r(a) + r(b) (3.4)
W1(r(a), r(b)) = r(a) (3.5)
W2(r(a), r(b) = r(b) (3.6)

Learned Probes We consider three types of learned probes. The linear probe expresses
r(x) as a linear combination of r(a) and r(b). The affine probe adds a bias term. The MLP
probe is a simple feedforward neural network with 3 layers, using the ReLU activation.

LIN(r(a), r(b)) = a;r(a) + a,r(b) (3.7)
AFF(r(a), r(b)) = a;r(a) + a,r(b) + p (3.8)
MLP(r(a), r(b)) = W3h, (3.9)

Where
hy = o(Wi[r(a);r(b)])
h2 = G(I/I/zhl ),
W, is (300 % 2), W, is (768 x 300), and Wj is (1 x 768). We do not claim that this is the best
MLP possible, but use it as a simple architecture to contrast with the linear models.

3.3.3 Data and Compositionality Judgments
Treebank

To collect a large set of phrases with syntactic structure annotations, we collected all
unique subphrases (> 2 words) from WSJ and Brown sections of the Penn Treebank
(v3) [180]. *

3Ini’cially, we considered the elementwise product PROD (r(a), r(b)) = r(a) © r(b), but found that it was
an extremely poor approximation.

*We converted the trees to Chomsky Normal Form with right-branching using NLTK [174]. We note
that not all subtrees are syntactically meaningful. However, we used this conversion to standardize the
number of children and formatting. We exclude phrases with a null value for the left or right branch [25].
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The final dataset consists of 823K phrases after excluding null values and duplicates.
We collected the length of the left child in words, the length of the right child in words,
and the tree’s production rule, which we refer to as tree type. There were 50260 tree types
in total, but many of these are unique. Examples and phrase length distribution can be
found in § B.1, and § B.2.

English Idioms and Matched Phrase Set

Previous datasets center around notable bigrams, some of which are compositional and
some of which are non-compositional [230, 231]. However, there is a positive correlation
between bigram frequency and human compositionality scores in these datasets, which
means that it is unclear whether models are capturing compositionality or merely fre-
quency effects if they correlate well with the human scores.

Because models are likely more sensitive to surface features of language than humans,
we gathered a more controlled set of phrases to compare with human judgments.

Since non-compositional phrases are somewhat rare, we began with a set of seed
idioms and bigrams from previous studies [122, 230, 231]. We used idioms because
they are a common source of non-compositional phrases. Duplicates after lemmatization
were removed.

For each idiom, we used Google Syntactic NGrams to find three phrases with an
identical part of speech and dependency structure to that idiom, and frequency that
was as close as possible relative to others in Syntactic Ngrams [93].° For example, the
idiom “sail under false colors” was matched with ”distribute among poor parishioners”.
More examples can be found in Table B.3. An author of this paper inspected the idioms
and removed those that were syntactically analyzed incorrectly or offensive.

3.3.4 Approximating a Composition Function
Methods

To approximate the composition functions of models, we extract the CLS and AVG rep-
resentations from each model on the Treebank dataset. We used 10-fold cross-validation
and trained the learned probes on the 90% training set in each fold. The remaining 10%
were divided into a test set (5%) and dev set (5%).°

To fairly compare probes, we used minimum description length probing [277].This
approximates the length of the online code needed to transmit both the model and data,
which is related to the area under the learning curve. Specifically, we recorded average
cosine similarity of the predicted vector and actual vector on the test set while varying

°The part of speech/dependency pattern for each idiom was taken to be the most common pattern for
that phrase in the dataset

%The learned probes were trained with early stopping on the dev set with a patience of 2 epochs, up
to a maximum of 20 epochs. The Adam optimizer was used, with a batch size of 512 and learning rate of
0.512.
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Idiom Matched phrase  Syntactic pattern Log

frequency
Devil’s advocate = Baker’s town JJ/dep/2 NN/pobj/0 2.398
Act of darkness Abandonment of NN/dobj/0 IN/prep/1 4.304
institution NN/pobj/2
School of hard Field of social NN/pobj/0 IN/prep/1 6.690
knocks studies JJ/amod /4
NNS/pobj/2

Table 3.7: Examples of idioms with their matched phrases, selected based on having the
same syntactic pattern and most similar log frequency in the Syntactic Ngrams dataset.
Examples depicted here have the same log frequency. Note that the frequency is based
on the most common dependency and constituency pattern found in Syntactic NGrams.
Humans were asked to rate each phrase for its compositionality.

the size of the training set from 0.005% to 100% of the original.” We compare the AUC
of each probe under these conditions to select the most parsimonious approximation for
each model.

Results

We find that affine probes are best able to capture the composition of phrase embeddings
from their left and right subphrases. A depiction of probe performance at approximating
representations across models and representation types is in Figure 3.5. However, we
note that scores for most models are very high, due to the anisotropy phenomenon. This
describes the tendency for most embeddings from pretrained language models to be
clustered in a narrow cone, rather than distributed evenly in all directions [70, 157]. We
note that it is true for both word and phrase embeddings.

Since we are comparing the probes to each other relative to the same anisotropic
vectors, this is not necessarily a problem. However, in order to compare each probe’s
performance compared to chance, we correct for anisotropy using a control task. This
task is using the trained probe to predict a random phrase embedding from the set of
treebank phrase embeddings for that model, and recording the distance between the

compositional probe’s prediction and the random embedding. This allows us to calcu-
dist
probe

disteontrol
the true representation, and dist, ) is the average distance on the control task. This

quantifies how much the probe improves over a random baseline that takes anisotropy

, where dist

late an error ratio probe

represents the original average distance from

"We look at milestones of 0.005%, 0.01%, 0.1%, 0.5%, 1%, 10% and 100% specifically. This was because
initial experimentation showed that probes tended to converge at or before 10% of the training data. Mod-
els were trained separately (with the same seed and initialization) for each percentage of the training data,
and trained until convergence for each data percentage condition.

30



into account, where a smaller value is better. These results can be found in § B.6. The
results without anisotropy correction can be found in § B.8. In most cases, the affine
probe still performs the best, so we continue to use it for consistency on all the model
and representation types.
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Figure 3.5: Mean compositionality score (cosine similarity) and standard deviation of
each approximative probe across 10 folds. Error bar indicates 95% CI.

We also compare the AUC of training curves for each probe and find that the affine
probe remains the best in most cases, except RoOBERTar; g and DeBERTacg. Training
curves are depicted in § B.3. AUC values are listed in § B.9.

Interestingly, there was a trend of the right child being weighted more heavily than
the left child, and each model/representation type combination had its own characteris-
tic ratio of the left child to the right child. For instance, in BERT, the weight on the left
child was 12, whereas it was 20 for the right child.

For example, the approximation for the phrase “green eggs and ham” with BERT
[CLS] embeddings would be: ro; ¢("green eggs and ham”) = 12ry; ¢("green eggs”) +
20rcs(”and ham”) + B.

3.3.5 Examining Compositionality across Phrase Types
Methods

Intuitively, we expect the phrases whose representations are close to their predicted rep-
resentation to be more compositional. We call similarity to the expected representation,
sim(r(x), f(r(a), r(b))), the compositionality score of a phrase.

We record the mean reconstruction error for each tree type and report the results. In
addition to comparing tree types to each other, we also examine the treatment of named
entities in § 3.3.5. We examine the relationship between length of a phrase in words and
its compositionality score in § 3.3.5.
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Results

There is a significant difference between the mean compositionality score of phrase types.
Particularly, the AVG representation assigns a lower compositionality score to NP —
NNP NNP phrases, which is expected since this phrase type often corresponds to named
entities. By contrast, the CLS representation assigns a low compositionality score to NP
— DT NN, which is unexpected given that such phrases are generally seen as compo-
sitional. The reconstruction error for the most common phrase types is shown in Fig-
ure 3.8.

Because different phrase types may be treated differently by the model, we examine
the relative compositionality of phrases within each phrase type. Examples of the most
and least compositional phrases from several phrase types are shown in Table 3.8 for
RoBERTacg. Patterns vary for model and representation types, but long phrases are
generally represented more compositionally.

Phrase type Most compositional Least compositional

PP — IN NP ("of”, "two perilous day spent among (”of”, “September”)
the planters of Attakapas, ...)
("of”, ”the cloth bandoleers that (”like”, “the Standard & Poor s 500”)
marked the upper part of his body ...)

S — NP-SB] (”him”, "to suggest it’s the difference (”other things”, “being more equal”)
VP between the ‘breakup’ value ...)

(”it”, "was doing a brisk business in (”less”, ”is more”

computer power-surge protectors ...”)

NP — NNP ("M.”,”Bluthenzweig”) ("Edward”, “"Thompson”)
NNP
("Dr.”, "Volgelstein”) ("Alexander”, “Hamilton”)

Table 3.8: Phrases rated most and least compositional using RoOBERTac; g representations,
from several syntactic phrase types. ”...” indicates that a phrase continues but is too long
to display. Long phrases and abbreviated names tend to have a higher compositionality
score.

Named Entities We used SpaCy to tag and examine named entities [114], as they are
expected to be less compositional. We find that named entities indeed have a lower com-
positionality score in all cases except RoBERTa( g, indicating that they are correctly rep-
resented as less compositional. A representative example is shown in Figure 3.6. Full
results can be found in § B.11. We break down the compositionality scores of named
entities by type and find surprising variation within categories of named entities. For
numerical examples, this often depends on the unit used. For example, in RoBERTa pyq
representations, numbers with “million” and ”billion” are grouped together as composi-

aaid i

tional, whereas numbers with quantifiers (“about”, “more than”, “some”) are grouped
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DRAFT

together as not compositional. The compositionality score distributions for types of
named entities are presented in Figure 3.7.
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Figure 3.6: Density plot for compositionality scores of named entities and non-named-
entities with RoOBERTa yy representations. Higher means more compositional.
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['CARDINAL']
['DATE']
['FAC']
['GPE']
['LAW']
['LOC']
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['QUANTITY']
['TIME']
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Figure 3.7: Density plots for compositionality scores of different named entity types with
RoBERTa yy representations. Higher means more compositional.
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Figure 3.8: Tree reconstruction error (cosine distance) for each parent phrase type
present in the Treebank, ordered from highest mean error to lowest. Based on the affine
approximation for each model and representation type. Expanded version with all tree
types is presented in § B.10.

Examining Compositionality and Phrase Length There is no consistent relationship
between phrase length and compositionality score across models and representation
types. However, CLS and AVG representations show divergent trends. There is a strong
positive correlation between phrase length and compositionality score in the AVG rep-
resentations, while no consistent trend exists for the CLS representations. This indicates
that longer phrases are better approximated as an affine transformation of their sub-
phrase representations. This trend is summarized in § B.4. All correlations are highly
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significant.

3.3.6 Comparing Compositionality Judgments of Humans and Mod-
els

Methods

Human Annotation Human annotators assigned labels to each phrase in the matched
dataset from § 3.3.3: 1 for not compositional, 2 for somewhat compositional, and 3 for
fully compositional. They could also decline to answer if they felt that the phrase didn’t
make sense on its own. Furthermore, they were asked how much each subphrase (left
and right) contributed to the final meaning, from 1 for not at all, to 3 for a great deal. The
Likert scale of 1-3 was chosen based on analysis of previous compositionality annotation
tasks, which found that extreme values of compositionality were the most reliable [229].

Initially, six English-speaking graduate students were recruited. The six initial anno-
tators all annotated the first 101 examples and the subset of three annotators with the
highest agreement who agreed to continue (Krippendorff a = 0.5750) were recruited for
the full study, annotating 1001 examples. For the full study, the agreement was higher
(a = 0.6633). We took the mean of compositionality judgments to be the final score for
phrases. The instructions shown to annotators are in § B.7. Examples judgments from
an annotator can be found in Table 3.9.

Phrase Idiom Judgment Subphrase contribution

Making heavy weather  Yes 1 - Not compositional Making: 1 - Not at all
Heavy weather: 2 - Somewhat

Chief part No  2-Somewhat compositional Chief: 2 - Somewhat
Part: 3 - A great deal

Portrait of Washington ~ No 3 - Fully compositional Portrait: 3 - A great deal
of Washington: 3 - A great deal

Table 3.9: Example judgments of one annotator on the pilot set. Annotators were asked
to rate each phrase from 1 to 3, where 1 meant not compositional and 3 meant fully com-
positional. They were also asked how much each subphrase contributed to the meaning.

Model Comparison To compare human judgments to model compositionality scores,
we use the best trained approximative probe for each model and representation type to
predict a vector for the full phrase based on its left and right subphrases (taking the
probe trained on the first fold). We use cosine similarity to the expected representation
as the measure of how compositional a phrase is for a model and representation type.

We take the Spearman correlation between model compositionality scores and hu-
man compositionality judgments and observe differences between human judgments
and compositionality scores from model representations.
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Results

Correlation with human judgments There is a weak correlation between model and
human compositionality scores. The most promising trend is found in RoBERTa, where
both CLS and AVG representations have a significant positive correlation with human
judgments. Results are in Table 3.10, with corrected p-values [113].

Model and Spearman p-val

representa- p

tion

BERT 5 -0.02308  0.9915

RoBERTa¢; g 0.1913 9.7934 X
10—8*

DeBERTac; s 0.01466 0.9915

GPT-2), 0.009428  0.02654*

BERT 0.1283 8.594 x 107**

RoBERTa,y;  0.1386 2.782x 107#*
DeBERTa,c  -0.03819  0.7792
GPT-2vc -0.04598  0.6987

Table 3.10: Spearman correlation between human judgments of compositionality and
compositionality score generated by different model and representation combinations.
P-values are corrected for multiple comparisons with the Holm-Bonferroni correction.

Subphrase Contribution Test Annotators indicated to what extent they believed each
part of the phrase contributed to the final meaning. We examined examples in which
annotators rated one part of the phrase, for example g, as contributing more to the final
meaning, and checked how often d ., (r(x), r(a)) > d,,,(r(x), r(b)). Models do surprisingly
poorly at this test, with most performing below chance. Results are presented in Ta-
ble 3.11. An error analysis on RoBERTa ,y indicated that in many cases, errors were
due to idiomaticity failures. For example, “noble gas” is a type of gas that was rated as
being more similar to “gas” by humans, but “noble” by RoBERTa.?

Idiomaticity Test Because idioms were matched with non-idiomatic expressions, we
tested for correctly identifying the idioms. We limited the analysis to pairs where the id-
iomatic expression was rated as less compositional than the matched expression. Results
are shown in Table 3.11. Results are better than the subphrase contribution test, but mod-
els do not achieve good results, the best performing representation being RoBERTac s.

Vi

8Similar errors were made for phrases such as “grandfather clock”, “as right as rain”, “ballpark esti-
mate”. A ”grandfather clock” is a type of clock, “as right as rain” indicates that something is alright, and
a "ballpark estimate” is a rough estimate.
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Model and representation ~Subphrase accuracy

BERT; g 49.71%
ROBERTaCLS 45.91%
DeBERTac g 45.61%

GPT-2,4 43.86%

BERT sy 52.92%
RoBERTa pyg 45.03%
DeBERTa pyq 46.20%

GPT-2zvq 45.32%

Idiomatic accuracy
ROBERTaCLS 60.03%
DeBERTac g 56.67%

GPT-2,4 59.15%

BERT sy 57.57%
DeBERTa g 45.77%

GPT-2 5y 48.42%

Table 3.11: Accuracy of model representations on the subphrase test and idiomaticity
test.

Correlations with Other Factors We examine correlations of model and human com-
positionality scores with the frequency and length of the phrase in words. As noted
before, there is a strong correlation between length and compositionality score in mod-
els but not in human results. Results are in § B.12. A comparison of phrases rated as
most and least compositional by humans, as well as RoBERTa, is presented in Table 3.12.
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Model Most composi- Least compo-

& rep- tional sitional

resenta-

tion

Human  “population "gravy train”
growth”
“few  weeks ”shrinking vi-
away” olet”
“railroad “revolving
monopoly” door syn-

drome”

RoBERTac;stwo  small “worse than

sticks” none”

“dark glass “cases apart”
bottle”

“annual mu- “arch’d eye-
sic festival” brow”

RoBERTaydook  with  “advertisement

open eyes” revenue”

"be of equal “taking it
importance”  upon oneself”
“come after ”all paces”
breakfast”

Table 3.12: Most and least compositional phrases in CHIP by human judgments and
RoBERTa compositionality scores. Human scores are the average of 3 annotators.

3.4 Abductive Reasoning

3.4.1 Introduction

Suppose a friend teaches you to cook by heating olive oil and adding garlic. When you
later cook without olive oil, you hypothesize that oil prevents burning and substitute but-
ter instead. This exemplifies abductive reasoning—inferring the rule that best explains
your experience [78, 209]. Alternatively, your friend could have given you explicit in-
structions (deductive reasoning) or you could have relied on remembered examples
without explicit reasoning (inductive reasoning).

These reasoning types have close analogues in language model steering: instruction
following (conditioning on explicit commands), few-shot prompting (learning from
examples), and instruction inference (generating textual commands from examples be-
fore prediction). However, it remains unclear when to prefer each approach and how
these capabilities relate in current models.

We examine these questions through numerical function learning and translation
tasks, asking: (1) When does instruction inference improve over few-shot prompting?
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Figure 3.9: Diagram of abductive reasoning for an LM. Red arrows show data flow in in-
ductive reasoning (few-shot prompting), while blue arrows show data flow in deductive
reasoning (instruction following). Black arrows indicate data flow unique to abductive
reasoning (instruction induction). Instruction inference generally improves on few-shot
prompting and zero-shot chain of thought. However, success at inductive reasoning and
success at instruction inference are not related.

Reasoning type  Analogue in LMs Citations

Deductive Instruction following Sanh et al. [239], Wei et al. [285]
Inductive In-context learning Brown et al. [35]

Abductive Chain-of-thought (one hypothesis) Kojima et al. [142], Wei et al. [290]
Abductive Externally aided instruction inference (many hypotheses) ~ Qiu et al. [223], Wang et al. [280],

Yang et al. [302], Zhu et al. [316],

Abductive LM-guided instruction inference (many hypotheses) This paper

Table 3.13: Summary of reasoning types and analogues in language models. Citations to
instruction following, in-context learning, and chain-of-thought are limited to the origi-
nal paper due to the high number of papers on these topics, while we have tried to list all
currently available papers on instruction inference (for abductive reasoning) with LMs.

(2) How do deductive, inductive, and abductive reasoning abilities relate? We find that
instruction inference helps in simple cases but struggles with complex tasks due to in-
correct hypotheses. Critically, abductive reasoning ability (proposing hypotheses) is
generally unrelated to inductive reasoning (few-shot learning), while deductive reason-
ing shows strong performance when correct hypotheses are provided. These results
highlight the diverse reasoning mechanisms triggered by different prompts in current
language models.

3.4.2 Three Types of Reasoning in Language Models

We first give a formal definition of instruction following, in-context learning, and in-
struction inference, relating these processes to deductive reasoning, inductive reasoning,
and abductive reasoning respectively. (Other ways of interacting with LMs may also
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evoke one or more of these forms of reasoning, but we focus on important and widely
used prompting strategies.) Figure 3.9 gives a schematic of the reasoning loop, while
Table 3.13 gives examples of work falling in each category.” Throughout this section, we
assume that we have an input x, and we want to produce an output y with an autore-
gressive LM conditioned on some additional piece of data D that specifies the target task:
prm (v | x, D). We use in-context learning of linear functions as a running example.

3.4.3 Instruction Following

In instruction following, we want to map each input x to a y according to a general in-
struction or prediction rule D that is specified in the input. This may be viewed as a
kind of deductive reasoning, which in begins with one or more premises, and applies
logically valid rules to reach a conclusion [245]. For instance, the instruction D might
name a general function, such as Apply this function to the input: y = 5x + 3, followed by
a specific query: Input: -3. This is illustrated in Figure 3.9.

3.4.4 Few-Shot Prompting

Few-shot prompting, by contrast, specifies the target task implicitly through examples.
For each input x, the task specification D consists of a set of k training examples D =
{(x1,¥1)s s (X, ¥i) }. We then sample from py (v | x, D). Few-shot learning requires LMs
to perform inductive reasoning [104]. Unlike deductive reasoning, there is no explicit
premise stated, but the model must complete the task in a similar way to the examples.
In Figure 3.9, this is pairs of inputs and outputs, i.e. Input: 5, Output: 28. These examples
help specify the task as a numeric prediction task, as well as the identity of the specific
target function.

3.4.5 Instruction Inference

Instruction inference connects instruction following and in-context learning: given ex-
amples D = {(x;,y;) }f.‘z , and input x, we can instruct the model to generate a hypothesis
h about the identity of the task, i.e. an instruction describing the task associated with
D. We may sample one hypothesis and immediately condition on it (a form of chain-of-
thought prompting), or sample several and select the most promising one.

Compared to chain-of-thought, fewer studies have explored multi-hypothesis instruc-
tion induction; those that do typically rely on an external validation model rather than
using the LM itself to evaluate. Our approach (in §3.4.6) has the following high-level
form: after sampling n hypotheses Ay, ..., h, from p;\;(h | t, x), we evaluate each hypoth-
esis by assigning a score score(h;, ) based on the hypothesis and in-context examples.

“We note that there is some disagreement in the philosophy literature about the exact distinction about
inductive and abductive reasoning. Here we use commonly-cited definitions, which happen to distinguish
in-context learning from the more explicit process of verbalizing and testing hypotheses.
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We choose the best one 4™ = arg max score(h;, D), and feed it back into the context as an
instruction.!’

Abductive reasoning is often called “inference to the best explanation” [66, 165]. Sup-
pose that the model generates the hypotheses shown in Figure 3.9. We may parse hy-
potheses and apply them back to the in-context examples, then ranking them by predic-
tion error. Then the model simply has to follow the instruction as in Section 3.4.3.

3.4.6 Methods

We describe the implementation of instruction inference with multiple hypotheses in
this section. As the other settings (few-shot, zero-shot chain-of-thought, etc) are already
well understood, we do not explain them further, but include the exact prompts used to
implement methods in Appendix C.2, C.6, and C.10.

Instruction inference [Abduction with many hypotheses] After generating n hy-
potheses # = {hy, ..., h,}, we explore methods for reranking them. For all experiments,
n = 5. Generally, these reranking methods capture “fit” to training data. External val-
idator reranking was used only in the functions domain (see Section 3.4.9). The other
reranking methods used a language model. Given scores of each hypothesis, we choose:

h* = argmaxscore(h;, D;) .
h,ex

Settings with instruction inference are referred to collectively as instruction_inference.
We detail the score functions below:
Verbalized confidence We directly prompt the model to estimate the probability
of the hypothesis given D;. scorey,p,,(h;, D;) is set to the model’s probability estimation.
P(data) We use a separate LM, !! to generate log probabilities for in-context exam-
ples given the hypothesis. scorepgata)(h;. D;) is the sum of log-probabilities of tokens of
D,.
P(answer) Thisis similar to P (data) and uses the same template, but scorep answer) ;> D;)
only sums log-probabilities of tokens in answers y; in the in-context examples.
External validator For structured hypotheses, it is possible to parse them and ap-
ply them back to in-context examples, with the score as the negative error. It may not be
possible to parse all hypotheses, if they are in natural language or inconsistent formats.

3.4.7 Domains and Evaluation

We investigate LM behavior in three domains: linear function inference, an artificial lan-
guage learning task, and vocabulary + typological feature learning in the Kalamang

10Geveral recent papers have recently proposed similar processes, but called this inductive reasoning.
We believe that abductive reasoning may be a more apt term in any process that includes hypothesis
evaluation and selection. See ?? for more discussion.

Ntext-davinci-002 was used as the logprobs-generating LM for all models.
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Domain In-context examples (D;) Query exam-  Expected answer (y;) Hypothesis example (4;)

ple (x;)

Functions (-10,-213), (9, 167), (4, 67), ... 15 287 F(x)=20x—13
Colours (lug dax, blue green), (lug zup, blue yel-  lug walm dax  blue blue blue green green lug — blue

low), (lug bluf, blue blue), ... bluf
Kalamang vo-  (That is their place., Tompat ma me  Sakina is  Sakina sarimara lawat. guava — sarim
cab (ek) muin), (I'm getting pandandus, Iwantto  pouching

make a mat.), ... guavas.
Kalamang " - - Order of subject and verb:
grammar SV

(ek)

Table 3.14: Examples of in-context examples, queries, and hypotheses in each domain.

language. We refer to the underlying task we would like to improve (output predic-
tion, translation) as the base task, and the task of inferring an explicit natural language
hypothesis from few-shot examples as the abductive task. Examples of each task are
in Table 3.14. We also evaluate hypotheses themselves in each domain. For the exact
prompts used in each domain, refer to Appendix C.2, C.6 and C.10. Models used across
all domains consisted of gpt family models (gpt-3.5-turbo; 35, gpt-4-turbo, 200) and
1lama family models (1lama-2-7b-chat, 11ama-2-70b-chat, 270).

3.4.8 Linear Functions

Following investigations of language models” in-context learning abilities [6, 84], we
construct a dataset of 40 linear functions f(x) = ax+ b, where a and b are uniformly sam-
pled from the integers [-20, 20], along with 5 test examples for each function, yielding
200 test examples. For each test example, we randomly generate 5 in-context examples of
the function (x;, y,~)l.5=1 and one test example. The test example and inputs for in-context
examples are also uniformly sampled from the integers [-20,20]. We refer to this as the
functions domain. Prompts used are given in § C.2.

Hypotheses In this domain, hypotheses are proposed using all in-context examples
for each test example. The model was presented with functions (and instructed to write
them) in the form y = ax+b. For external validator reranking, we parse the generated
hypothesis, and score it by its negative mean-squared error (MSE) when applied to the
in-context examples.'? If h,(x;;) represent executing the parsed hypothesis represented
by h; on example x;;:

k
Sground_truth(hi’ D)) = Z(hi(xij) - f(xij))z
=1

Evaluation To evaluate the base task, we use 0-1 accuracy, as well as median squared
errors. To evaluate hypotheses, we examine the accuracy of model-proposed a and b

121f a model produced an unparsable hypothesis (for instance, I don’t know, or a generic answer like y =
ax + b), that hypothesis was assigned a score of —co.
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coefficients, as well as the Spearman correlation between proposed coefficients and the
ground truth.

3.4.9 Simple Artificial Languages

Inspired by compositional instruction-following datasets, we generate a simple dataset
where the inputs are nonce words such as [ug, and the outputs are colour terms such as
blue [148,151]. We call the expanded dataset the colours domain. The ruleset for this do-
main can be found in § C.5. We generate 200 test examples and 800 training examples.'®
Prompts used are in § C.6.

Hypotheses Following the original miniscan, we create a fixed minimal set of 5 in-
context examples that contains each nonce word at least once, and from which the mean-
ing of each nonce word can be reasonably inferred. During instruction inference, we
isolate one nonce word at a time from the sentence, and have the model try to induce
the vocabulary mapping for that word from 5 retrieved in-context examples containing
that word. The ground truth grammar was written by the author, and consisted of pro-
duction rules for each nonce term. Prompts used in the abductive and base tasks can be
found in § C.6.

Evaluation We also use 0-1 accuracy to evaluate the base task of nonce word transla-
tion, as well as corpus-level chrF [215]. To evaluate the quality of the hypotheses them-
selves, we extract the production rules proposed by models and compare 0-1 accuracy
against the ground truth. As a lenient evaluation on the “repeat” terms (see § C.5 for
nonce terms and meanings), we marked a hypothesis for “repeat” terms as correct if it
contained the term repeat or the numerals 2 and 3 respectively.

3.410 Kalamang Translation

For low-resource translation, we use the Machine Translation with One Book (MTOB)
dataset, an English-Kalamang dataset with a grammar book [267]. Kalamang is an ex-
tremely low-resource language with fewer than 200 speakers, and virtually no text on
the web. The base task is to perform sentence-level translation in both directions, while
the abductive task is to infer correct grammar features and vocabulary mappings. The
dataset consisted of 100 test sentences (50 in each direction) and 400 train sentences. A
ground-truth bilingual dictionary was provided [276]. A grammar book was included
as well, but to check correctness of high-level grammar inferences, we compiled a high
level grammar sketch instead from WALS and GramBank features [67, 251]. More de-
tails about the grammar sketch can be found in § C.11. Otherwise, we use the same
experimental settings as the baseline, summarized in § C.9.

Hypotheses We split hypotheses into vocabulary and grammar. The ground truth
instruction included retrieved examples from the wordlist and the grammar sketch. To
induce the grammar sketch, we posed each grammar feature as a question, for instance:

3We generate this dataset instead of using the original miniscan to mitigate memorization of the original
nonce words, as well as to gain more test examples, as the original dataset has only 10.
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Domain Deductive Abductive Hypothesis Abductive
reasoning reasoning proposal reasoning
works on works on works on related to

average average average inductive

reasoning
Functions v v X X
Colours v X
Kalamang w X X X

Table 3.15: Summary of results. A checkmark indicates that the property held for all or
almost all language models, a half-checkmark indicates a partial success for all or almost
all language models, while an X-mark represents lack of success for most language mod-
els.

What is the order of subject and verb in Kalamang?, and sampled 5 sentence pairs at a time
with the requisite parts of speech until the model proposed an answer to the question.
If the model responded that it was unclear, this would repeat up to a maximum of 10
iterations. We only performed this process once, for GPT-3.5-turbo and GPT-4-turbo
respectively. Each model used its self-induced grammar sketch at test time.!* For vocab-
ulary induction, we followed a similar process as in the colours domain.'”

Evaluation We use corpus-level chrF. To evaluate the grammar sketch and vocab-
ulary induction, we respectively compare to the ground truth wordlist and grammar
sketch.

3.4.11 Results

In this section, we first evaluate models’ concrete performance across different domains.
We highlight the significant improvement instruction inference offers in some cases in
synthetic tasks, yet despite this, improvements are not uniform across tasks, and not
attested in challenging domains like Kalamang. Our analysis also highlights an incon-
sistent correlation between the quality of generated hypotheses and few-shot learning
success, meaning that the ability to generate or follow instructions doesn’t reliably pre-
dict task mastery or vice versa. These results (Table 3.15) suggest that while structured
instructions can boost performance in simpler scenarios, their impact is less predictable
in complex settings. Furthermore, the relationship between instruction induction, in-
struction following, and in-context learning is complex, and each capability may rely on
separate unknown aspects of model architecture, training procedures, or data.

4L1ama-2 models were found to be unable to propose grammar features with our prompts, so we used
the GPT-3.5-turbo induced grammar sketch for these models.

For Kalamang, due to computational costs, we cache the first parseable hypothesis proposed for each
word and reuse it on subsequent sentences containing that word.
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3.4.12 When Does Instruction Inference Improve Over In-Context Learn-
ing?

How effective is using the true instruction? In the domains we study, the ground-truth
instruction tends to yield accurate results. Figure 3.11 displays mean accuracy in the lin-
ear functions and colours domains over six trials, sampled at different temperatures (see
§ C.1) for details. Notably, in linear functions (3.11A), GPT-4-turbo’s accuracy increases
to 96% from a baseline of 30%, with GPT-3.5 also notably improving. In the colours do-
main, (3.11B), we see the true instruction also helps all models except for L1ama-2-7b.
However, this trend does not extend to the Kalamang task, where most models strug-
gled to leverage the provided wordlist and grammar sketch effectively, indicated by chrF
scores in Figure 3.12.

How effective are models” induced instructions? Self-generated instructions also
improve on the baseline in many cases, with variations by domain. In linear functions,
models” hypothesis induction markedly surpasses the few-shot baseline, with both the
verbalized confidence and log-probability based reranking methods yielding compara-
ble improvements (see Figure 3.11A again). For the colours domain (3.11B), instruc-
tion inference benefits performance, though not as strongly as in linear functions. chrF
scores follow a similar trend, and are depicted in § C.7. Interestingly, for gpt-4-turbo
and Llama-2-7b, using the models’ self-proposed hypotheses benefits performance more
than using the ground-truth grammar for the colours language, despite the fact that self-
proposed are not always correct. Unlike the two synthetic domains, inducing grammar
and vocabulary items for Kalamang does not improve translation metrics in most cases.

3.4.13 How Does the Ability to Induce Instructions Relate to In-Context
Learning?

How accurate are model-generated hypotheses? In assessing accuracy of models’ self-
generated hypotheses across different domains, our findings reveal significant variations
in accuracy. In the linear functions domain, we plot hypotheses generated by two mod-
els in Figure 3.10, and list the Spearman p [257] as well as p-values of model-predicted
coefficients in Table 3.16. GPT-3.5-turbo and GPT-4-turbo’s proposed coefficients are
positively correlated with the real coefficients, and this is statistically significant. How-
ever, this level of accuracy is not observed with Llama-2 models, indicating a disparity
in model capabilities. In the colours domain, most models, except GPT-4-turbo, tend to
generate inaccurate hypotheses. The exact accuracy of proposed hypotheses for colours
is shown in § C.8. Mappings of simple vocabulary items such as lug tend to more accu-
rate, with GPT-4-turbo achieving an 87% mean accuracy for hypotheses about this word.
On the other hand, the difficulty increases with the terms which involved repeats, with
GPT-3.5-turbo only achieving a 15% mean accuracy on bluf, the “repeat twice” term.
However, when extending these analyses to Kalamang, all models” performance in
predicting grammar features is relatively poor, with GPT-3.5-turbo predicting 5/18 and
4/18 features correct respectively. § C.12 shows the correctness of each grammar feature.
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Figure 3.10: Real coefficients of linear functions and relationship to hypothesized coef-
ticients for GPT-3.5-turbo and GPT-4-turbo. Remaining models can be found in § C.4.
The x-axis has been truncated for visualization purposes (as there are some large outlier
hypotheses). GPT-4-turbo is able to induce a reasonable function in-context, but other
models struggle.

Model b corr. b p-val acorr  ap-val
GPT-3.5-turbo 027  50x107° 056 2.7x107%
GPT-4-turbo 0.85 22x10722 091 0.0
Llama-2-7b  -0.0069 0.90 0.14 0.0081
Llama-2-70b 0.14 0.060 -0.018 0.82

Table 3.16: Spearman correlation and p-values of true vs predicted coefficients for each
model in the functions domain.
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gpt-3.5-turbo gpt-4-turbo Llama-2-70b-chat-hf Llama-2-7b-chat-hf
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Figure 3.11: Accuracy of models in synthetic domains with and without hypothesis gen-
eration. Error bars indicate standard error. The top row shows results for the functions
domain, while the bottom row shows results for the colours domain. Results are aggre-
gated across 6 runs, and zero values are marked with ‘0".

Vocabulary induction accuracy is also generally low, falling between 10-20% for most
models in both the English to Kalamang as well as Kalamang to English directions. See
§ C.13 for details, as well as averaged segment-level chrF for the vocabulary hypotheses.

Is abductive reasoning related to in-context learning ability? In our final analysis,
we examine whether the ability to induce correct instructions correlates with success in
in-context learning. Specifically, we focus on the final hypotheses selected by the gpt
model family, given that many hypotheses generated by 11ama models were incoherent
or not formatted correctly. We use the point-biserial correlation [207] to assess the rela-
tionship between the accuracy of a model’s final hypothesis and its success in in-context
learning.

In linear functions, we examine GPT-3.5-turbo because of GPT-4-turbo’s consistent
accuracy in selecting correct hypotheses.!® The analysis reveals a chance-level agreement
(0.0013), suggesting GPT-3.5-turbo may be able to predict outputs without identifying
the underlying function well, or vice versa. This reveals a dissociation between predic-
tion accuracy and instruction induction.

In the colours domain, we examine both gpt models and conduct a similar analysis
for each nonce word. We divide the test examples into examples containing each word,
and examine the point-biserial correlation between accuracy of induced word meanings
and correct translations in the few-shot context. This correlation is generally low, and few
p-values are significant after correcting for multiple comparisons with false discovery
rate (FDR) [21]. See § C.8 for details.

In Kalamang, we repeat the process of computing point-biserial correlation between
vocabulary induction correctness with segment-level chrF in the few-shot translations.

1This means agreement cannot be computed with the point-biserial correlation.
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Unlike the other domains, there is a small positive correlation between correct vocabu-
lary hypotheses and chrF in gpt models. See § C.13 for details. We note that chrF is a
more fine-grained measure than accuracy, and the initial scores were low enough that
copying some correct vocabulary items may have had a slight impact on otherwise com-
pletely incorrect translations.
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Figure 3.12: chrF scores for Kalamang under different methods, in English to Kalamang
direction (top row) and Kalamang to English direction (bottom row)

3.4.14 Conclusion

We have examined the interplay between deductive, inductive, and abductive reasoning
in LMs through the tasks of hypothesis proposal, in-context learning, and self-generated
instruction following. Across three domains (linear function learning, artificial language
translation, and Kalamang translation), we show that instruction inference is able to im-
prove over few-shot prompting in simple synthetic domains, but that the relationship be-
tween these types of reasoning is complex, and they may not work together as expected
presently when models are solving complex tasks. As abductive reasoning seems to be
a relatively weaker capability in current language models as compared to instruction
following, future work could develop more advanced mechanisms for natural-language
hypothesis verification and correction. The use of hypothesis proposal during training
remains under-explored, and joint training of models on question answering and hy-
pothesis proposal with enforced consistency may help models display more consistent

49



behaviour. Enhancements in these areas could accelerate progress towards models ca-
pable of autonomous learning and self-improvement.
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3.5 Conclusion

Overall, our investigation of core generalization capabilities from cognitive science in
language models shows a consistent pattern: models do not necessarily fail catastrophi-
cally, but often diverge systematically from human cognition. These diagnostic insights
motivate the central question of our next investigation: if we understand what capabili-
ties are missing, can we also understand how they should develop during training?
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CHAPTER 4

LSTUDYING THE DEVELOPMENT OF COMPLEX SKILLS
IN TRAINING

4.1 Background

Having identified systematic gaps in trained models, we now investigate how models
develop in the course of training. In §4.2, we examine the premise that scaling laws can
predict downstream task performance, and find that across all examined tasks, adding
information about design decisions apart from scale, such as data composition, improves
performance prediction across all examined benchmarks. Importantly, this varies per
task. For example, code may improve code-related tasks, while degrading natural lan-
guage inference tasks. This suggests that strategic data composition could significantly
improve downstream capabilities, but this is likely to be somewhat specific to the down-
stream task in question.

Building on this, we next examine the “midtraining” phase of training, a recent addi-
tion to many LM training pipelines. This practice introduces specialized data late in pre-
training. We find that midtraining is most effective for domains more distant from gen-
eral web text, such as math and code, and that effective midtraining effectively bridges
distribution gaps between pretraining and posttraining, leading to better in-domain per-
formance as well as less catastrophic forgetting after supervised fine-tuning.

This raises a deeper question: if both data composition and timing matter for capa-
bility development, can we understand capability acquisition at an even more granular
level? In §4.4, we propose decomposing complex tasks into “elemental skills”, which are
minimal tasks like copying, basic arithmetic, or pattern completion that serve as building
blocks for more complex behaviors. By tracking when these atomic capabilities emerge
during pretraining and how they combine, we can move from reactive data mixing to
predictive capability engineering, potentially enabling synthetic data generation for pre-
cisely targeted skill development.
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4.2 Linking Downstream Capabilities to Architecture and
Data

421 Introduction

The effectiveness of language model training depends critically on pretraining decisions,
yet current scaling laws based on parameter count and token number do not fully explain
downstream performance [64, 133]. While controlled studies have examined individual
factors—such as code data improving reasoning [13] or data age affecting QA perfor-
mance [173]—these approaches are computationally expensive and typically vary only
single aspects of training.

We instead ask: can we leverage the collective experience of open language models to
understand how training decisions jointly impact downstream performance? We catalog
architectural and data features from 92base pretrained models spanning 2019-2024, then
train regressors to predict benchmark performance using both traditional scaling factors
and design decisions.

Our analysis reveals that scaling alone does not determine performance—regressors
using all features consistently outperform scaling-only baselines across 12 benchmarks.
We reconfirm empirical findings like optimal code ratios in pretraining and discover that
features extracted from model-generated text (such as question-word frequency) predict
downstream performance, suggesting that generation patterns reflect pretraining biases
that influence capabilities. This approach provides a practical resource for learning from
the community’s collective training experience.

4.2.2 Scaling Laws
Definition

We define scaling laws here as a relationship between the number of parameters N
and the number of tokens D of a language model family, and the expected language-
modelling loss at convergence L(N, D).} Importantly, these laws are typically examined
while holding all other factors constant: keeping the same model architecture, training
data, and model parameters. Originally, Kaplan et al. [133] showed that over a wide
range of transformer-based models, this relationship can be expressed as a power law:

L(N,D) = <<%>6+%> (4.1)

Later, Hoffmann et al. [111] introduced a similar law, which differed in the coefficients
titted, but was also based on a power law.

1Please see §4.2.6 for more detailed discussion; scaling laws can and do take into account other factors

in various works, but for simplicity we call N and D scale-related here, while all other decisions in §4.2.3
are contrasted with these.
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However, scaling laws are not absolute, and the exact functional form and fitted co-
efficients may depend on the architecture type, size range [206], or other considerations
such as inference costs. See (§4.2.6) for further discussion.

Maybe it’s Not Just Scaling?

Are parameter count and number of training tokens really all that are needed to accu-
rately predict a model’s downstream performance? Intuitively the answer is “no” — there
are a number of design decisions that go into model training, and all of them could have
an effect on model performance.

Model Architecture Details While the majority of modern language models follow the
transformer architecture, there are some details that differ. For instance, the variety [310]
and position [296] of layer normalization, and the type of positional encoding [220, 261 |
make significant differences in model performance. Previous work, such as Gu and Dao
[97], has demonstrated empirically that holding all other factors equal, models that make
better architecture decisions [270] outperform those that make worse decisions [275].

Data Composition In addition, data composition and quality plays a major role in the
final quality of a model. For instance, past work has demonstrated that training on some
quantity of code improves performance on English reasoning tasks [178]. Also, work has
demonstrated that filtering for “educational” content allows for more efficient learning
and higher performance on knowledge-based question answering tasks [98].

Task Setting Finally, there is an interplay of all the above factors with how model per-
formance is measured. While previous work on scaling laws has mostly measured loss
values, downstream users usually care about task performance, rather than validation
loss on a pretraining dataset. Although there is often a correlation between the two for
many tasks, certain tasks may be harder to predict from a model’s loss alone [23]. More-
ovet, certain tasks exhibit pathological scaling behaviour, such as inverse or U-shaped
scaling [36, 182, 289], or simply more unpredictable performance [120].

We ask: can we more effectively predict the performance of LLMs by devising a new set of
“laws” that are not just reliant on scaling-based factors?

4.2.3 Building a Database of Publicly-Available Language Models

To approach our research question, we built a comprehensive database of publicly avail-
able language models. Our database encompasses models spanning a wide range of
sizes, from 11M to 110B parameters,? and includes only distinct pretrained base models

’Including embedding parameters.

55



Pretraining Data
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Web Code
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— Blogs — Code Q&A » Nonfiction » Dictionaries » Humanities
—»(Social Media| =~ Documentation » Textbooks » Patents

—| Forums » [nstructions

—{Shopping » Legal

Figure 4.1: Taxonomy of pretraining data categories. We sorted data sources into this
taxonomy based on model documentation.

with decoder-only architectures.® In this section, we describe the criteria used for model
inclusion, how we featurized the models, as well as the evaluation suite we used.

Data Collection

To ensure that our analysis was consistent, we applied the following criteria:

Pretrained-only: Only base models that were pretrained from scratch were included.
Fine-tuned variants, merged models, and models with additional post-training were ex-
cluded.

Architecture: Only transformer-based decoder-only models were included to maintain
uniformity. Mixture-of-experts (MoEs) or other architectures were excluded.

Publicly available information: Only models with publicly available metadata, doc-
umented through configuration files or papers, were included. In particular, both the
total number of parameters and total number of tokens trained on were required for
inclusion. A full list of models and model families can be found in § D.1.
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Characterizing Models and Data

We represent each model by the architectural choices it makes, as well as its choice of
pretraining data. Formally, let & be the set of features related to model architecture, and
D be the set of features related to the model’s pretraining dataset. For each task 7" we
want to approximate a model M’s true score sy with a prediction 57:

SE(M) = fo(lys Dig)- (4.2)

This reduces to typical scaling laws when & = {# params}, & = {# tokens}, and f, is a
power law.

In total, we document 92 open models along the dimensions of model features, high-
level dataset features, and features derived from that model’s no-context generations.
For the full set of features and definitions, please see § D.2.

Features from Model Documentation We first collect information about each model
by reading source papers/blogs when available (see § D.1 for original citations), as well
as data listed on the Hugging Face Hub [292].

Architectural Features: These features capture design decisions that determine model
structure. For example, total parameters (including embedding parameters), the number
of transformer layers, the embedding and feed-forward dimensions, and details such as
the type of layer normalization or attention variant used.

Data Features: These features summarize pretraining data composition. Representa-
tive examples include total tokens trained on and the percentage breakdown of tokens
sourced from various domains defined in Figure 4.1, as well as the proportion of English-
language tokens. Our pretraining data domains were derived from common subdo-
mains in open pretraining datasets [82, 254]. We use the top level domains (web, code,
books, reference, academic) as this tends to be the granularity at which data composition
is described in papers.

Exploring Data Composition via Generation Although many models do document
some details of their data composition, relatively few release their full pretraining corpus.
Further, even when data composition statistics are provided, they are often presented at
a high level of granularity. As a result, many models in our study have missing values
for data composition.

To address this, we further propose an approach of estimating the data a model was
trained on by generating from the model with a context containing just the beginning-
of-sequence (BOS) token for that model (or end-of-sequence if that model lacked a BOS

3By distinct, we mean that each combination of training data and model architecture decisions should

be unique. Variants of the same model trained on a deduplicated dataset are counted as separate, but not
variants trained on the same data but with different curricula/initializations.
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token). We use temperature-based sampling with T = 1, as this should in principle
recover P, (x, | x.) = P(x; | x.,) in the limit of sampling infinitely from an LM that
captures its distribution perfectly.

We call this free-generation. However, this has important caveats: we cannot actu-
ally sample infinitely, and a model does not reflect its pretraining data perfectly. There-
fore, we use this as a “fingerprint” of the model’s training, but do not claim that this
reflects a model’s pretraining dataset exactly. In practice, we sample between 5-10k free-
generations from each model (5k for larger models). In addition to categorizing them
(see § D.5) by the domains in Figure 4.1, we also extract lower-level features:

Low-level data features: We aggregate per-generation statistics that reflect data qual-
ity and linguistic structure. Examples include the words per sentence, the depth of the
constituency tree for natural language text, and dependency length.

Evaluation Datasets and Metrics

Commonsense Reasoning / NLI

ANLI [195] ~ 163k  Brier Score
HellaSwag [308] ~ 70k  Accuracy
Winogrande [238]  ~ 44k  Accuracy

XNLI [53] ~ 2.5k  Brier Score
Math / Logic

GSMSK [52] 8 000 Accuracy

LogiQA2 [281] ~ 8k Brier Score

MathQA [241] ~ 37k  Brier Score

General Knowledge
ARC Challenge [50] ~ 2.6k  Accuracy

Lambada [205] ~ 10k  Accuracy

MMLU [108] ~ 2.85k Accuracy
Other

TruthfulQA [163] 817 Accuracy

HumanEval [45] 164 Accuracy

Table 4.1: Overview of LM evaluation datasets with approximate sample counts, cita-
tions, and evaluation metrics. Datasets ANLI, XNLI, LogiQA2, and MathQA use Brier
Score, while the others use Accuracy.
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Figure 4.2: Performance of plotted against their total parameters and tokens. The back-
ground colour represents Equation 4.1 fitted to the task, and the marker colours indicate
true performance. Some tasks have different performance trends with scale. Within each
task, individual models may also perform unexpectedly.

To assess how design choices affect reasoning capabilities, we evaluated model perfor-
mance on a curated suite of datasets derived from the first version of the Open LLM
leaderboard [191], which was designed to capture diverse facets of reasoning (Table 4.1).*
We collect results for some models directly from the leaderboard, and for models not on
the leaderboard we use the Eleuther LM eval harness [83] to conduct evaluations with
exactly the same setting. In addition, if there were multiple versions of a task or sub-
tasks, we evaluated all of them and averaged them to get the overall task score. For the
tull list of evaluation datasets and settings, see § D.3.

For an evaluation dataset T where the i-th sample is y; and model M, we define s (M)
with:

. _ 1 ¥ITI _3
Accuracy We use unnormalized, exact-match accuracy sy ;.. = T 2oy Hy; =y} for

the majority of tasks. We use pass@1 for Humaneval, but group it with accuracy tasks
for convenience.

Brier score For tasks where smaller models struggle to achieve non-zero accuracy, we
follow Schaeffer et al. [242] in using multiclass brier score as an alternate continuous
metric for multiple-choice tasks [32]. For a task with K classes, let p;; be the predicted

probability for class k on sample i. Then sy pg = % lell Zle(pik —1{y, = k}).

Heterogeneity in Task-specific Scaling

Before adding in other factors, we examine differences in scaling along N and D between
our selected tasks. We fita Kaplan et al. [133] style law to each task. As seen in Figure 4.2,
we see that different tasks may exhibit marked differences both in how well they follow
scaling trends, as well as their individual scaling contours. For instance, Truthful QA
appears to exhibit U-shaped scaling, while Humaneval has more “outlier” models. A
full list of R? values for tasks can be found in § D.4.

*Arithmetic and Minerva math ([33, 107]) tasks were also initially included in this leaderboard, but
we excluded them as we focused solely on base (not instruction tuned) models, and very few were able
to achieve non-zero scores.

°Note that lower is better for brier score. Multiclass brier score ranges between 0-2.
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4.2.4 Predictive Modeling

Next, given our database we fit a regressor to try to predict performance. In traditional
scaling laws, regressors are fit based on power laws. However, we are now dealing with a
larger number of features, some of which may not be captured well by simple parametric
forms. Hence, we follow previous work on performance prediction [294, 304] utilizing
tree-based regressors based on XGBoost [46].°

For each evaluation benchmark, we train a model to predict the performance met-
ric on that task based on architectural features & and data features &. For each task
setting, we perform 3-fold cross-validation due to the relatively small number of mod-
els, with a nested inner cross-validation over the training set in each fold. The inner
cross-validation conducted grid search over a small set of hyperparameters, allowing
the model to slightly vary per task. See § D.9 for more details.

Evaluation To evaluate the predictors, we use Mean Absolute Error averaged across
all models and folds. In other words, for a task with N models evaluated, MAE, =

ﬁ Zl]i | lsp(M}) — 57(M;)|. We compare the scaling-laws predictor as well as the all-
features predictor against each other, but also against the median baseline, which simply
predicts the median score of the models in the training set for each model in the test set

of that fold.

Iterative Feature Selection As the full set of features is very large, we sequentially se-
lected features from the full set greedily based on which reduced MAE the most, aver-
aged across 5 random seeds. Features were added until no reduction of at least 1 x 10~
was observed. We started using only the two scaling laws features, and refer to this as
the scaling-laws model, though it does not have the form of a traditional power law.” By
then incorporating additional architectural or data features, we can then directly quan-
tify the incremental predictive power afforded by these extra features. We refer to the
model with the set of features as the all-features model. In all cases, we ran models with
the same hyperparameter grid and the same random seeds and splits.

Significance Testing Because the relative difference between baselines is small, we test
both predictors across many seeds (50). We then ran paired t-tests on the overall MAE
values for each seed, and corrected for multiple comparisons across tasks with the False
Discovery Rate [22].

We also performed preliminary experiments with LightGBM [137] but it yielded very similar results
in both prediction accuracy and feature importance.

"Typically, scaling laws are used to extrapolate the performance of larger models. Because we use a
decision-tree based predictor, our approach is less likely to extrapolate, a trade-off we opted to take to
incorporate the array of scale-independent features we have, not all of which are numeric. Therefore,
we moreso focus on interpolating performance within the size boundaries that we have (roughly 10M-
100B parameters, and 50B-3T tokens). Examining results with a variety of other prediction methods is an
interesting direction for future work.
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Benchmark Setting Baseline MAE Scaling Laws MAE All Features MAE p-val (corrected)

Accuracy
Arc Challenge  25-shot 13.23% 4.36% +0.12% 3.67% +0.09%" 4.89x 107Y
GSM8k 5-shot 15.65% 6.04% +021% 5.10% = 0.23% 6.49 x 10714
Hellaswag 10-shot 12.26% 3.93% +013% 3.18% = 0.09%" 6.66 x 10720
Humaneval 0-shot 11.79% 8.08% =+ 0.22% 6.93% = 0.22% 1.46 x 10712
Lambada 0-shot 16.89% 9.51% = 033% 6.85% -+ 0.25%" 2.87x107%
MMLU (0-shot) 0-shot 11.98% 4.76% +0.20% 4.10% + 0.17%" 6.02 x 10713
MMLU (5-shot)  5-shot 12.25% 3.97% +0.18% 3.54% = 0.14% 2.09x 10710
Truthful QA 0-shot 3.72% 2.75% +0.08% 2.29% = 0.06%" 127 x 10777
Winogrande 5-shot 10.14% 3.39% +0.08% 3.09% +0.07% 6.02x 10713

Brier score
XNLI 0-shot 7.22 6.68 +0.11% 6.30: 0.11%" 3.16 x 1070
ANLI 0-shot 5.90 6.74 +0.19% 6.53:+0.21%" 3.84x107*
MathQA 0-shot 7.57 2.83 +0.06% 2.75+ 0.07%" 1.63x 1074
LogiQA?2 0-shot 12.74 4.74 +012% 4.60: 0.15%* 1.37x 1072

Table 4.2: Comparison of MAE values (mean + 95% CI) for Scaling Laws and All Fea-
tures predictors alongside Baseline MAE. Lower MAE is bolded; * indicates significance
(p < 0.05). Brier score values are multiplied by 100 to be on a similar scale to accuracy:.

4.2.5 Results
Predictor Performance

Incorporating scale-independent features consistently improves benchmark perfor-
mance. We find that incorporating extra features alongside traditional scaling laws fea-
tures leads to substantial improvements in prediction accuracy across multiple bench-
marks, as seen in Table 4.2. The all-features predictor outperforms the scaling-laws-
only predictor in all evaluated cases, with improvements ranging from approximately
3% (MathQA) to about 28% (Lambada) relative error reduction. Notably, the strongest
improvements were observed in language modeling and common-sense reasoning tasks.

Certain tasks are more strongly dependent on non-scale features. This pattern of
improvements suggests that architectural and training data features may be more in-
formative for predicting performance on certain types of tasks more strongly linked to a
particular “genre” of data. Large improvements were observed for both code generation
(HumanEval, 15% improvement) as well as natural-language based reasoning tasks (e.g.
Lambada, 28% improvement). Even tasks with narrower domains, such as mathemati-
cal reasoning (GSMS8k, +16%) or knowledge-intensive evaluations (MMLU, +11-14%),
see consistent, if more moderate, enhancements. The Brier score benchmarks, however,
show smaller improvements (around 3-6%). This may be because the Brier score is in-
herently less sensitive to emergent effects in model performance, the specific choice of
tasks limits the room for improvement, or a combination of both factors.
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Figure 4.3: In all tasks, the number of parameters and pretraining tokens heavily influ-
ences the predictions made by the regressor. The percentage of code in pretraining often
influences predictions negatively for NLI tasks but positively for Humaneval. [D], [A]
and [F] denote features derived from data, architecture, or free-generations of a model
respectively.

What Features Does Task Performance Depend On?

To better understand the factors that influence task performance, we examine Shapley
[246] (SHAP) values of the predictor, which provide a local view of how individual
feature values influence predictions. The results and feature descriptions for Arc Chal-
lenge, HumanEval, Winogrande, and TruthfulQA are shown in Figure 4.3, and results
for remaining benchmarks are shown in § D.12.

A little code goes a long way, but too much is harmful to NLI. One of the most im-
portant non-scaling features is the percentage of code data in pretraining. Higher code
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Figure 4.4: SHAP impact of code percentage on Lambada (reprentative NL task) and
Humaneval on our regressors.

composition results in positive Shapley values (i.e. higher predicted performance) for
Humaneval, but it negatively affects Arc Challenge, Hellaswag, Winogrande, and Lam-
bada. In the scatterplots of Figure 4.4, we compare the code percentage against SHAP
impact for both small and large models. We see that models trained with more than
roughly 20-25% code are predicted to have large gains on tasks like Humaneval, but
start to incur penalties on standard natural language benchmarks. By contrast, a moder-
ate code proportion in the 15-25% range appears to balance these competing demands,
yielding a more neutral or slightly positive effect overall.

Other domains of data can occasionally yield task-specific effects. While the per-
centage of code in pretraining is consistently selected as an impactful feature, with clear
trade-offs, this other pretraining domains are selected less frequently. From the fine-
grained features from free generations, we also observed that many recent models (par-
ticularly those trained on synthetic data such as the Phi [98] and SmolLM [9]) generate
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a relatively large number of question words, indicating extensive training on data re-
lated to question answering. A higher percentage of reference-like or question-loaded
generations resulted in better model accuracy on some tasks such as Arc Challenge and
Winogrande. Additionally, models that generate more web-like data tend to do worse
on TruthfulQA (Figure 4.3).

Non-scale architectural decisions have minor effects. Most highly influential fea-
tures were data-related or architectural features related to scale (e.g., dimension). How-
ever, both the type of layer norm and the positional embedding were deemed to have a
significant effect in some cases.

4.2.6 Related Work

Empirical Data Composition Results

Prior work has examined the effects of including code during pretraining [13, 178] and
ablating domains such as C4 or books from The Pile [173]. Data filtering has also been
shown to improve performance beyond scaling alone by removing low-quality data [95,
255]. Our results align with prior findings, indicating that code can enhance natural
language reasoning at moderate proportions but degrades performance at higher per-
centages. We estimate an optimal code ratio of 15-25%, refining prior work suggesting
25% [13], though intermediate ranges were not tested in their study. Our approach—first
pooling insights from existing models—complements empirical ablations by identifying
useful axes of variation for further testing.

Observational and Task-Specific Scaling Law Fitting

Previous works have examined task-specific scaling laws. In machine translation, pa-
rameter allocation between encoder and decoder affects outcomes, and incorporating
machine-translated data can be detrimental [90]. Multilingual studies reveal that lan-
guage similarity doesn’t impact scaling trends; however, multitasking offers greater ben-
efits when English is the target language [75]. Scaling laws for downstream tasks and
transfer learning have been proposed, emphasizing that alignment between pretraining
data and downstream tasks is crucial for performance prediction [109, 120]. Data repeti-
tion has been considered, especially in data-constrained domains [190], with extensions
to multiple data domains [95]. Alternative scaling formulations address factors like spar-
sity [79], precision [147], and inference costs [112]. In contrast, some studies find stable
performance across various batch sizes and learning rates [59].

Ruan et al. [234] also use observations from open-source models to predict task per-
formance, but derive their predictions of one task’s performance from performance on
other tasks. We find a similar result in identifying two axes of performance— general
natural language ability and coding ability but are motivated instead by tracing these
capabilities back to pretraining decisions.
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Pretraining Data Selection

Domain mixing has been studied in pretraining, and other works have formulated this
as a regression problem [168, 303] or used proxy models to select domain weights in
the course of training [7, 124, 295, 305]. In contrast, we retrospectively analyze how
domain composition and training decisions influence performance across tasks, which
is a complementary perspective to optimizing data weights for a single model during
training.

Tracing Capabilities to Data

Specific language model capabilities have been linked to patterns in pretraining data.
Performance on numerical reasoning and syntactic rule learning depends on frequency
of numerical terms in the training data [136, 286]. Ruis et al. [235] found that influen-
tial data for reasoning is dispersed across numerous documents and is associated with
procedural content. Similarly, Chen et al. [47] observed that “parallel structures” are
closely tied to in-context learning abilities. We currently focus on broader data domains,
but our framework can be extended with more granular tasks or refined data features.

4.2.7 Conclusion and Future Work

We perform the first systematic analysis of the performance of open language models
across diverse tasks and tie their performance to architectural and data-compositional de-
sign decisions. Looking into the future, there are a number of clear directions. First, our
database (§4.2.3) can be further expanded as new models and benchmarks are released,
and we will release the code and data to help spur community efforts for more system-
atic data documentation. Second, we hope our work will help discover hypotheses to be
tested in more controlled settings — existing models intertwine a number of design deci-
sions, and further controlled pre-training experiments that only involve one axis of vari-
ation could further clarify the effect of each feature. Finally, within our study, the great
majority of pre-trained models focused on dense transformer architectures, while alter-
native architectures such as mixture-of-experts [60, 123] and state-space models [97]
have also seen significant research interest. How to appropriately featurize these more
various model architectures and use the information in performance prediction is an in-
teresting challenge that may uncover further insights. Lastly, although pretraining data
analysis and selection has mainly been focused on empirical findings so far, building
a better understanding of how training impacts model capabilities through large-scale
empirical studies could also facilitate interpretability experiments and possible interven-
tions on learned representations, with controlled axes of variation providing case stud-
ies.
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4.3 Midtraining Bridges Pretraining and Posttraining

4.3.1 Introduction

While scaling has driven most language model successes, a simple intervention has emerged
across many models: breaking pretraining into two stages, with the second stage mixing
in higher-quality specialized data from domains like mathematics and coding [5, 116,
198]. This “midtraining” approach shows better posttraining performance than single-
stage pretraining [116], yet remains poorly understood scientifically. Not all specialized
datasets work—instruction data alone yields no improvements, while mixtures includ-
ing code and mathematical content provide substantial gains [198].

We conduct the first systematic investigation of midtraining through controlled ex-
periments on models pretrained from scratch, asking: When does midtraining outper-
form continued pretraining? What data types are most effective? How does timing affect
results?

Our investigation reveals three key findings: (1) Midtraining is highly effective for
domains distant from general web text, particularly math and code; (2) It reduces catas-
trophic forgetting compared to both direct fine-tuning and continued pretraining; (3)
Timing of specialized data introduction matters more than fine-grained mixture deci-
sions. Together, these findings suggest midtraining effectively “bridges” the distribu-
tion gap between pretraining and specialized fine-tuning, providing smooth transitions
at appropriate training stages.

4.3.2 Defining Midtraining

In this section, we define what we refer to as midtraining throughout this paper. Al-
though this term has been used colloquially by model developers, it may be used slightly
differently by different groups of people as it lacks a standard definition. However, as
our paper investigates this phenomenon in detail, we introduce a formal definition in or-
der to clearly delineate what counts as midtraining for the purpose of our experiments.
We also focus on language models, though midtraining may also be applicable to other
modalities.

Training Sequence Definitions

Modern language model training typically follows a sequential approach where models
are trained on different data distributions in a specific order. Rather than attempting to
define training phases by their data characteristics or objectives—which often overlap in
practice—we adopt a sequence-based framework that defines phases by their order in
the training process.

Let & € © denote model parameters and 2 be inputs. A training phase is a tuple
(D, Z,n) where D is a data distribution over 2, & : ® Xx £ — R is a loss function,
and n € N* is the number of training steps taken in that phase. A training sequence
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is an ordered collection .S = {(D;, &Z,, ni)}l.]i o Of training phases, where the parameters 6,
resulting from training up to phase i serve as the initialization for phase i + 1.

Pretraining is the initial training phase (D, Z, n,) in the sequence. In practice, pre-
training often uses large, diverse sources of data, such as from the web. The objective for
decoder-based language models, which we examine, is typically next-token prediction,
o0 x) = — Zl:ll log po(x;|x.;). Pretraining typically consumes the majority of steps
taken during training, so that Vi > 0, ny >>> n;.

Midtraining refers to intermediate training phases (D;, Z;, n;) where 0 < i < N. Mid-
training data is typically more specialized than general pretraining data, often including
domain-specific content (code, math) and instruction-formatted data, while maintain-
ing a mixture with general pretraining data. Typically, midtraining is a longer phase
compared to finetuning, but shorter than the preceding pretraining phase, ny > n; > ny,.
There can potentially be multiple midtraining phases as well in the case of multi-stage
pretraining curricula, but we focus on one-stage midtraining in this paper.

Finetuning is the final training phase (D, £y, ny) in the sequence. Finetuning usu-
ally uses task-specific datasets and may employ diverse objectives or preference-based
methods rather than next-token prediction. Typically, finetuning uses the least number
of steps, although this is not necessarily always the case.

Note that our framework reflects current popular practices for language model train-
ing, rather than prescribing an optimal training methodology. Additional edge cases
include multi-stage finetuning, cyclic training schedules, and mixture schedules where
distribution weights vary continuously.

Relationship to Curriculum Learning and Continued Pretraining

Midtraining relates to, but offers a different approach to domain adaptation compared
to continued pretraining and relates to broader curriculum learning principles. While
continued pretraining switches entirely to domain-specific data, midtraining maintains
mixed distributions throughout the intermediate phase.

Curriculum learning The original definition of curriculum learning focused on grad-
ually increasing the difficulty or diversity of training examples throughout the course of
training [20, 69]. However, this term has evolved to generally mean any strategic order-
ing of training data [256]. In this general view, it encompasses any training strategy in
which the sequence § = {(D;, &, ni)}fi o is designed according to some principled order-
ing criterion—whether based on example difficulty, domain progression, task complex-
ity, data quality, or other strategic considerations. Therefore, midtraining can be viewed
as a type of curriculum learning that operates at a distributional level rather than over
individual examples: instead of ordering specific training instances by difficulty or other
criteria, midtraining strategically organizes different data distributions or domain mix-
tures across discrete training phases. This coarse-grained approach focuses on when to
introduce entire types of data during pretraining rather than fine-grained sequencing.
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Continued pretraining Continued pretraining typically refers to additional pretrain-
ing of an already-pretrained model on domain-specific data, where the data distribu-
tion shifts completely to the target domain [18, 101]. This approach commits entirely to
domain-specific data after a certain point in training, potentially losing general capabili-
ties. In contrast, midtraining maintains mixed distributions throughout the intermediate
phase, preserving general pretraining data alongside specialized data. Formally, contin-
ued pretraining can be viewed as the limiting case where the midtraining distribution
D; consists entirely of domain-specific data (0% original pretraining data, 100% domain
data), though our results suggest this pure approach may be suboptimal..

4.3.3 Experimental Setting

In order to systematically investigate the effect of midtraining, we design controlled ex-
periments around four key research questions, which we introduce one by one along
results:

RQ1: What downstream tasks benefit most from midtraining? We investigate which
domains and tasks show the largest improvements from midtraining compared to stan-
dard pretraining followed by fine-tuning.

RQ2: What data is most effective for midtraining? We examine what characteristics
make midtraining data effective, investigating the relationship between midtraining data
and target tasks. We also compare midtraining with continued pretraining to under-
stand the effects of mixed versus pure domain-specific distributions.

RQ3: When and how much midtraining data should be introduced? Current prac-
tice varies widely with respect to both timing and proportion of midtraining data. We
systematically examine the effects of timing (when to introduce specialized data) and
mixture weights (how much specialized data to include).

RQ4: How does midtraining change model representations? We analyze how mid-
training affects model representations and activation patterns compared to non-midtrained
models.

Training Setup

Pretraining We pretrain models from the Pythia family ranging in size from 70M-410M
parameters on C4 web data [24, 228]. In all cases, we train for 128B tokens (approx. 61k
steps) with a cosine learning rate schedule with a maximum learning rate of 3e-4 and the
AdamW optimizer [175]. We chose to fix the training budget at a point past Chinchilla-
optimality for all models [111], in order to ensure that models have stabilized by the
point at which midtraining data has been introduced, at least for later insertion points
of midtraining data. We describe the exact training setup in Appendix E.1.
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Midtraining We use five midtraining mixtures spanning popular domains: code (Star-
coder), math, instructions (FLAN), general knowledge/QA, and high-quality web data
(DCLM). Table 4.3 details each mixture’s composition and sources. All mixtures are in-
troduced at varying start points (Starcoder: 6k steps, Math: 20k steps, others: 40k steps)
based on data availability to prevent repetition. We compare against a control condi-
tion continuing C4 pretraining for the same number of tokens, keeping all other training
details identical.

Starcoder (code) Our code mixture is a subset of the Starcoder pretraining dataset
[159], which contains code in many languages. Note that this

Math The math mixture combines mathematical reasoning problems from the MAm-
mol'H ([306])and OpenMathInstruct ([269]) datasets, featuring step-by-step explana-
tions.

FLAN (instructions) Our instruction-formatted data comes from a processed ver-
sion of the FLAN collection, which includes diverse task instructions and responses
across natural language tasks [287].

KnowledgeQA (general knowledge and QA) The KnowledgeQA mixture is taken
from Hu et al. [116]’s midtraining mix, and focuses on general knowledge and dialogue.

DCLM (high-quality web) Our high-quality web data is a subset of the DCLM
pretraining dataset, representing web content with improved quality filtering compared
to C4 [158].

Midtrain mix Num. Samples (M)  Sources
Starcoder 96 [159]
Math 5.7 [269, 306]
FLAN 17 [287]
KnowledgeQA (-code) 47 [115]
DCLM 25 [158]

Table 4.3: Midtraining mixes used in our experiments and dataset(s) from which they
were derived.

Downstream Evaluation We fine-tune models on the datasets GSM8k ([51]), SciQ
([291]), CodeSearchNet-Python ([118]), and LIMA ([315]) — chosen to span the do-
mains covered by our midtraining mixtures. This allows us to test cases where the mid-
training mixture is aligned or misaligned with the SFT dataset. We used standard lan-
guage model supervised fine-tuning for all datasets. For information on the posttraining
setup, see Appendix E.2.
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Table 4.4: SFT and C4 validation losses for the 410M model across downstream datasets
and midtraining mixtures, averaged across 5 seeds for each SFT dataset. Bold values in-
dicate best performance within each dataset. Results demonstrate domain-specific bene-
fits: Starcoder improves PyCode while Math improves GSM8K, with other combinations
showing minimal benefits.

Downstream Dataset ~ Midtrain Mix SFT Val Loss  C4 Val Loss
C4 2.264 5.058
Starcoder (20%) 2.091 4.611
Math (12%) 2.274 5.096
PyCode FLAN (5%) 2252 5.047
KnowledgeQA (20%) 2.264 5.094
DCLM (20%) 2.262 5.157
C4 0.956 4.937
Starcoder (20%) 0.944 4.951
Math (12%) 0.918 5.038
GSMB8K FLAN (5%) 0.958 4970
KnowledgeQA (20%) 0.961 4.966
DCLM (20%) 0.949 4.966
C4 3.490 3.166
Starcoder (20%) 3.422 3.155
Math (12%) 3.507 3.168
LIMA FLAN (5%) 3513 3.164
KnowledgeQA (20%) 3.501 3.163
DCLM (20%) 3.496 3.158
C4 3.271 6.873
Starcoder (20%) 3.261 6.831
SciQ Math (12%) 3.257 6.894
FLAN (5%) 3.277 6.771
KnowledgeQA (20%) 3.273 6.814
DCLM (20%) 3.270 6.874

4.3.4 Which downstream tasks benefit most from midtraining?

To identify which tasks benefit most from midtraining, we evaluate all midtraining mix
and SFT dataset combinations. For each combination, we measure validation loss on the
target domain (adaptation effectiveness) and C4 validation loss after fine-tuning (forget-
ting). We average results over 5 seeds after hyperparameter search for each checkpoint.

Results Our results in Table 4.4 for the 410M model’s final checkpoint demonstrate that
midtraining benefits are highly domain-specific: code-focused midtraining (Starcoder)
substantially improves performance on the coding task (PyCode: 2.091 vs 2.264 vali-
dation loss, a 7.6% relative improvement), while math-focused midtraining shows the
largest gains on mathematical reasoning (GSM8K: 0.918 vs 0.956, a 4.0% improvement).
Crucially, mismatched domain pairs show minimal or negative effects—for instance,
math midtraining provides no meaningful improvement on coding tasks. General in-
struction datasets (FLAN) provide little benefit across tasks, suggesting that domain-
specific alignment is critical for midtraining effectiveness. Results for the other model
sizes follow the same pattern and are shown in Appendix E.4.
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4.3.5 What data is most effective for midtraining?

Proximity Advantage vs. Benefit (70m Proximity Advantage vs. Benefit (160m Proximity Advantage vs. Benefit (410m
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Figure 4.5: Relationship between proximity advantage and midtraining performance im-
provements for pairs of midtraining and SFT datasets. Each data point represents a (mid-
train, SFT) pair, where the color indicates the SFT dataset and shape represents midtrain
dataset. Proximity advantage (dist(C4, SFT) - dist(midtrain, SFT)) indicates how much
closer midtraining data brings the model to the target SFT dataset compared to the base
pretraining data. Relative improvement is measured against the base model pretrained
on C4. Strong positive correlations, particularly for smaller models (70m: r = 0.761,
p < 0.001), support the hypothesis that effective midtraining data serves as a distribu-
tional bridge between pretraining and target domains.

Having established that midtraining effects are domain-specific, we now ask: what
determines the strength of these domain-specific effects? Across midtraining-target pairs, we
see improvements ranging from negligible (e.g. FLAN — coding) to strong (e.g. Star-
coder — coding). Although the pairs that work the best seem obvious in hindsight, we
ask whether we can quantify this intuition through measurable proximity between data
distributions.

To test whether optimal midtraining data “bridges” the gap between pretraining
and target distributions, we simply use token-distributional similarity between datasets,
which we discuss in more detail in Appendix E.3. Figure 4.7 shows a reduced subset as
an example: we can see that C4 and PyCode are fairly dissimilar (0.54 similarity), but
the blend containing 29% Starcoder data brings this closer to Pycode (0.7 similarity).

We also compare the effect of midtraining mixes with continuous pretraining con-
ditions in which the mixture weight switches to 100% specialized data. For code, we
compare the default Starcoder midtraining mix (20% mixture weight, starting from 6k
steps) with 100% Starcoder data starting from 40k steps. For math, we compare the math
midtraining mix with 100% math data starting from 56k steps.®

SThe different starting points are due to data availability, in order to ensure the midtraining mix does
not repeat.
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Figure 4.6: Validation loss and C4 loss for the starcoder-midtrained model and base pre-
trained model after supervised fine-tuning on the Pycode dataset, with each point on the
x-axis representing the number of steps the pretrained checkpoint was trained on.

Proximity and Bridging Effects

Results To understand why certain midtraining mixtures are effective, we test the hy-
pothesis that optimal midtraining data "bridges” the gap between pretraining (C4)
and target SFT datasets. Using the similarity measures developed in § 4.3.5, we mea-
sure the “proximity advantage” of each midtraining mixture—how much closer it brings
the model to the target distribution compared to continuing with C4 alone. Results are
shown in Figure 4.5.

We find a clear relationship between proximity advantage and downstream perfor-
mance improvements across model sizes. The correlations are particularly strong for
smaller models (r = 0.761, p < 0.001 for 70m), suggesting that effective midtraining
data serves as a distributional stepping stone from general pretraining to specialized tar-
get domains. This bridging effect appears to be most beneficial when the gap between
pretraining and target distributions is large, consistent with our hypothesis that mid-
training helps models adapt gradually rather than requiring abrupt distributional shifts
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Figure 4.7: Example similarity matrix between pre/midtrain and posttraining datasets.
For the complete matrix, see Appendix E.3.

during fine-tuning.

Midtraining vs. Continued Pretraining

Results Results in Table 4.5 show that midtraining consistently outperforms continu-
ous pretraining across both domains and model sizes for both in-domain performance
and C4 retention after fine-tuning. As this pattern holds for both code and math do-
mains, this suggests that maintaining some general pretraining data is useful during
domain adaptation, even for models specialized for a specific domain.

4.3.6 When and how much midtraining data should be introduced?

Given that a midtraining dataset’s proximity to the finetuning dataset matters, and that
we want to balance midtraining data with general pretraining data, we next investigate
when to integrate midtraining data and what mixture weight to use. Using the starcoder
midtraining mixture, we vary both timing (10%-80% through pretraining) and mixture
weights (10%-80% of training data). When testing the effect of timing, we use a fixed
mixture weight of 20% for starcoder and vary the time at which the midtraining phase
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Table 4.5: SFT and C4 validation losses for 70m and 160m models comparing default
midtraining mixes to mixes of only the midtraining data (marked with 100%), averaged
across 5 seeds for each SFT dataset. Bold values indicate best performance within each
dataset and model size combination. Results reflect two continued pretraining trials in
the code and math domains.

Model size  Downstream Dataset  Pre/midtrain mix SFT valloss  C4 val loss
Pretrain-only 2.633 6.067
Pycode Starcoder (20%) 2.530 5.996
Ctd. pretrain (Starcoder) 2.580 6.160
70m Pretrain-only 1.405 6.409
GSM8k Math (12%) 1.359 6.391
Ctd. pretrain (Math) 1.401 6.422
Pretrain-only 2.382 5.247
Pycode Starcoder (20%) 2.205 5.104
Ctd. pretrain (Starcoder) 2.283 5.373
160m Pretrain-only 1.188 5.339
GSMS8k Math (12%) 1.139 5.198
Ctd. pretrain (Math) 1.180 5.364

begins. When testing the effect of mixture weight, we fix the step at which midtraining
starts at 40k training steps, while varying the mixture weight of starcoder as compared
to C4.

As a special case of this, we also include a continuous pretraining baseline for the
math and code midtraining mixes (100% midtraining mix), also starting at 40k steps, to
distinguish midtraining from domain-specific continued pretraining.

Results When varying mixture proportions from a fixed starting point, effects were
modest compared to varying the timing of introduction across different pretraining stages
at a fixed 20% mixture weight (Figure 4.8). The timing effects are substantial: for the
160m model, early introduction at 6k steps achieves 2.205 validation loss compared to
2.374 when delayed to 50k steps. Similarly, the 70m model performs best with introduc-
tion at 20k steps (2.505) versus later introduction. This suggests that when to introduce
specialized data may be more critical than how much specialized data to include, at
least within our experimental ranges.See Figure 4.9 for mixture weight comparisons.
Relatedly, Figure 4.6 illustrates how midtraining benefits evolve over the course of
pretraining for the 20% Starcoder mix (160m model). We finetune checkpoints from dif-
ferent pretraining steps on Pycode and measure both in-domain and C4 validation loss
after fine-tuning. In-domain advantages emerge quickly after midtraining introduction
(6k steps), while the C4 retention benefits develop more gradually, becoming apparent
after approximately 20k steps. This temporal pattern suggests that early introduction
of specialized data provides sufficient time for both immediate domain adaptation and
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Figure 4.8: Timing ablation: validation losses (SFT and C4) by model size and start-
ing step for the Pycode downstream dataset (in-domain). Top: SFT losses after Pycode
finetuning; bottom: C4 losses showing forgetting after Pycode finetuning. In this setup,
Starcoder is mixed at a mixed 20% ratio.

gradual integration with general capabilities.

4.3.7 How does midtraining change model representations?

Lastly, beyond performance improvements, we investigate how incorporating midtrain-
ing data changes the underlying model. We use linear Centered Kernel Alignment (CKA)
to measure layer-wise similarity between model states in the code domain [143]. We ex-
tract activations from all layers using probe datasets (C4 and APPS [106]) and compute
CKA similarity matrices between four key model states: base pretrained, midtrained
(Starcoder), base fine-tuned, and midtrained fine-tuned. If midtraining creates better
representations for downstream tasks, we expect to see smaller representational changes
during fine-tuning for midtrained models compared to base models.
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the Pycode downstream dataset (in-domain). Top: SFT losses after Pycode finetuning;
bottom: C4 losses showing forgetting after Pycode finetuning. The x-axis depicts the
mixture weight of Starcoder mixed in at 40k steps.

Results Figure 4.10 shows the representational analysis for the 70m model. The mid-
trained model exhibits greater stability in the final layer after fine-tuning, a pattern
consistent across model sizes (see Appendix E.7 for the remaining results). However,
the final fine-tuned models show high similarity regardless of whether models under-
went midtraining. These effects are less pronounced for C4, which can be seen in Ap-
pendix E.8.

4.3.8 Related Work

Specific midtrained models Recently, several language model families have adopted
midtraining approaches with varying implementation details [5, 43, 116, 198]. The mid-
training phase duration varies from 2% [116] to 20% [43] of total training, motivating
our systematic investigation of timing effects. Common midtraining domains include
code, math, instructions, and higher-quality web data [198]—the domains we investi-
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Figure 4.10: CKA analysis of model activations in the 70m model, probed with the APPS
code dataset.

gate. Beyond general-purpose models, midtraining has shown benefits for specific tasks
like RL [282] and GUI agents [312]. This widespread adoption motivates our questions
of when and why midtraining provides downstream benefits.

Multi-stage pretraining Several works explore multi-stage pretraining, Blakeney et al.
[31], Feng et al. [74] focusing on two-stage pretraining and Zhang et al. [313] proposing
four-stage pretraining. These approaches demonstrate improvements over single-stage
pretraining. However, these works evaluate base model performance after pretraining,
whereas we focus on the post-finetuning setting to focus on benefits that also affect post-
training.

Continual Learning Domain-adaptive pretraining (DAPT) and related approaches con-
tinue pretraining on domain-specific data [101]. Krishna et al. [145] show that pretrain-
ing on downstream data alone can rival full pretraining when evaluated after fine-tuning,
suggesting pretraining-posttraining alignment matters—consistent with our findings.
Mehta et al. [183] find pretraining reduces catastrophic forgetting during sequential fine-
tuning; similarly, we observe midtrained models serve as better initializations with less
forgetting.

Stability in Continued Pretraining Recent work addresses stability challenges during
continued pretraining. Guo et al. [100] identify a ”stability gap” where performance
temporarily drops before recovering when shifting to new domains, Yang et al. [301]
synthesize larger training corpora from small domain-specific datasets, and Lin et al.
[164] introduce selective training on useful tokens only. While these works target train-
ing dynamics during continued pretraining, our approach examines how midtraining
data selection affects post-fine-tuning performance, representing a complementary fo-
cus on end-task effectiveness.

Relationship between Pretraining and Finetuning Several recent works have explored
incorporating instruction-formatted data during pretraining. Allen-Zhu and Li [10]
show with an experiment on synthetic Wikipedia-style data that augmenting pretraining
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data with QA-formatted data improves subsequent fine-tuning, and Jiang etal. [125] and
Cheng et al. [48] demonstrate this in a practical context as well. Sun and Dredze [262]
find continual pretraining benefits emerge only after fine-tuning, while Springer et al.
[258] show extended pretraining causes catastrophic forgetting (”overtraining”), par-
ticularly on math/code domains least aligned with web data. It is possible midtraining
may prevent overtraining by introducing specialized data earlier and providing a better
initialization for posttraining.

4.3.9 Conclusion

We conduct the first systematic investigation of midtraining through controlled exper-
iments. We demonstrate that midtraining benefits are domain-specific, with the most
substantial improvements in math and code domains that are not well represented in
standard web pretraining corpora.

Beyond domain-specific improvements, we also find that midtraining mitigates catas-
trophic forgetting of general language modeling abilities after specific supervised fine-
tuning. Additionally, our comparison to continued pre-training with the same data re-
veals reveals that maintaining some general pretraining data is helpful when adapting
language models to new domains. Our ablations of timing and mixture weights show
that at least in the case of code, the start point of midtraining may have a larger impact
than the mixture weight, holding the other factor constant.

Rather than treating midtraining as a one-size-fits-all solution, our results suggest
that its effectiveness depends critically on the alignment between midtraining domains
and target applications. Future work remains in understanding these training dynamics,
as well as systematically investigating midtraining’s effects at larger scales. Addition-
ally, although we did not investigate RL-based posttraining in this work, understand-
ing how midtraining interacts with methods such as RLHF and other preference-based
approaches is an important avenue for future work. As language models continue to
be used for more specialized and complex tasks, developing rigorous methods for pre-
training and midtraining language models and understanding how to best adapt them
to new domains will become essential for maximizing task-specific performance while
maintaining knowledge from pretraining.
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4.4 Elemental Skills and their Emergence (proposed)

4.4.1 Motivation

Previous sections have shown that pretraining is not as monolithic as assumed as differ-
ent tasks exhibit distinct scaling properties and benefit from targeted data introduction
at specific training stages. However, NLP tasks remain complex, requiring models to
handle multiple subtasks such as memorization, logical reasoning, and copying mech-
anisms. Understanding whether a model lacks domain-specific data or fundamental
skills like logical reasoning remains an ad-hoc process.

While tracking performance during pretraining provides guidance, it offers limited
insight into whether models learn generalizable solutions. Mechanistic circuits have
been identified for simple tasks, but scaling circuit discovery to concrete high-level tasks
remains nontrivial, and it’s unclear how to decompose tasks systematically in the first
place. However, due to the release of recent interpretability tools [8, 12] and recent in-
terest in and similar works in training dynamics [132, 218, 317], now is a good time to
pursue this project.

We propose developing a suite of “elemental tasks” — simple and easy to evaluate
tasks that serve as building blocks for complex behaviours models learn to perform.
These intermediate-level abilities would be higher-level than attention operations but
lower-level than downstream benchmarks. Examples include sorting lists, counting, or
copying tokens from context. Crucially, these elemental skills should compose to form
higher-level tasks, enabling both granular capability tracking and targeted synthetic data
generation.

By isolating fundamental capabilities, we can analyze training dynamics to under-
stand which tasks are foundational for learning certain abilities. This approach could
accelerate learning on targeted capabilities while providing researchers tools to under-
stand model capabilities at a more granular level than current benchmarks allow.

4.4.2 Research Questions

Our investigation focuses on four key questions:
® Task Decomposition: How can we systematically decompose high-level NLP tasks
into individually benchmarkable subcomponents?

* Emergence Timing: When do elemental subtasks emerge during pretraining, and
is there a consistent developmental order across models and datasets?

e Capability Dependencies: Do certain elemental tasks serve as prerequisites for
others, and how do these dependencies affect overall task performance?

* Targeted Interventions: Can we accelerate training by strategically introducing
synthetic data for rate-limiting elemental skills, and does this transfer to composite
tasks?
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4.4.3 Proposed Experiments

Our research plan consists of three integrated components:

(1) Elemental Task Suite Development: We will design minimal-functionality tasks
spanning core cognitive abilities: copying mechanisms, in-context learning, basic arith-
metic, pattern completion, and memory retrieval. Each task will have controlled syn-
thetic variants enabling systematic evaluation. For instance, pattern completion (”a”:
“cat”, "b”: “dog”, “abb”: ) isolates copying abilities that underlie more complex behav-
iors.

(2) Training Dynamics Analysis: Using checkpoints from open-weights pretrained
models such as Olmo2 [198], we will track when each capability emerges and analyze
co-occurrence patterns. This will reveal whether certain elemental skills consistently
develop before others and identify potential bottlenecks in capability acquisition.

(3) Synthetic Data Interventions: For rate-limiting elemental tasks identified in
phase 2, we will generate targeted synthetic data and test whether early introduction ac-
celerates both elemental skill development and performance on composite downstream
tasks that depend on those skills.

4.4.4 Expected Outcomes

We expect to contribute the following deliverables with this project:

e Elemental Task Suite: We plan to release these tasks as a benchmark for others to
use, alongside synthetic data generators for each task and compositions of tasks.

® Circuit Development Tracking Methodology: There is currently no way to track
the development of circuits that perform tasks in a granular way in the course of
training. Part of this issue lies in the brittleness of current circuit discovery algo-
rithms. We plan to experiment with and develop methodology to do this if possi-
ble.

® Training Dynamics Characterization: We plan to release empirical findings on de-
velopmental ordering of elemental skills and identification of common bottlenecks
across models and datasets.
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4.5 Conclusion

In this chapter, we have moved beyond evaluating cognitively relevant skills and to-
wards linking final performance on downstream tasks to design decisions such as data
composition as well as the timing of specialized data introduction during pretraining.
We build on this to propose that we can enumerate and track elemental skills through-
out the course of training which can be composed to predict the performance of language
models on more complex tasks. In the next section, we focus on the natural culmination
of this line of thought: systematic improvement of specific capabilities in practice that
have been more resistant to improvement through model scaling, in many cases due to
limited data.
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CHAPTER b

\_SCAFFOLDING DEVELOPMENT FOR REAL-WORLD
TASKS

51 Background

In the previous chapters, we have diagnosed capability gaps motivated by cognitive sci-
ence and also developed a more granular understanding of how pretraining data im-
pacts downstream model capabilities. We now turn to targeted interventions for improv-
ing specific capabilities that are difficult to improve in the current training paradigm due
to data scarcity or a lack of flexibility in training.

We begin with a concrete example of targeted capability improvement: addressing
the challenge of translating idiomatic expressions (§5.2), which remain problematic de-
spite massive training corpora due to their cultural specificity and long-tail nature.

Building on these insights about targeted interventions, we propose working on a
more complex case: repository-level coding (§5.3), where the scarcity of high-quality
training data (pull requests with tests) limits model capabilities. We propose decom-
posing this complex skill into elemental components that can be synthetically generated
and composed.

Finally, but more speculatively, we also examine a natural extension of our capability-
centered framework: rather than externally diagnosing capability gaps, could models
learn to identify and address their own deficiencies during training? This preliminary in-
vestigation explores adaptive pretraining methods that could enable more autonomous
capability development (§5.4).
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5.2 Learning to Translate Idiomatically

5.2.1 Introduction

Idioms are conventionalized expressions whose intended meaning differs from their lit-
eral translation. Despite their abundance, they remain problematic for traditional ma-
chine translation systems, which tend to translate them literally, leading to incompre-
hensible outputs [58, 244 ]. While most work has focused on identifying this problem or
interpreting model behavior [58, 103 ], fewer efforts have attempted systematic remedies.

We frame this as a non-compositional translation problem encompassing idioms and
multi-word expressions that cannot be translated word-for-word. Through synthetic ex-
periments, we find that transformer models translate word-for-word until a threshold
proportion of sentences contain non-compositional expressions, then flip to correct trans-
lations. Commercial model evaluation across three languages confirms performance
drops on idiomatic sentences, with better performance on common idioms—suggesting
this follows patterns observed in other long-tail phenomena [131].

Building on this insight, we improve idiomatic translation in a pretrained model
(ALM) using two simple methods: upweighting training loss on potentially idiomatic
sentences and retrieval augmentation. Testing on French, Finnish, and Japanese idiom
datasets, we achieve 10.4% average improvement in absolute accuracy without harming
literal translation quality. Human evaluation shows 7.52% reduction in severe semantic
errors, demonstrating potential for addressing this critical barrier to translation accessi-
bility.

5.2.2 Non-Compositional Translation
Background on Idioms

Idioms are commonly understood to be fixed expressions that contradict the principle
of compositionality in language, which is to say that their meaning cannot be predicted
from the meanings of their parts [216, 227]. Idioms occur relatively frequently in all
languages, and are often challenging for non-native speakers [55]. For instance, a literal
translation of one Portuguese idiom is “it is from little that you twist the cucumber”. This
is difficult to understand. However, an equivalent English expression is "As the twig
is bent, so is the tree inclined”, which refers to actions during childhood influencing
behaviours that people have as adults [273]. This example illustrates the importance of
translating idioms using equivalent idioms from the target culture, or a paraphrase if
there is no equivalent.

Idiomatic expressions are heavily shaped by the culture of language speakers, includ-
ing religious beliefs, history, geography, and cuisine. For instance, food-related idioms
in English tend to refer to foods such as beef and potatoes, while in Chinese, these id-
ioms tend to refer more to rice and tofu [299]. Cross-cultural knowledge is important in
choosing a translation that conveys the proper intent to readers in the target language
[167]. Overly-literal translations and lack of broader context are two reasons why ma-
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chine translation is still not at parity with human translators, particularly when translat-
ing literary text [181, 199, 213].

Formal definition

We use the idea of non-compositionality to frame idiomatic translation more precisely.
Let £ = {xy,....,xy} be the set of tokens in the source language, and ¥ = {y;,....yp}
be the set of tokens in the target language. Suppose that we have an oracle function
TRANSLATE : &* — ¥%* that always produces a correct translation. We can imagine
this to be a helpful speaker who is perfectly familiar with both languages and never
misreads text. Then we can say that a multi-token string requires non-compositional
translation if it can be translated correctly by the oracle as a whole, but it cannot be
translated correctly by individually translating parts of the sentence and joining them
(according to the target language’s word order). In other words, for a string of tokens
X1sees Xy,

TRANSLATE(x,) # TRANSLATE( x,) (5.1)
i=1 Y i=1 X

We note that this definition is very general and also includes other phenomena such
as multi-word expressions and named entities. However, we can now use this definition
to create a relevant synthetic task, allowing us to observe translation compositionality
under different settings (§5.2.4).

5.2.3 Idioms and Data Collection

We can use the formal definition from the previous section to generate synthetic data
for experiments. However, we ultimately want to improve translation of real idioms. To
do so, we collect a dataset of natural sentences to evaluate commercial systems and the
model we seek to improve.

Although a large corpus of potentially idiomatic expressions exists in English [102],
there are no readily accessible equivalents in other languages. Therefore, we collected id-
ioms in French, Finnish, and Japanese from language-learning sites, listed in § F.2. These
languages were chosen for phylogenetic diversity, and due to availability of commercial
translation systems. In total, there were 148 French idioms collected, 92 in Finnish, and
1336 in Japanese.

To collect sentences containing these idioms, we matched on lemmatized forms from
the 2018 version of OpenSubtitles [ 166 |, where lemmatization was performed with Stanza
[221]. In total, there were 85632 French sentences containing potentially idiomatic ex-
pressions, 51811 Finnish sentences, and 23018 Japanese sentences. To filter out unaligned

1D, denotes string concatenation given the word order of language X, i.e. if the word order is SVO,

the tokens belonging to the subject should be placed in front of the tokens belonging to the verb, and so
on.
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sentences, we scored each source and reference sentence using COMET-QE [232] and re-
moved the bottom 10% of each language’s sentences by COMET-QE scores.

Some idioms have a plausible literal meaning (such as “kick the bucket” to mean
kicking a physical bucket). To make sure that all examples in the idiomatic test set were
actually idiomatic, we sorted sentences into an idiomatic test set where the idiomatic
meaning of a phrase was used (e.g. “to die”) and a literal test set, where the literal
meaning of the phrase was used (e.g. kicking a physical bucket). The first 100 exam-
ples containing each idiom’s lemmatized form were collected, and up to the first 3 (for
Japanese) or 5 (for Finnish and French) literal and figurative examples in this set were
collected to create the test set. This was to avoid dominance of very common idioms
in the test set. This created two test sets related to the idiom list for each language, the
idiomatic and literal test sets.

To validate these judgments, we hired native annotators in French and Finnish. They
were presented with examples from the final literal and idiomatic test sets in a shuffled
order, and asked to label them with idiomatic, literal, or N/A labels if they didn’t think
it was an instance of either. Agreement (Krippendorff’s a [39, 144]) in both cases was
moderately high (French @ = 0.5754, Finnish @ = 0.6454). Details can be found in § F.4.

Finally, we collect two random test sets, one which is in-domain and another which is
out-of-domain. For the in-domain test set, we simply select sentences from the develop-
ment set of OpenSubtitles (see § 5.2.6 for details on our split of OpenSubtitles). For the
out-of-domain test set, we use the Ted Talks corpus [233]. This is to ensure that transla-
tion quality of other, unrelated sentences is not impacted by any modifications meant to
improve translation of idioms. Topics discussed and vocabulary used in Ted Talks may
be slightly different from what is discussed in movies or TV shows, so training the model
on OpenSubtitles and testing on Ted Talks allows us to evaluate model generalization.
For both test sets, to control for translation length as a source of difficulty, sentences
were length-matched on the target side with corresponding sentences in the idiomatic
set. This created the random set, which is the same size as the idiomatic test set. All three
test sets are summarized in Table 5.1.

Language Idiom matches Idiomatic Literal Random (in) Random (out) Total

fr 85632 777 79 777 777 2410
fi 51811 449 81 449 449 1428
ja 23018 3253 389 3253 3253 10148

Table 5.1: Size of test sets for each language. The idiomatic and literal sentences con-
tain strings matching known idioms (after lemmatization), and the in-domain random
set contains unrelated sentences from OpenSubititles, but the out-of-domain random set
contains unrelated sentences from the Ted Talks corpus.
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5.2.4 Evaluating Non-Compositional Translation
Artificial Language Translation

We first use the definition of non-compositional translation in (§5.2.2) to create a syn-
thetic task. This allows us to gain an understanding of how much data is required to
memorize non-compositional patterns. Although this experiment is not realistic to nat-
ural language (notably, there is no token-level ambiguity in this experiment), we note
that using synthetic experiments allows us to easily extend the data generation setup
and examine model behaviour along many different conditions, such as informativity.

The source language in these experiments was composed of tokens 0 through 9,
X ={0,1,2,...,9}. The target language was produced by adding 10 to each token, Y =
{10, ..., 19}. The translation rule was to add 10 to the value of each token in the source
language, e.g. 0 — 10, 1 — 11. We add a single non-compositional rule that doesn't fol-
low this trend, 0 1 — 12 (rather than0 1 — 10 11). We limited the maximum sequence
length to 6 tokens.

We generated synthetic training corpora of several sizes containing different num-
bers of occurrences of the non-compositional rule 0 1 — 12 . The number of training
sentences ranged from 100k to 10M, while the number of noncompositional occurrences
ranged from 10 to 1IM. We examined two informativity conditions, corresponding to
the case where the context provides no information (tokens are randomized around the
non-compositional expression), and the context being perfectly informative. The per-
fect informativity condition was achieved by adding the canary token “11” to the source
vocabulary, and only inserting this token prior to the non-compositional pattern “0 1”.

We experimented with three different transformer sizes [274], each of which had a
hidden dimension and embedding size of 512, as well as 16 attention heads. Only the
number of encoder and decoder layers varied, such that the small transformer had 3
encoder and decoder layers, the medium transformer 8, and the large transformer 16.
We fix the number of epochs for the small, medium and large models to respectively be
10, 20, and 30 in the non-informative case and 15, 15 and 25 in the informative case.’
Further training details can be found in § F.1.

Although this may seem like a simple task, we found it surprisingly difficult for mod-
els to learn this non-compositional pattern. Results in each setting, averaged across 5 ran-
dom seeds, are presented in Figure 5.1. Especially for the small model, there is a sharp
gradation from translating none of the non-compositional expressions correctly to trans-
lating them all correctly, which occurs when roughly 10% of training data contains a non-
compositional pattern. A similar trend exists for larger models, but the threshold is less
distinct. This corroborates the tendency for transformers to translate non-compositional
phrases literally [58]. Comparatively less data is required when the context is infor-

’The number of training epochs was determined by the number of epochs it took for the validation loss
to plateau in the 100k size corpus with 1k non-compositional examples, rounded up to multiples of 5. This
was done to mimic the typical training process for MT models, which are trained until loss or accuracy
plateaus on a general dev set. Since idiomatic expressions tend to be uncommon compared to literal ones,
there may not be many in the dev or train sets, and so the model’s performance on idiomatic expressions
may not be tracked.
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Figure 5.1: Accuracy of a transformer in translating a non-compositional phrase after
training on datasets of different sizes, with different numbers of non-compositional pat-
terns (only non-compositional translation accuracy is depicted). Results are averaged
across 5 seeds, and standard deviation is shown.

mative, but the trends remain similar to the non-informative case. As model size and
corpus size increase, the rate of correct translations for non-compositional examples ac-
tually drops, contrary to expectation.

It is unlikely that any individual idioms occur in 10% of sentences in natural language.
Due to the highly regular translation rules in this synthetic language, there may be a
stronger bias toward translating compositionally in this experiment. However, we gain
the intuition that idioms can be translated effectively if they appear frequently, and that
clear context clues reduce data required.

Evaluation of Commercial Systems

Although synthetic experiments provide intuition on the difficulty of translating idioms,
one might ask whether similar results hold in natural language. To answer this, we
examine the performance of commercial systems on the test sets in (§5.2.3). Namely, we
examine Google Translate and DeepL on Finnish, French, and Japanese idiomatic, literal,
and random sentences. Results are in Table 5.2. We observe drops in translation quality
on idiomatic sentences in all languages, with lower automatic metrics overall.
Although it’s impossible for us to determine what data these commercial systems
were trained on, we examine the frequency of each idiom within OpenSubtitles as a
proxy for its overall frequency in the training data, and bucket idioms into quintiles
based on their occurrence frequency in source text. Asidioms become more frequent, the

88



quality of translations increases. An example of DeepL on the French idiom set is shown
in Figure 5.2. Trends for other languages and systems are in § F.8. This indicates that
like in the synthetic experiments, there may be strong frequency effects on translation
quality of idioms.

Language System BLEU METEOR BERTScore

fiidiomatic DeepL 0.1001 0.2497 0.8866
Google 0.0923 0.2250 0.8726

ALM-base 0.1608 0.3592 0.9126

fijiteral DeepL 0.1488 0.3908 0.9146
Google 0.1398 0.3577 0.9017

ALM-base  0.2093 0.5050 0.9350

fiandomout ~ DeepL 0.2052 0.4082 0.9103
Google 0.2288 0.4357 0.9062

ALM-base  0.2365 0.4971 0.9145

fridiomatic DeepL 0.1575 0.3278 0.9006
Google 0.1261 0.2794 0.8808

ALM-base 0.2001 0.4393 0.9211

fTliteral DeepL 0.2219 0.4022 0.9122
Google 0.2034 0.3830 0.9012

ALM-base 0.2778 0.5504 0.9377

frindomout  DeepL 0.2854 0.4650 0.9125
Google 0.3103 0.4922 0.9149

ALM-base 0.2778 0.5504 0.9377

J@idiomatic DeepL 0.1172 0.2735 0.8932
Google 0.0672 0.1839 0.8644

ALM-base 0.09048  0.2998 0.9234

JQiteral DeepL 0.1517 0.3440 0.9059
Google 0.0937 0.2565 0.8829

ALM-base 0.1416 0.4222 0.9222

Jarandom-out ~ DeepL 0.1074 0.2934 0.8878
Google 0.1079 0.2834 0.8829

ALM-base  0.0948 0.3436 0.8946

Table 5.2: Performance of commercial systems on idiomatic, literal, and random test sets.
There is a clear degradation in performance on idiomatic sentences.

5.2.5 Methods to Improve Non-Compositional Translation

We explore two methods to improve translation, loss weighting and kNN-MT. These
two methods are relatively simple to use, where loss weighting only requires a list of
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Figure 5.2: Automatic metrics — Quality of DeepL French translations on idiomatic test
set bucketed by idiom frequency. The bottom 20% of least common idioms are excluded,
as they may occur fewer than 3 times and not be in our test set.
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potentially idiomatic phrases in the source language, and kKNN-MT only requires enough
space on disk to save the datastores.

More formally, we consider the basic case of autoregressive machine translation, with
a set of parallel sentences in the source (X = {x(i)}fi ,) and target (Y = { y(i)}fi ,) lan-
guage: I = {(x',y), .., (x™), y))}. The model p, with parameters @ is trained by
minimizing the loss:

N
L0,2) =, (", pg(x)) (52)
i=1

Upweighting here refers to sentence-level upweighting, where there is a set of sen-
tences A that we’d like to upweight with a weight coefficient a. In this case, A would be
potentially idiomatic sentences. We keep all other parameters for training the same as
in the base model.

N
20.2)= Y, a0, py(xD)) (5.3)
i=1

KNN-MT augments a translation model with a retrieval component [138]. Given
each sentence (x, y), we construct a datastore with keys based on hidden representations
constructed from the translation model, and values being the next word in the target
sentence.

During generation, a probability distribution over next words can be computed based
on the retrieved next words and the distance of their keys to the current context. A
parameter A controls interpolation between the distribution over next words predicted
by the base model, and the distribution predicted by the retrieved k neighbours.?

WDi-G) D
P 1x93Y) D = Apan (Y

+ (1= DppyP|x, 39 (4)

, , (-’)‘
D10y

We also combine loss weighting with kKNN-MT, where a model is trained with sen-
tence upweighting and interpolated with a datastore based on representations from the
upweight-trained model.

Intuitively, these methods make sense to use for idiom translation — we have previ-
ously seen that one problem with non-compositional phrases may simply be their rarity.
Upweighting training examples that contain idioms may help with under-representation.
Furthermore, retrieving similar examples may find occurrences of the same idiom which
were translated correctly.

3We run a hyperparameter search using the validation set to find the best KNN-MT settings for each
language. Further details are in § F.3.
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5.2.6 Experimental Settings
Experimental Settings

We run experiments on ALM-base, a transformer encoder-decoder model with 360M
parameters, a larger version of which ranked first in the WMT21 multilingual translation
task [177,250]. We train one ALM model for each language pair. Each model was trained
for 2 million steps, and the checkpoint with the best loss on the validation set was kept.
Further details are in § F.3. To decode, we used beam search with a beam size of 5.

Data

Models were trained on OpenSubtitles for each language pair. Data from test sets were
removed, and 10% of the remaining data was used as a validation set. There were 33.8M
sentences in the fr-en train set, 22.0M in fi-en, and 1.6M in ja-en.
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Figure 5.3: Results of automatic metrics. In most cases, combining loss weighting with
KNN-MT improves automatic metrics the most on all three test sets, including the out-
of-distribution (Random) test set.

We use multiple automatic metrics to evaluate translation quality. However, due
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to the importance of accurate semantic evaluation, the authors (native English speak-
ers and fluent in French and Japanese) conduct a human evaluation inspired by MQM
[172]. Only errors that would fall under the“terminology” and “accuracy” error types
are considered, as we are focused on severe semantic errors. We give a score of 0 for
severe errors and a score of 0.5 for major errors. A score of 1 is given otherwise. Exact
evaluation standards are in § F.5.

5.2.7 Results
Automatic and Human Evaluation

In most cases, as reported in Figure 5.3, using a combination of sentence upweighting
and kNN-MT led to the greatest increase in automatic metrics on all three test sets, of
up to 3.08 BLEU points on the idiomatic test set (fr), 2.69 BLEU points on the literal test
set (fi), and 5.75 points on the random test set (fr). In all cases except ja-rand, using
one or more of these methods improved over the baseline. Exact numerical results are
in § F.10.

We evaluate the statistical significance of the results through a one-tailed permuta-
tion test [96]. Further details are in § F.6. Exact results are in § F.7. For Finnish, signif-
icance is achieved for all three test sets, and for French, significance is achieved for the
idiomatic and random test sets. For Japanese, values achieved are not significant, but
are borderline.

As our focus is on mitigating semantic errors, we mostly focus on the results of hu-
man evaluation, which are summarized in Table 5.3. Here, we also find that using both
sentence upweighting and kNN is the best condition in most cases, increasing accuracy
by roughly 13% in French and Finnish, and 4.5% in Japanese for idiomatic sentences.
Encouragingly, this does not overly harm translation of literal sentences, as accuracy
on the literal set either increases slightly (by roughly 4% in French and Finnish), or de-
creases very slightly (by roughly 0.4% in Japanese). For the random set, the combination
of sentence upweighting and kNN-MT by around 7% accuracy. However, in Japanese,
performance on the random test set decreases by 4%. In all cases except ja-rand, one or
more of these methods improves over the baseline.

We note that the Japanese model was trained on roughly 1/10th of the data of the
French and Finnish models, so its translations are not as high-quality. This also leads to
the construction of a much smaller datastore, which may lead to weaker performance
on the random set.

Error analysis

We repeat the frequency analysis performed on commercial systems (§5.2.4) for ALM,
and find that adding upweighting and kNN-MT generally improves translations at all
frequency levels. These increases are not concentrated in low-frequency idioms, so more
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base knn  upweight upweight + knn

fr-idioms 0.6177 0.6659 0.7010 0.7463
fr-literal 0.7039 0.7303 0.7105 0.7434
fr-rand-out 0.7526 0.8398 0.7477 0.8232
fi-idioms 0.4803 0.5562 0.5604 0.6194
fi-literal 0.7692 0.8462 0.8205 0.8141
fi-rand-out 0.7647 0.8235 0.7771 0.828
ja-idioms 0.4152 0.4286 0.4643 0.4598
ja-literal 0.6475 0.6516 0.6557 0.6434
ja-rand-out 0.6207 0.5560 0.5776 0.5862

Table 5.3: Human-judged accuracy on sentence-level semantics.

common idioms continue to be translated better.* A representative example (for French)
is in Figure 5.4. A complete set of plots are in § F.9.

We examine the rate of severe and major errors made in the base model and the
upweight+knn model in Table 5.4. In French and Finnish, the rate of critical errors de-
creased greatly, particularly in the idiomatic and random test sets. This is true to a lesser
extent in Japanese. Major errors also decreased to a lesser extent. The only test set where
errors increase is again the ja-rand test set. We note that it’s possible for the rate of major
errors to be higher in the upweight+knn model because some severe errors transitioned
to major errors.

One question is why the error rate on out-of-distribution sentences drops for French
and Finnish. In fi-rand, the severe error rate more than halves (0.1317 — 0.603), and
in fr-rand, it nearly halves (0.1624 — 0.09407). However, it is unclear why this should
be the case. We examined sentences where the original translation was incorrect but the
upweight+knn translation was correct, and found that they tended to contain named
entities. For instance, for the sentence “La chirurgie d coeur ouvert au Nigeria, c’est un gros
probléme. (Open heart surgery in Nigeria - big trouble.)”, the base model incorrectly
produced the translation “Open-heart surgery in Forbes, that’s a big problem.”, while the
upweight+knn model translated correctly. In some cases, words with multiple possible
translations (e.g. spectre: ghost, spectrum) became correctly translated. “Mais regardez
le nombre de lignes noires dans ce spectre. (But look at the number of black lines in that
spectrum.)” was originally translated incorrectly as “But look at the number of black
lines in that ghost”.

5.2.8 Related Work

Recent work has raised the issue of idiom handling in MT [16, 57, 58]. There is his-
torical recognition of the problem, including of multi-word expressions [37, 236, 307].

*This trend is different in retrieval of long-tail facts in question answering, in which retrieval flattens
out the difference between rare and common facts [131].
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Figure 5.4: Automatic metrics for fr-idiom sentences, plotted by frequency, for base and
upweight+knn.

This has historically motivated example-based machine translation [192]. Similar moti-
vations underlie the use of KNN-MT. However, neural models may already be capable
of translating idiomatic phrases if they appear often enough in training data.

Other works focus on data augmentation and creating new data resources [4, 71,
102, 110]. A related task is detection of conventionalized metaphors [156]. Automatic
identification of idiomatic phrases, as well as data augmentation are promising avenues
to improve performance in lower-resource languages.

Instance weighting has been explored previously in the MT literature, but has been
mostly explored in the context of domain adaptation, rather than being used to improve
translations of rare or non-compositional phrases in the same domain [77, 279].

Idiomatic phrases are a prototypical case of phrases that need to be memorized [103].
Many also occur infrequently in training data, which may make it difficult for transformer-
based models to translate them [131]. This can be mitigated, as we have shown in this
paper. However, more work is needed to effectively learn idioms and other infrequent
linguistic elements with few repetitions.
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System  Severe () Major ()

fi-idioms base 0.4258 0.1648
upweight+knn 0.3242 0.0962
fi-literal base 0.1728 0.1234
upweight+knn 0.1234 0.1358
fi-random base 0.1317 0.2009
upweight+knn 0.0603 0.2188
fr-idioms base 0.3042 0.1528
upweight+knn 0.198 0.1092
fr-literal base 0.2326 0.1047
upweight+knn 0.2209 0.04651
fr-random base 0.1624 0.1688
upweight+knn 0.09407 0.1649
ja-idioms base 0.4643 0.2411
upweight+knn 0.4464 0.1875
ja-literal base 0.2867 0.1311
upweight+knn 0.2787 0.1557
ja-random base 0.2931 0.1724
upweight+knn 0.3190 0.1897

Table 5.4: Rate of major and severe errors in translations.

5.2.9 Conclusion

We highlight the challenge idiomatic expressions pose to machine translation systems
and provide simple solutions to improve performance. Through synthetic experiments,
we identify a threshold at which transformer-based models correctly default to idiomatic
translations. We develop a dataset of sentences containing idiomatic expressions in
French, Finnish, and Japanese, and introduce two techniques - upweighting training
loss on potentially idiomatic sentences and augmenting models with KNN-MT - which
enhance the idiomatic translation accuracy of a strong model, while offering potential
benefits for non-idiomatic sentences.

Future research could extend these techniques to additional languages, and explore
their effectiveness in dealing with other long-tail phenomena. We hope that this work
contributes toward increasing the intelligibility of translations containing idioms or set
phrases. Ultimately, for machine translation to be useful for everyone without causing
misunderstandings, “last mile” problems involving cultural knowledge, long-tail phe-
nomena, and complex semantic evaluation should be taken into account.
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5.3 Skill-driven Model Training: A Study in Repo-level
Coding (proposed)

5.3.1 Motivation

Building on the elemental tasks framework from § 4.4, we propose to apply this decom-
position approach to a practical problem: training effective repo-level coding agents.
Current approaches to agent training face significant scalability limitations as tasks be-
come more complex and long-horizon. In the case of coding, high-quality repo-level
coding examples are constrained by the availability of high-quality pull requests with
tests. Specific datasets of trajectories have been generated for supervised fine-tuning use
with models, but we propose to make this process more targeted and scalable [204, 300].

Rather than training exclusively on complete issue-solving trajectories, we want to
tirst break down successful issue-solving into components such as file and function local-
ization, documentation writing, and interacting with files. We plan to experiment with
generating data for midtraining and SFT at scale from existing code repositories without
requiring execution, though we will test our approach by generating smaller amounts of
SFT data to begin with. Recent work has shown that midtraining on reasoning-intensive
tasks can yield improvements on GUI agent performance [311], motivating our work on
creating larger-scale agent training data in the code case as well.

Our hypothesis is that models trained on carefully designed elemental coding tasks
will demonstrate superior performance on complex repo-level tasks compared to those
trained solely on end-to-end trajectories, while providing greater interpretability about
which capabilities limit overall performance.

5.3.2 Research Questions

® Task Decomposition: How can we systematically decompose repo-level coding
tasks (issue resolution, feature implementation, debugging) into trainable elemen-
tal components that capture essential coding agent skills?

® Training Efficacy: Does targeted training on elemental tasks followed by integra-
tion training outperform direct training on complete trajectories for repo-level bench-
marks like SWE-Bench and Commit0 [126, 314]?

® Midtraining Benefits: Given the domain gap between natural language pretrain-
ing and coding agent behaviors, does a midtraining phase provide benefits over
simply performing supervised fine-tuning? If so, what makes good midtraining
data?

¢ Skill Transfer: How do improvements in specific elemental tasks correlate with
gains on composite downstream tasks, and can we predict overall coding agent
performance from elemental task proficiency?
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5.3.3 Expected Outcomes

* Improved performance on coding benchmarks: We will measure success by im-
provements on repo-level coding benchmarks using open source models such as
Qwen3 [298].

® Scalable data generation: We plan to release our elemental tasks for coding agents
so that others can generate synthetic training data corresponding to each task,
given their own raw code files or Github data.

* Understanding of bottlenecks in agentic tasks: Open-source models currently lag
behind closed-source models in complex coding tasks, but this is likely not due
to not training on enough code during pretraining. It is likely that some format
adaptation and targeted training on specific skills may eventually close this gap,
but it is unclear what is specifically lacking. We will attempt to answer this through
our experiments.
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5.4 Active Exploration in Language Model Training (pro-
posed)

5.4.1 Motivation

Lastly, we pivot from improving data use in the traditional training pipeline: although
the general approach of breaking down complex tasks into elemental ones and strategi-
cally adding data may be applicable to many different tasks, there is still significant hu-
man effort involved in designing elemental tasks, noticing gaps, and retraining models.
We have discussed how the typical pretrain to posttrain pipeline contrasts sharply with
human learning, which involves continuous capability development, self-assessment,
and self-directed learning throughout life. We ask whether we can improve models
through a more self-directed learning process for use in more open-ended tasks, in
which it might not be clear what data is necessary to for the model to train on.

Recent advances in self-play frameworks demonstrate that models can improve by
generating their own training problems in closed domains with clear verification (arith-
metic, coding) [44]. However, many consequential real-world tasks such as scientific
reasoning, creative writing, and research ideation fall into semi-verifiable domains where
feedback is subjective, sparse, or lacks binary correctness signals. These domains require
models to develop sophisticated self-assessment capabilities and adjust their learning
based on their self-assessment.

We propose extending current self-improvement paradigms to open-ended reason-
ing domains by developing frameworks for use cases such as scientific ideation and cre-
ative writing. Building on reinforcement pre-training approaches [ |, we investigate how
models can: (1) engage in exploratory hypothesis formation during generation rather
than simply predicting likely continuations, (2) develop internal reward mechanisms
for evaluating reasoning quality in semi-verifiable domains, and (3) autonomously re-
fine their reasoning capabilities through iterative self-assessment and targeted skill de-
velopment.

This approach addresses a critical gap: while existing methods excel in domains with
executable verification (mathematics, coding), this does not yet generalize to the com-
plex reasoning patterns required for scientific discovery, creative problem-solving, and
open-ended intellectual tasks that define much of human cognitive activity.

5.4.2 Research Questions

¢ Reinforcement Pre-training for Open-Ended Generation: How can we extend
reinforcement pre-training beyond next-token prediction to encourage exploratory
hypothesis formation and deeper deliberation in scientific reasoning domains?

* Graded Reward Systems: How can we develop reward mechanisms that capture
partial correctness, logical coherence, and originality rather than binary ground-
truth matching, enabling learning in semi-verifiable domains?
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* Autonomous Reward Model Induction: To what extent can models autonomously
discover latent evaluative principles (e.g., “claims must be supported by evidence”)
from contrastive examples and distill these into trainable reward models?

5.4.3 Proposed Approach

This proposal is more speculative as we anticipate working on this project after the other
proposed projects, but we plan to start by investigating whether models can learn to
evaluate and improve their own reasoning in open-ended domains.

We will follow the general setup of [65], but targeted to open-ended domains. As
such, we plan to use data from domains such as scientific papers from sources such
as arXiv or PeS20 [253], and creative writing from sources like published fiction and
creative writing datasets. For the first objective, we propose to assign graded rewards
reflecting partial correctness or logical coherence, rather than based on matching the
ground truth exactly. We will also explore ways to reward other qualities such as origi-
nality, as well as applying rewards on multiple levels of granularity (for instance, at the
sentence level as well as at the individual token level).

For training reward models for open-ended tasks, we need granular rewards that are
nonetheless based on clear concepts such as idea novelty or logical flow through ideas.
We propose to have models such as the generative verifiers induce latent evaluative prin-
ciples based on positive and negative examples (for instance, amateur vs. professional
writing or accepted vs. rejected grant submissions), following approaches like SALMON
which demonstrates how instructable reward models can generate scores based on arbi-
trary human-defined principles using synthetic preference data [263]. Such latent rules
could look like “each claim must be supported by previously introduced evidence”, or
“avoid extensive exposition when writing fictional stories”. These principles can then be
distilled into separate reward models which can be combined for fine-grained feedback.

Notably, both aims can be combined in a loop: the generative verifier used in rein-
forcement pre-training can be used to mine heuristics which can be distilled into reward
models, similar to the approaches where RL-trained generative verifiers are trained in an
interleaved manner with the generator [309]. Overall, this allows us to iteratively refine
model behaviour in open-ended domains, based on principled feedback, but without
having to collect preference data from humans explicitly.

100



5.5 Conclusion

In this chapter, we demonstrate how breaking down more complex tasks into simpler
forms and designing training interventions can translate into real-world improvements.
The proposed work on repository-level coding and adaptive exploration represent appli-
cations of the same principle: we can systematically decompose complex tasks into sim-
pler ones and create targeted training interventions for tasks that are not easily learned
through pretraining.
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CHAPTER 6

CONCLUSION

Note: This section will be expanded in the final dissertation document.

In this proposal, we evaluate capabilities that enable flexible reasoning in humans
in Chapter 3, identifying figurative language understanding, compositionality, and the
relationship between different forms of inference. Next, in Chapter 4 we investigate how
models develop specific capabilities during pretraining, showing that data composition
and training stage design, particularly midtraining, can strongly influence downstream
performance, and proposing “elemental skills” as a unit for tracking and accelerating de-
velopment. Finally, in Chapter 5 we apply these insights to guide targeted interventions
in machine translation, code generation, and creative reasoning.
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APPENDIX A

APPENDIX FOR CHAPTER 3.2

A.1 Crowdsourcing Details

We crowdsource metaphorical expressions and their interpretations through Amazon
Mechanical Turk. Workers were recruited from the United States and were limited to
those who had a > 98% approval rating on the platform, and who had also completed
more than 1000 Human Intelligence Tasks (HITs). Data collection was split into two
stages: in the first stage, 1458 train examples, and all the dev and test examples were
collected. In the second stage, the remaining 6558 training examples were collected. We
identified some workers who created especially good examples in the first stage, and
recruited them back for more examples in the second stage. Workers were paid $0.33 for
each pair of sentences and were asked to generate 3 pairs at a time. An author of this
paper wrote an initial pilot set of sentences, and timed themselves while writing some
sentences. They found that each pair took around 1 minute to write, though this varied
(less creative examples took less time, while more creative examples took more time).
This extrapolates to an hourly rate of 19.80 USD, which is above the minimum wage in
all US states, where workers were located.

Our HIT task was structured as follows: At the top of the page, the workers are shown
the following instructions: ”Your task is to generate three pairs of sentences with oppo-
site or very different meanings, both of which contain rare/creative metaphors, which
means metaphors that would not appear often in text on the Internet, books, social me-
dia, or news sites, but that can still be easily understood by people. For each metaphor,
you should also provide a literal (non-metaphorical) sentence with the same meaning.”
Then, we display one example of a valid sentence pair. There is a button that opens a
modal with more detailed instructions and some more valid/invalid examples for ref-
erence. Below that, we display three random words, which workers are encouraged to
use in their sentences if they get stuck. Finally, we display three sets of 5 text fields for
workers to fill in: one for the start phrase, two for each metaphorical phrase, and two
for each literal interpretation. As the user types in each start phrase, we prepend a copy
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of their phrase before the corresponding metaphor fields in the UI using some embed-
ded JavaScript, which we found helped reduce confusion and resulted in less improperly
formatted responses.

We launched many batches of these HITs until we had collected the desired quantity
of data. Then, we converted the form responses into sentence pairs and validated each
pair by hand before adding it to our dataset.

A.2 Invalid Examples

Figurative language examples collected from crowdworkers were excluded if they (a)
did not make sense given the meaning and metaphorical expression, (b) had grammar
or spelling errors that rendered them unintelligible, or (c) did not follow the format
specified by the task template.

Examples are given below:

1. Do not make sense given the meaning and the metaphorical expression

Paired sentences Possible answers
He was resourceful like toilet paper He was very resourceful.
He was resourceful like a mess He wasn’t resourceful at all
The night was as long as a spool of thread The night is long
The night was as long as a winding road The night dragged on
the concert of the lession is a main and a major we concert everyone
the concert of the lession features we concert our loved one

Table A.1: Examples that were rejected due to being nonsensical.

2. Significant grammar or spelling errors

Paired sentences Possible answers
fallten data are very much trusted fallten are nice
fallten data are very valuable flatten are safe
CAR S BIRD FEATHEAR CAR SITE IS ROUGH
CAR IS COTTON CAR SITE IS HARD
Inflation is as natural as Minnesota rainfall in June Inflation is perfectly natural

Inflation is as natural as Minnesota snowfall in June Patient is in a natural result of other things

Table A.2: Examples that were rejected due to having significant spelling or grammar
errors.

3. Do not follow format
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Paired sentences

Possible answers

This attack is as weak as a feather
This attack is as weak as a breeze

The attack is useless
The attack doesn’t work

My car motor is dusty like old cave
My car motor is dusty like abandon building

Car motor is very rusty
car motor is very dusty

the writer is stuck between a rock And another hard place He is just stuck doesnt have a choice

the writer is stuck between a rock And a pebble

The writer can get over the pebble

Table A.3: Examples that were rejected due to not following the specified format.

Efforts were made to ensure that the final dataset contains no offensive content or per-
sonally identifiable information. WorkerID and other potentially personally identifying

information were not included.

A.3 Backward accuracies

Model Zero-shot Fine-tuned (L)
GPT-2 52.18 52.00
GPT-neo 1.3B 54.36 63.44
GPT-3 Curie 58.46 74.83

Table A.4: Zero-shot and finetuned backward auto-regressive model accuracies on the

test set

A.4 Paired accuracies
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Accuracy

Model (pairs correct)
GPT-2 zero-shot 6.63
GPT-2 finetuned 5.06
GPT-neo zero-shot 10.3
GPT-neo finetuned 10.3
GPT-3 Curie zero-shot 17.4
GPT-3 Curie finetuned 50.0
BERT finetuned 70.6
RoBERTa finetuned 80.4
Human 89.7

Table A.5: Accuracy for models on the test set, counted in terms of pairs of sentences in
which both are correct (%). Results are from one run.

A.5 Accuracy breakdown by Part-of-Speech

A.5.1 Subject

Part of speech Accuracy Frequency

NN 0.8569 538
PRP 0.8526 156
PRP$ NN 0.9 110
NN NN 0.8889 63
DT NN 0.8182 44
NN NN NN 0.9375 32
JINN 0.9167 12

Table A.6: Accuracy breakdown and frequency of parts of speech in metaphor subjects.
Only part-of-speech patterns with greater than 10 occurrences are shown.

A.5.2 Relation
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Part of speech ~ Accuracy Frequency

VBZ NN IN 0.8421 152
VBD RB JJ IN 0.8904 146
VBZ RB]JJ IN 0.8889 99

VBZ 0.8352 91

VBD NN IN 0.8806 67

VBD 0.9180 61

VBN IN 0.9545 22
NN IN 0.8636 22
VBD JJ IN 0.9048 21
NNS IN 0.8889 18
VBD IN 0.8462 13
VBZ IN 1.0 13
VBDRB VBN IN  0.8182 11

Table A.7: Accuracy breakdown and frequency of parts of speech in metaphor relations.
Only part-of-speech patterns with greater than 10 occurrences are shown.

A.5.3 Object

Part of speech  Accuracy Frequency

NN 0.8788 429
NN NN 0.8992 129

JJ NN 0.8352 91

NN IN NN 0.8372 43
JJ NN NN 0.8710 31
NNNNNN 09130 23
VBG NN 0.9545 2
NNINJJNN  0.6154 13
PRP$ NN 1.0 11

] 0.6364 11
NNINNNNN  0.8182 11

Table A.8: Accuracy breakdown and frequency of parts of speech in metaphor objects.
Only part-of-speech patterns with greater than 10 occurrences are shown.

A.6 Accuracy breakdown by hypernyms

A.6.1 Subject
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Synset Accuracy Frequency

adult.n.01 0.8736 182
male.n.02 0.8684 152
woman.n.01 0.7391 46
female.n.02 0.9130 46
show.n.03 0.875 24
product.n.02 0.8636 22
motor_vehicle.n.01 0.9048 21
activity.n.01 0.8421 19
emotion.n.01 0.6667 18
publication.n.01 0.8333 18
feline.n.01 0.9375 16
being.n.01 0.7143 14
performer.n.01 0.8333 12
canine.n.02 12
body_covering.n.01 0.8333 12
vessel.n.03 0.8333 12
sound.n.01 1.0 12
domestic_animal.n.01 0.9167 12
person.n.01 0.8 10
scheme.n.01 0.9 10
contestant.n.01 1.0 10

Table A.9: Accuracy breakdown and frequency of WordNet hypernyms in metaphor
subjects. Only hypernyms with 10 or greater occurrences are shown.

A.6.2 Object
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Synset Accuracy Frequency

time_period.n.01 0.85 20
natural_object.n.01 0.8947 19
person.n.01 0.8824 17
large_integer.n.01 0.9286 14
adult.n.01 1.0 14
solid.n.01 0.9167 13
male.n.02 1.0 13
child.n.02 0.8333 12
body_of_water.n.01 0.75 12
body_covering.n.01 ~ 0.8333 12
digit.n.01 0.9167 12
region.n.01 0.8182 11
beverage.n.01 0.8182 11
juvenile.n.01 0.8182 11
container.n.01 0.9 10
rodent.n.01 0.9 10
feline.n.01 0.7 10
building.n.01 0.8 10
time_unit.n.01 0.9 10
travel.v.01 0.7 10

Table A.10: Accuracy breakdown and frequency of WordNet hypernyms in metaphor
objects. Only hypernyms with 10 or greater occurrences are shown.

Startphrase Completion Label
His temper was a marshmallow. That is to say, he was very easily angered, and once he was, he was very hard to cool down Incorrect
He’s got the swimming ability of a pack of dolphins. That is to say, he’s got none Incorrect
The villain is as beautiful as the Joker. That is to say, he’s not Correct
The child has the energy of a sloth. That is to say, he is lazy Correct
The girl moved as fast as a turtle. That is to say, she moved at a turtle’s pace Literal
The sadness of her death was a flea.That is to say, It was a flea that was a sadness Literal

Table A.11: Examples of completions generated by GPT-3 Davinci.

A.7 Generation examples

Generation examples can be found in Table A.11.
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APPENDIX B

APPENDIX FOR CHAPTER 3.3

B.1 Treebank dataset tree types

Due to space constraints, we only show the top 20 tree types. This can be found in Ta-

ble B.1.
Tree type Count Example
PP — IN NP 77716 ((in) (american romance))
S — NP-SBJ VP 62948 ((he) (said simultaneously, ”i wish they were emeralds”))
NP — DT NN 40876 ((the) (way))
NP — NP PP 35743 ((the temporal organization) (of the dance))
S — NP-SB] S|<VP-.> 24467 ((the partners) (said they already hold 15 % of all shares outstanding.))
VP - TO VP 21833 ((to) (be the enemy))
PP-LOC — IN NP 18005 ((in) (the marketplace))
NP — DT NP|<]JJ-NN> 14898 ((a) (professional linguist))
VP - MD VP 13575 ((could) (make up his mind))
VP —» VB NP 11838 ((evaluate) (the progress of therapy))
PP-TMP — IN NP 11032 ((for) (almost a year))
PP-CLR — IN NP 10054 ((from) (the most sympathetic angle))
NP — NNP NNP 9863 ((honolulu) (harbor))
NP — JJ NNS 9477 ((recent) (years))
VP - VBD VP 8356 ((was) (salted))
SBAR —» WHNP-1 S 8332 ((what) (to look for))
SBAR — IN S 7848  ((that) (it exceeds the company ’s annual sales and its market capitalizatior
NP-SB] — DT NN 7600 ((the) (rebound))
S — NP-SBJ-1 VP 7486 (draperies) (could be designed to serve structural purposes)
NP — NP SBAR 7317 ((the ” culture shock ”) (they might encounter in remote overseas posts)

Table B.1: Counts of the top 20 grammatical tree types found in the WS] and Brown
sections of the Penn Treebank, with some examples given.

113



B.2 Treebank dataset phrase lengths

B.3 Probe learning curves

Learning curves of the approximative probes (across 10 folds) are shown in Figure B.2.

B.4 Length Correlation

The correlations of the phrase length (in words) and compositionality scores in Treebank
are shown in Table B.2.

Model and representation Spearman p p-val

BERT(; 5 -0.0700 0.0
RoBERTacys 0.1659 0.0
DeBERTa 0.1166 0.0

BERT sy 0.7143 0.0
RoBERTa yy 0.7086 0.0
DeBERTa (. 0.7866 0.0

Table B.2: Spearman p correlation between phrase length (in words) and compositional-
ity score in the treebank.

B.5 Idiom and matched pair examples

Examples of idioms and the phrases they were matched with can be found in Table B.3.

Idiom Matched phrase Syntactic pattern Log £
Devil’s advocate Baker’s town JJ/dep/2 NN/pobj/0 Y
Act of darkness Abandonment of institution NN/dobj/0 IN/prep/1 NN/pobj/2 £

School of hard knocks Field of social studies NN/pobj/0 IN/prep/1 J]/amod /4 NNS/pobj/2

Table B.3: Examples of idioms with their matched phrases, selected based on having the
same syntactic pattern and most similar log frequency in the Syntactic Ngrams dataset.
Examples depicted here have the same log frequency. Note that the frequency is based
on the most common dependency and constituency pattern found in Syntactic NGrams.
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B.6 Error ratio of probes

Model/representation Probe Mean err. ratio (| )

BERT, ADD 0.4668
Wi 0.7806

w2 0.3903

LIN 0.3940

AFF 0.3908

MLP 0.3830

RoBERTac ADD 0.4152
Wi 0.7946

W2 0.2980

LIN 0.3063

AFF 0.3013

MLP 0.3065

DeBERTac g ADD 0.7577
W1 0.4661

W2 0.7090

LIN 0.6777

AFF 0.9373

MLP 0.5856

GPT-2, ADD 0.4668
Wi 0.7806

W2 0.3903

LIN 0.3940

AFF 0.3908

MLP 0.3830

BERT Ay ADD 0.3873
Wi 0.8060

w2 0.2167

LIN 0.2327

AFF 0.2098

MLP 0.2283

ROBERTa sy ADD 0.4504
Wi 0.8422

w2 0.2431

LIN 0.2471

AFF 0.2095

MLP 0.2181

DeBERTa y ADD 0.4472
Wi 0.8886

W2 0.3202

LIN 0.3143

AFF 0.3044

ap 0.2952

GPT-2yc ADD 0.5013
Wi 0.9074

W2 0.4226

LIN 0.4041
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Figure B.1: Length distribution of phrases mined from the treebank, in number of words.
The modal length was 3 words, followed closely by 2 words. Few phrases contained more

than 50 words.
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Figure B.2: Learning curves of approximative probes trained on differing percentages of
train data.
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B.7 Annotation setup and instructions

Annotators were recruited from a population of graduate students. Initially, 6 annotators
completed the pilot experiment, which consisted of 101 examples. The subset of three
annotators with highest agreement was asked if they would like to complete the full
study. One annotator in the highest-agreement group could not continue to the full
study, so this annotator was excluded, and the next group with highest agreement was
chosen. The agreement values in § 3.3.6 are for the final group of annotators chosen.

The experiment was implemented on the Qualtrics platform, and participants were
first presented with a consent form, linking to more background information on the
study, and informing them that their participation was entirely voluntary. After agree-
ing to the terms, participants were shown some examples and went through 3 practice
questions. The example given are shown in Figure B.3, and the annotation interface is
shown in Figure B.4 and Figure B.5. After completing the practice section, annotators
began annotating the real examples, which followed the same interface as the practice
examples.

Annotators were all located in the United States, paid approximately $15 per hour
for their work.
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Examples
The following examples illustrate some examples of compositionality. Compositionality

means that you can understand the meaning of a phrase from its parts.

Ivory tower - This means that someone or something is out of touch with ordinary people.
It doesn't mean "a white tower", and you wouldn't know what this means unless you came
across it before, so it should be marked as non-compositional.

Balance sheet - This means a spreadsheet that someone calculates ("balances") their
finances on. Its meaning can be inferred once you know what it is, but it might not be

obvious right away, so it should be marked as somewhat compositional.

Brown dog - This is a dog which is brown. You can fully figure out the meaning just from
the two words, so it is fully compositional.

Figure B.3: Examples of compositionality judgments shown to annotators
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Consider the following phrase:
Raining cats and dogs

If the phrase has both a literal and idiomatic meaning, please consider the idiomatic
meaning. E.g. “raining cats and dogs” could mean literal cats and dogs falling out of the
sky, but you should consider the usual meaning. Some of the phrases are quite rare, so
you should search up the meaning if you don't know it.

Please consider the two parts of this phrase individually:
Raining
Cats and dogs

Consider the most typical meaning of the two parts of the phrase.

How well can you understand the phrase by combining the most typical meaning of the
two parts of the phrase?

1. Not at all - you cannot understand the phrase from the typical meanings of its two
parts.

2. Somewhat - you can understand the phrase somewhat. You rmay have to guess its
meaning, or one of its parts is used in an atypical or figurative way.

3. Fully - you can completely understand the phrase by understanding the typical
meanings of its two parts.

1 - Mot compositional

2 - Somewhat compositional

3 - Fully compositional

Figure B.4: First page of annotation interface for a practice phrase
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Knowing the final meaning of the phrase Raining cats and dogs, how much do you think
Raining contributes to the final meaning?

1 - Not at all

2 - Somewhat

3 - A great deal or fully

Knowing the final meaning of the phrase Raining cats and dogs, how much do you think
Cats and dogs contributes to the final meaning?

1 - Not at all

2 - Somewhat

3 - A great deal or fully

Figure B.5: Second page of annotation interface for a practice phrase

122



B.8 Compositionality scores without anisotropy correction

The raw compositionality scores can be found in Table B.5.
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Model and representation Probe Mean reconstruction score Standard dev.

BERT ;5 ADD 0.9178 0.001159
W1 0.8382 0.003599
W2 0.9117 0.0007133
LIN 0.9258 0.0002285
AFF 0.9322 0.0002033
MLP 0.9276 0.0002108
RoOBERTa(; g ADD 0.99935 3.895 x1076
W1 0.99850 2.612 107
W2 0.99937 6.866 x107°
LIN 0.99946 4.735 x107°
AFF 0.99950 6.093 x107°
MLP 0.99947 4.719 x107°
DeBERTac; g ADD 0.99908 4.070 x107
W1 0.99762 2.900 x107>
W2 0.99911 1.399 1074
LIN 0.99928 8.963 x107>
AFF 0.99972 1.542 x107>
MLP 0.99965 2.323 107
BERT 4 ADD 0.8205 0.0003836
W1 0.5383 0.007471
W2 0.8893 0.03071
LIN 0.8873 0.003071
AFF 0.9069 0.002566
MLP 0.8904 0.002988
RoOBERTa 5y ADD 0.9752 0.0001306
W1 0.9274 0.001695
W2 0.9850 0.0005092
LIN 0.9858 0.0004573
AFF 0.9902 0.0003076
MLP 0.9890 0.0003981
DeBERTa ADD 0.9275 0.002634
W1 0.7368 0.001575
W2 0.9438 0.003321
LIN 0.9493 0.003036
AFF 0.9625 0.001814
MLP 0.9590 0.002145
GPT-2,c ADD 0.9960 0.0002833
W1 0.9791 0.0001214
W2 0.9965 0.0003359
LIN 0.9970 0.0003036
AFF 0.9984 0.0002617
MLP 0.9979 0.0001634

Table B.5: Mean reconstruction score (cosi{félsimilarity) and standard deviation of each
approximative probe across 10 folds. Not corrected for anisotropy in each representa-
tion/model type.
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B.9 AUC of approximative probes

Model and representation probe AUC
BERT ;g ADD  91.80
W1  83.82

W2 91.20

LIN 9257

AFF  93.20

MLP 9274

RoBERTac; g ADD  99.93
W1  99.84

W2 9993

LIN  99.94

AFF  99.93

MLP 99.94

DeBERTac; g ADD  99.90
W1  99.75

W2 99.90

LIN  99.92

AFF  99.94

MLP 99.95

MLP 99.95

GPT-2,,, ADD  96.16
W1 9594

W2 9597

LIN 9621

AFF  99.18

MLP 98.32

BERT pyq ADD 82.04
W1 5383

W2 88.10

LIN  88.68

AFF  90.63

MLP  88.96

RoBERTa pyq ADD 9751
W1 9273

W2 9849

LIN 9856

AFF  99.00

MLP  98.88

DeBERTa . ADD 9274
W1  73.67

W2 9438

LIN  94.89

126 AFF  96.21

MLP  95.75

GPT-2 oy ADD  99.60
W1  97.90

W2 9964



B.10 Mean deviation of phrase types by tree type

The mean deviation of the most common tree types can be found in Figure B.6.

B.11 Further named entity results

Named entity results can be found in Figure B.7 and Figure B.8.
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Figure B.7: Distributions of compositionality score for named entities and non-named
entities across model types and representation types. The AVG representation matches
the intuition that named entities are usually less semantically compositional, as they
point to an entity in the real world that may not relate to their name.
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Figure B.8: Visualization of distribution of compositionality scores across different types

of named entities.
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B.12 Frequency and length correlations

Model and representation Feature Spearman p p-val
BERT; g Word length 0.2182 3.055 x 10710%
BERT sy 0.007396 0.08722

RoBERTa; g 0.01686 0.6193
RoBERTa py 0.3653  4.773 x 10728+
DeBERTac g 0.4087 1.709 x 10735*
DeBERTa 0.4484 1.340 x 1074
GPT-2,, 0.3228 8.481 x 10722
GPT-2zvG 0.0.3125  1.719 x 1072%*
Human Word length 0.05666 0.1894
BERT g Frequency 0.2182 0.08193
BERT sy -0.08582 0.07899
RoBERTa; g 0.02548 0.9053
RoBERTa 5y -0.08354 0.08193
DeBERTac -0.1265 0.001459*
DeBERTa -0.2185  6.455x 10710%
GPT-2), -0.05750 0.3595
GPT-2,c 0.04382 0.5891
Human Frequency 0.008363 0.9053
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Table B.7: Correlations of frequency and length with human and model compositionality
scores. Corrected with Holm-Bonferroni correction.
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APPENDIX C

APPENDIX FOR CHAPTER 3.4

C.1 Model Inference Settings

Generation settings, as well as other details, used in the three domains are detailed here.
Each model was tested 6 times for each setting (few-shot, zs-cot...) at different tem-
peratures, and the aggregate results are shown in figures and tables throughout the
paper. The exact model versions used for gpt models were gpt-3.5-turbo-0613 and
gpt-4-1106-preview.

Functions When answering questions in the base task, gpt models were tested 3 times
each at temperature T = {0, 1} (note that T = 0 is nondeterministic in gpt models be-
cause of hardware). No max number of tokens was set for the generation. For 1lama
models, T = {0.1, 1} was used, also with no max number of tokens.

When generating hypotheses, we always used the same model as performed the base
task. That is to say, gpt-3.5-turbo would generate hypotheses used by gpt-3.5-turbo,
and so on. Hypotheses were always generated with a temperature above 0 to encourage
generation of diverse hypotheses. For gpt models, hypotheses were generated with 7' =
1 and for 1lama models, with T = 1.0625. The specific value for 11ama models was
because 11ama would usually generate the same hypothesis 5 times at T = 1, but higher
values greatly increased the number of nonsensical and badly formatted hypotheses.

When self-evaluating hypotheses, the verbalized confidence score was generated at
T = 0. When using the log-probabilities from text-davinci-002 to rerank hypotheses,
the model was also set to T' = 0.

Colours As in the functions domain, gpt models and 11ama models were respectively
tested 3 times each at temperature 7' = {0,1} and 7' = {0.1, 1} with no max number of
tokens.

When generating hypotheses, T = 1 was used for all models.

When self-evaluating hypotheses, settings were the same as in the functions domain.

Kalamang For the base translation task, the same settings were used for generation
as in Tanzer et al. [267]. Due to cost constraints, we ran only once in each translation
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direction on each setting with 7" = 0.05.

Vocabulary hypotheses for all models were generated with T = 1. Grammar feature
hypotheses were generated independently of translations, and the first non-null hypoth-
esis was chosen due to cost constraints. T = 0.7 was used for gpt grammar hypotheses,
and T = 1 was used for 11ama grammar hypotheses.

When self-evaluating hypotheses, T' = 0 was once again used for all models.
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C.2 Prompts for Linear Functions Domain

Table C.1: Prompts for the functions domain. Newlines are depicted visually for ease of
reading. Variables substituted per question are marked like {this}. The wording for the
“prompt with self-induced hypothesis” and “zero-shot chain-of-thought prompt” was
slightly changed from the few-shot examples prompt to reduce formatting errors.

Prompt Type

Usage

Prompt Text

Base system

For reasoning

You are a problem solving system. Your

prompt Wm“”“rm“ job is to use the input-output pairs to
examples
solve the problem as well as you can.
Hypothesis For proposing You are a pattern recognition system.
proposal system  hypothesesbased  your job is to come up with a function
prompt on in-context .
examples that describes the data as well as you
can.
Instruction For applying a You are a problem solving system. Your
following system proposed

job is to apply the function to the

prompt hypothesis or .
ground-truth data in order to produce an answer.
hypothesis to the
input
Few-shot For reasoning Return the output preceded by ! Output !

examples prompt

with in-context
examples only

{inputi1}
{outputi}

Input:
Output:

Input:
Output:

{input2}
{output2}

Input: {query input}

Prompt with
ground-truth
hypothesis

Used when
prompting the
model to directly
apply the correct
hypothesis to the
input. In-context
examples are also
included.

Function:
{The real function}

Examples:
Input: {inputl}
Output: {outputl}

Input:
Output:

{input2}
{output2}

Return the output preceded by 'Output:'
Input: {query input}
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Table C.1: Prompts for the functions domain. Newlines are depicted visually for ease of
reading. Variables substituted per question are marked like {this}. The wording for the
“prompt with self-induced hypothesis” and “zero-shot chain-of-thought prompt” was
slightly changed from the few-shot examples prompt to reduce formatting errors.

Prompt Type Usage Prompt Text

Prompt for Havethemodel =~ Write the function that captures
hypothesis proposeasingle  the relationship between inputs and
induction hypothesis for the

function based on
in-context
examples

outputs.

You should write it in the form y = a
x"0 + b x71.

Input: {inputl}

Output: {outputl}

Input:
Output:

{input2}
{output2}

Function (please write explicitly in
the exact form 'Output: y = a x"0 + b
x"1'):

Prompt with a Same as

self-induced ground-truth
version, but with

a self-generated

hypothesis

hypothesis;
wording adjusted
to reduce
formatting errors

Use this function to apply to the input
example to get the correct output.

{model's hypothesis}

However, just write the output like
what's shown in these examples.
Input: {inputi}

Output: {outputl}

Input: {input2}

Output: {output2}

Return the output preceded by 'Output:'
Input: {query input}
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Table C.1: Prompts for the functions domain. Newlines are depicted visually for ease of
reading. Variables substituted per question are marked like {this}. The wording for the
“prompt with self-induced hypothesis” and “zero-shot chain-of-thought prompt” was
slightly changed from the few-shot examples prompt to reduce formatting errors.

Prompt Type Usage Prompt Text
Prompt for Encourage Return the output preceded by 'Final
zero-shot step-by-step Output A
chain-of-thought reasoning

Input: {inputi}
Output: {outputl}

Input: {input2}
Output: {output2}

Let's think step by step about what the
function could be. Remember to write
down 'Final Output:' before your final
answer.

Input: {query input}

Prompt for Prompt a How likely is this hypothesis about the
p p
hypothesis languagemodel  fynction to be true given the data?
probability to directly score
estimate hypotheses for
reranking Examp les:

Input: {inputil}
Output: {outputil}

Input: {input2}
Output: {output2}

Function explanation: {model's
hypothesis}

Please give a probability between 0O

and 1 inclusive, and only answer with a
number.

Probability:
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Table C.1: Prompts for the functions domain. Newlines are depicted visually for ease of
reading. Variables substituted per question are marked like {this}. The wording for the
“prompt with self-induced hypothesis” and “zero-shot chain-of-thought prompt” was
slightly changed from the few-shot examples prompt to reduce formatting errors.

Prompt Type Usage Prompt Text
Prompt for data Rerank These are examples of applying this
logprobs given hypotheses using function:

hyp estimate log-probabilities

under the data {mOdel 's hypOtheSi S}

Examples:
Input: {inputl}
Output: {outputl}

Input: {input2}
Output: {output2}
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C.3 Prediction Fit of Other Models On Linear Functions

?? shows predictions made by each model when using a few-shot prompt, true instruc-
tion, or self-induced instruction.

C.4 Predicted Coefficients compared to Real Coefficients
in Linear Functions

2?2 plots model hypotheses about the coefficients of x” and x! in a linear function against
the actual coefficients

C.5 Grammar and Details of Colours Domain

The rules of the colours domain are expressed through production rules below. Models
were found to respond better to verbal instructions than formal ones in initial testing
(e.g. a verbal statement “repeat twice” rather than [[x]]bluf — [[x]][[x]])

Listing C.1: Grammar of the colours language, as presented to LMs.

lug -> blue

dax -> green

wif -> red

zup —> yellow

bluf -> repeat the last action twice

walm -> repeat the last action three times

Training and test data was automatically generated by generating sentences of up to 5
nonce words on the source side, with shorter sentences being more likely (the respective
probabilities for sentence lengths from 1 to 5 are [0.4, 0.3, 0.15, 0.1, 0.05]). Each colour
could also be repeated with the repeat actions, and whether repeat nonce words were
inserted was also random, though skewed toward no repetition (the probabilities were
respectively [0.8, 0.1, 0.1] for no repeats, one repeat, or two repeats). A repeat term
never followed another repeat term, and the same colour word never appeared twice
consecutively to make it easier to learn the repeat terms.

Additionally, we provided a fixed set of few-shot examples that covered all the nonce
terms:

Listing C.2: Few-shot examples in the colours translation task

Input: lug dax
Output: blue green

Input: wif zup
OQutput: red yellow
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Input: lug bluf
Output: blue blue

Input: wif walm
Output: red red red

Input: lug walm dax bluf
Output: blue blue blue green green

C.6 Prompts for Colours Domain

Table C.2: Prompts for the colours domain. Newlines are depicted visually for ease
of reading. Variables that are substituted depending on the question are marked like
{this}. The "prompt with a self-induced hypothesis” was slightly modified from the
base prompt in order to encourage models to follow the correct formatting, while the
“prompt for zero-shot chain-of-thought” was slightly modified to encourage models to
generate a concrete chain of thought, and also to follow the correct formatting.

Prompt Type Usage Prompt Text
Base system Forreasoning ~ You are a problem solving system. Your
prompt with in-context

job is to use the input-output pairs to

examples [
solve the problem as well as you can.
Hypothesis For proposing You are a rule induction system.
proposal system  hypothesesbased  your job is to figure out the rules
prompt on in-context .
examples underlying a problem and report on
them. Use the examples to guide your
thinking.
Instruction For applying a You are a parser. Carefully use the
following system proposed grammar to parse inputs to determine
prompt hypothesis or
ground-truth the correct output.
hypothesis to the
input
Few-shot For reasoning Return the output preceded by 'Output:'
examples prompt with in-context Input . {input 1}

examples only

Output: {outputl}

Input: {input2}
Output: {output2}

Input: {query input}
Remember to start your answer with
'Output:
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Table C.2: Prompts for the colours domain. Newlines are depicted visually for ease
of reading. Variables that are substituted depending on the question are marked like
{this}. The "prompt with a self-induced hypothesis” was slightly modified from the
base prompt in order to encourage models to follow the correct formatting, while the
“prompt for zero-shot chain-of-thought” was slightly modified to encourage models to
generate a concrete chain of thought, and also to follow the correct formatting.

Prompt Type Usage Prompt Text
Prompt with Used when Use this grammar to parse the input
ground-truth prompting the examp le

hypothesis model to directly

apply the correct  ©O g€t the correct output.
hypothesis to the Grammar :

input. In-context 4] ours domain grammar}
examples are also

included.
Examples:
Input: {inputil}
Output: {outputl}
Input: {input2}
Output: {output2}
Return the output preceded by 'Output:'
Input: {query input}
Prompt for Usedtohavethe ~The below examples contain the nonce
hypothesis model propose a word {word}.
induction single hypothesis
for the translation
of a word. Using the examples, deduce what {word}

means.
Input: {inputil}
Output: {outputil}

Input: {input2}
Output: {output2}

Write your answer like this: {word} ->
meaning.

Meaning can be a word or a general rule
dependent on the context.

Rule:
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Table C.2: Prompts for the colours domain. Newlines are depicted visually for ease
of reading. Variables that are substituted depending on the question are marked like
{this}. The "prompt with a self-induced hypothesis” was slightly modified from the
base prompt in order to encourage models to follow the correct formatting, while the
“prompt for zero-shot chain-of-thought” was slightly modified to encourage models to
generate a concrete chain of thought, and also to follow the correct formatting.

Prompt Type Usage Prompt Text
Prompt with a Usedsimilarly to ~ Use this grammar to parse the input
self-induced the “prompt with o4 amp le
hypothesis ground-truth
hypothesis”, to get the correct output.

except with a
self-generated

1 .
hypothesis. The {model's hypothesis grammar}

wording is
slightly changed.  However, just write the output like
what's shown in these examples.
Input: {inputl}
Output: {outputll}
Input: {input2}
Output: {output2}

Return the output preceded by 'Output:'
Input: {query input}

Prompt for Used to Return the output preceded by 'Final
zero-shot encourage the Output o
chain-of-thought model to generate

a chain of IHPUt : {iHPUt 1}
thought. Output: {outputl}

Input: {input2}
Output: {output2}

Let's think step by step about what the
translation could be.

Work through your answer step by step
and show your work.

Remember to write down 'Final Output:'
before your final answer.

Input: {query input}
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Table C.2: Prompts for the colours domain. Newlines are depicted visually for ease
of reading. Variables that are substituted depending on the question are marked like
{this}. The "prompt with a self-induced hypothesis” was slightly modified from the
base prompt in order to encourage models to follow the correct formatting, while the
“prompt for zero-shot chain-of-thought” was slightly modified to encourage models to
generate a concrete chain of thought, and also to follow the correct formatting.

Prompt Type Usage Prompt Text
Prompt for Used toprompta These are examples of the
hypothesis languagemodel  trapnslation of the word {word}.
probability directly for
estimate reranking
hypotheses Examples:

Input: {inputl}
Output: {outputl}

Input: {input2}
Output: {output2}

Given these examples, how likely is
this hypothesis about the meaning of
{word}?

{model's word hypothesis}

Please give a probability between O
and 1 inclusive,
and only answer with a number.

Probability:
Prompt for data Usedtorerank ~ These are examples of applying this
logprobs given hypothesesbased  fynction:

hyp estimate on logprobs.

{model's word hypothesis}

Examples:
Input: {inputl}
Output: {outputl}

Input: {input2}
Output: {output2}
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C.7 chrF For Colours Domain

?? depicts the mean chrF score over 6 trials for each model in each setting. Reranking
methods are averaged for instruction-induction.

C.8 Vocabulary Induction Accuracy for Colours Domain

We show in Table C.3 the mean accuracy for each colour term for gpt models, computed
over all selected (highest-ranked) word hypotheses. Point-biserial correlation between
hypothesis correctness (in the instruction-induction case) and few-shot correctness is
also shown. P-values are corrected with FDR in the trials for each model. We performed
the correction per model rather than across all models because we were separately inter-
ested in the behaviour of each model. We parsed the production rule generated by the
model in order to determine hypothesis correctness.
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Table C.3: Vocabulary induction correctness and relation to few-shot translation correct-
ness for gpt models. Significant correlations after correction for multiple comparisons

are bolded.
Model Word method Mean Correctness Correlation p-value  p-value corrected
gpt-3.5-turbo lug  verbal_conf  0.604859335038363  -0.0370824643671235 0.300350893877687 0.52561406
gpt-3.5-turbo dax  verbal_conf  0.233072916666666  0.0669078409779957  0.0638449077681366 0.29564626
gpt-3.5-turbo wif  verbal_conf  0.329268292682926  0.0360864838621108 0.646415727402187 0.82271093
gpt-3.5-turbo zup  verbal_conf 0.61 0.154599744147798  0.0288284171902121 0.20179892
gpt-3.5-turbo bluf  verbal_conf 0 - - -
gpt-3.5-turbo walm  verbal_conf 0 - - -
gpt-4-turbo lug  verbal_conf  0.875763747454175  0.0439535251603629 0.168735841765082 3.58e-1
gpt-4-turbo dax  verbal_conf  0.921487603305785  -0.0418339829001646 0.193444842357041 3.58e-1
gpt-4-turbo wif  verbal_conf  0.865853658536585  0.0447789368805147 0.569118855838926 7.32e-1
gpt-4-turbo zup  verbal_conf 0.87 0.0579317588377811 0.415170703498878 5.75e-1
gpt-4-turbo bluf  verbal_conf  0.153846153846153 0.130289326661761 0.255554806693343 3.83e-1
gpt-4-turbo walm  verbal_conf 0.171428571428571 0.0489476613672 0.687394764355678 7.55e-1
gpt-3.5-turbo lug p_data 0.28772378516624  0.0591580864392629  0.0983076746979401 0.29564626
gpt-3.5-turbo dax p_data 0.10546875  0.00996669750420649 0.782730731634431 0.84294079
gpt-3.5-turbo wif p_data  0.195121951219512 0.24388397206115  0.00164950240178991 0.02309303
gpt-3.5-turbo zup p_data 0.4 -0.114775306453679 0.105587948530317 0.29564626
gpt-3.5-turbo bluf p_data  0.0769230769230769 -0.1673596703488 0.143038746170574 0.33375707
gpt-3.5-turbo  walm p_data 0 - - -
gpt-4-turbo lug p_data  0.731160896130346  -0.0803208788270973  0.0118067271484766 5.31e-2
gpt-4-turbo dax p_data  0.733471074380165  -0.0411584340901287 0.200743028038944 3.58e-1
gpt-4-turbo wif p_data  0.768292682926829  -0.0255095864281423 0.745759257358691 7.55e-1
gpt-4-turbo zup p_data 0.76  0.0221788843765235 0.755246389745868 7.55e-1
gpt-4-turbo bluf p_data  0.102564102564102 -0.140859042454752 0.218662613923779 3.58e-1
gpt-4-turbo walm p_data  0.142857142857142 -0.263591223386182  0.0274677998646683 9.8%-2
gpt-3.5-turbo lug p_answer  0.436061381074168  -0.0128717673177528 0.719304414221268 0.83918848
gpt-3.5-turbo dax p_answer  0.190104166666666  0.00399825404003988 0.9119154429019 0.91191544
gpt-3.5-turbo wif p_answer  0.353658536585365  -0.0743944887571608 0.343771340895407 0.53475542
gpt-3.5-turbo zup p_answer 0.59  -0.0879883939992145 0.21536453378319 0.43072907
gpt-3.5-turbo bluf p_answer  0.0512820512820512  -0.0551410966570355 0.631586163340137 0.82271093
gpt-3.5-turbo  walm p_answer 0 - - -
gpt-4-turbo lug p_answer 0.70468431771894  -0.0661341939950676  0.0382590601605542 1.15e-1
gpt-4-turbo dax p_answer 0.712809917355371 0.188125007589795 3.67e-9 6.61e-8
gpt-4-turbo wif p_answer  0.817073170731707 -0.249727938065423  0.00126030696185871 1.13e-2
gpt-4-turbo zup p_answer 0.68 -0.142141439177509  0.0446656422362514 1.15e-1
gpt-4-turbo bluf p_answer 0.23076923076923 -0.294147299400922  0.00894893196851883 5.31e-2
gpt-4-turbo walm p_answer  0.0571428571428571  -0.0578005412233204 0.634584373040489 7.55e-1
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C.9 MTOB Experimental Settings

We generally used the same experimental setup as in mtob. For the few-shot condition,
we used two reference sentences for each word on the source side, selected via longest
subsequence. For the true-instruction setting, we used reference sentences, in addi-
tion to the wordlist and true grammar sketch. For each word in the source sentence, the
most similar word from the wordlist was also retrieved based on the longest common
substring. In the instruction-inference settings, the model’s self-induced grammar
sketch was substituted for the true grammar sketch, and the model was also prompted
to first create hypotheses about the translation of each word in the source sentence.

At the time that we conducted experiments, the Kalamang to English training set
was not available, so we created this training set by reversing the source and target in
the English to Kalamang training set. This may have slightly harmed translations in
this direction, as this caused the training set to be different from the one reported in the
benchmark results.

C.10 MTOB Prompts

Table C.4: Prompts for Kalamang translation with MTOB. We follow the same prompt
formatting as in Tanzer et al. [267], with the exception of replacing retrieved grammar
book passages with the grammar sketch in § C.11. Newlines are depicted visually for
ease of reading. Variables that are substituted depending on the question are marked
like {this}. The English to Kalamang direction is depicted in the examples. “” indicates
that the prompt is the same as in § C.6.

Prompt Type Usage Prompt Text

nn

Base system
prompt

For reasoning
with in-context
examples

Hypothesis
proposal system
prompt
(Grammar)

For proposing
grammar feature
hypotheses based

on in-context
examples

nn

Hypothesis
proposal system
prompt (Vocab)

For proposing
vocabulary
mappings based
on in-context
examples

nn

Instruction
following system
prompt

For applying a
proposed
hypothesis or
ground-truth
hypothesis to the
input

nn
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Table C.4: Prompts for Kalamang translation with MTOB. We follow the same prompt
formatting as in Tanzer et al. [267], with the exception of replacing retrieved grammar
book passages with the grammar sketch in § C.11. Newlines are depicted visually for
ease of reading. Variables that are substituted depending on the question are marked
like {this}. The English to Kalamang direction is depicted in the examples. “” indicates
that the prompt is the same as in § C.6.

Prompt Type Usage Prompt Text

Few-shot For reasoning Human: Kalamang is a language spoken on
examples prompt with in-context the Karas Islands
examples only . .
in West Papua. Translate the following
sentence
from English to Kalamang:
{query input}

To help with the translation, here is a
translated sentence with words

similar to “{word}' in a list of
translated

Kalamang-English reference sentences:

English sentence: {eng sentence}
Kalamang translation: {kgv sentence}
<Repeated for all words>

Now write the translation.

English: {query input}

Kalamang translation:
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Table C.4: Prompts for Kalamang translation with MTOB. We follow the same prompt
formatting as in Tanzer et al. [267], with the exception of replacing retrieved grammar
book passages with the grammar sketch in § C.11. Newlines are depicted visually for
ease of reading. Variables that are substituted depending on the question are marked
like {this}. The English to Kalamang direction is depicted in the examples. “” indicates
that the prompt is the same as in § C.6.

Prompt Type Usage Prompt Text
Prompt with Used when Human: Kalamang is a language spoken on
ground-truth prompting the the Karas Islands

hypothesis model to directly

apply the correct LT West Papua. Translate the following
hypothesis to the sentence
input. In-context  £yon English to Kalamang:
examples are also ‘
included. { query input }

To help with the translation, here is
one of the closest

entries to “{word}' in the
Kalamang=English bilingual dictionary:
English word or phrase: ~{word}'
Kalamang translation: “{translation}'
<Repeated for all words>

To help with the translation, here is a
translated sentence with words

similar to “{word}' in a list of
translated

Kalamang-English reference sentences:

English sentence: {eng sentence}
Kalamang translation: {kgv sentence}
<Repeated for all words>

To help with the translation, here's
a grammar sketch of Kalamang:
{grammar sketch}

Now write the translation.
English: {query input}
Kalamang translation:
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Table C.4: Prompts for Kalamang translation with MTOB. We follow the same prompt
formatting as in Tanzer et al. [267], with the exception of replacing retrieved grammar
book passages with the grammar sketch in § C.11. Newlines are depicted visually for
ease of reading. Variables that are substituted depending on the question are marked
like {this}. The English to Kalamang direction is depicted in the examples. “” indicates
that the prompt is the same as in § C.6.

Prompt Type Usage Prompt Text
Prompt for Usedtohavethe ~The following sentences contain the
hypothesis model propose a word “{word}' in Engli sh.
induction single hypothesis
for the translation
of a word. Examples :

English sentence: {eng sentence}
Kalamang translation: {kgv sentence}

What is the Kalamang translation of the
word “{word}'?

Write your answer like this: {English
word} -> {Kalamang translation}.
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Table C.4: Prompts for Kalamang translation with MTOB. We follow the same prompt
formatting as in Tanzer et al. [267], with the exception of replacing retrieved grammar
book passages with the grammar sketch in § C.11. Newlines are depicted visually for
ease of reading. Variables that are substituted depending on the question are marked
like {this}. The English to Kalamang direction is depicted in the examples. “” indicates
that the prompt is the same as in § C.6.

Prompt Type Usage Prompt Text
Prompt with a Used similarly to ~ Human: Kalamang is a language spoken on
self-induced the “prompt with  +} o Karas Islands
hypothesis ground-truth . .
hypothesis”, in West Papua. Translate the following
except with a sentence
self-generated from English to Kalamang:
hypothesis. The .
wording is { query input by

slightly changed.
To help with the translation, here is
one of the closest
entries to “{word}' in the
Kalamang=English bilingual dictionary:
English word or phrase: ~{word}'
Kalamang translation: ~{hypothesis
translation}'
<Repeated for all words>

To help with the translation, here is a
translated sentence with words

similar to “{word}' in a list of
translated

Kalamang-English reference sentences:

English sentence: {eng sentence}
Kalamang translation: {kgv sentence}
<Repeated for all words>

To help with the translation, here's
a grammar sketch of Kalamang:
{hypothesis grammar sketch}

Now write the translation.
English: {query input}
Kalamang translation:
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Table C.4: Prompts for Kalamang translation with MTOB. We follow the same prompt
formatting as in Tanzer et al. [267], with the exception of replacing retrieved grammar
book passages with the grammar sketch in § C.11. Newlines are depicted visually for
ease of reading. Variables that are substituted depending on the question are marked
like {this}. The English to Kalamang direction is depicted in the examples. “” indicates
that the prompt is the same as in § C.6.

Prompt Type Usage Prompt Text
Prompt for Used to Human: Kalamang is a language spoken on
zero-shot encourage the the Karas Islands

chain-of-thought model to generate . .
a chain of in West Papua. Translate the following

thought. sentence
from English to Kalamang:
{query input}

To help with the translation, here is a
translated sentence with words

similar to “{word}' in a list of
translated

Kalamang-English reference sentences:

English sentence: {eng sentence}
Kalamang translation: {kgv sentence}
<Repeated for all words>

Let's think step by step about what the
translation could be.

Now write the translation.

English: {query input}

Kalamang translation:

rompt for sed to prompt a r X
Prompt f Used to promp These are examples of the
hypothesis languagemodel  tyranslation of the word {word}.
probability directly for
estimate reranking
hypotheses Examples :

{example translation pairs}

Given these examples, how likely is
this hypothesis about the meaning of
{word}?

{model's word hypothesis}

Please give a probability between O
and 1 inclusive,

and only answer with a number.
Probability:
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Table C.4: Prompts for Kalamang translation with MTOB. We follow the same prompt
formatting as in Tanzer et al. [267], with the exception of replacing retrieved grammar
book passages with the grammar sketch in § C.11. Newlines are depicted visually for
ease of reading. Variables that are substituted depending on the question are marked
like {this}. The English to Kalamang direction is depicted in the examples. “” indicates
that the prompt is the same as in § C.6.

Prompt Type Usage Prompt Text

Prompt for data Usedtorerank ~ These are examples of sentences that
logprobs given hypotheses based contain the word {word}:
hyp estimate on logprobs. R A A
This is the translation of the word:
{model's word hypothesis}

Examples:
{example translation pairs}

C.11 Kalamang Grammar Sketch

Listing C.3: Grammar sketch for Kalamang, compiled from WALS and Grambank fea-
tures.

=== Start of grammar sketch ===

Basic Word Order: SV (Subject-Verb), OV (Object-Verb)

Noun Phrase Construction: Postpositional, Genitive-Noun, Noun-Adjective,
Noun-Demonstrative, Noun-Num, Possessed-Possessor

Articles: No definite/specific or indefinite articles

Morphological Marking: No productive singular, dual, or plural marking on
nouns; Possession marked by suffix on the possessed noun; Tense marked by

auxiliary particle

Syntactic Alignment: Accusative

Negation: Standard negation marked clause-finally; Distinct imperative
negation

Reduplication: Both verbs and nouns can be reduplicated

=== End of grammar sketch ===

C.12 Predicted Kalamang Grammar Sketches and Accuracy

Listing C.4: Grammar sketch for Kalamang, generated by GPT-3.5-turbo. Each feature
was predicted individually based on randomly retrieved examples from the training
data.

=== Start of grammar sketch ===
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Basic Word Order: SV (Subject-Verb), OV (Object-Verb)

Noun Phrase Construction: Adposition-Noun Phrase, Genitive-Noun, Adjective-
Noun, Noun-Demonstrative, Noun-Num, Possessor-Possessed

Articles: Unsure if there are definite/specific or indefinite articles

Morphological Marking: Unsure if singular, dual, or plural marking on nouns;
Unsure if possession marked by suffix on the possessed noun; Unsure if
tense marked by auxiliary particle

Syntactic Alignment: Unsure

Negation: Standard negation marked clause-initially; Unsure if distinct
imperative negation

Reduplication: Unsure if verbs and nouns can be reduplicated

=== End of grammar sketch ===

Listing C.5: Grammar sketch for Kalamang, generated by GPT-4-turbo. Each feature was
predicted individually based on randomly retrieved examples from the training data.

=== Start of grammar sketch ===

Basic Word Order: SV (Subject-Verb), VO (Verb-Object)

Noun Phrase Construction: Unsure on order of adposition and noun phrase,
Genitive-Noun, Adjective-Noun, Unsure on order of noun and demonstrative,
Num-Noun, Possessor-Possessed

Articles: No definite/specific or indefinite articles

Morphological Marking: Unsure if productive singular, dual, or plural
marking on nouns; Unsure if Possession marked by suffix on the possessed
noun; Unsure if tense marked by auxiliary particle

Syntactic Alignment: Unsure

Negation: Standard negation marked clause-initially; Unsure if distinct
imperative negation

Reduplication: Unsure if verbs and nouns can be reduplicated

=== End of grammar sketch ===

Model Grammar feature accuracy
GPT-3.5-turbo 27.78%
GPT-4-turbo 22.22%
Llama-2-7B 0%
Llama-2-70B 0%

Table C.5: Overall grammar sketch accuracy of models. Unsure answers were marked
as incorrect.
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C.13 Vocabulary Induction Accuracy for MTOB

The overall vocabulary induction accuracy for gpt models is shown in Table C.6. Ac-
curacy and chrF were calculated overall when exclude morphology is marked No, and
morphologically rich words in the dictionary (marked with * or with - to represent suf-
fixes/prefixes) were excluded when this value was marked Yes. For words with multiple
translations in the dictionary, the translation was marked correct if it matched any of the
possible translations. Words without an entry in the dictionary were skipped. If a null
hypothesis such as I don’t know was proposed, it was marked as incorrect.

Table C.6: Accuracy and segment-level chrF for vocabulary hypotheses in Kalamang
translation. If morphology was excluded, all words with a * or - symbol in the transla-
tion (corresponding to prefixes/suffixes) were excluded, whereas otherwise we matched
whether or not the model’s hypothesis began/ended with the correct characters.

direction model rerank method  exclude morphology acc  chrF
ek gpt-4-turbo p_data_given_hyp_guess No 0.1528  20.33
ek gpt-4-turbo p_data_given_hyp_guess Yes 0.0813  11.86
ek gpt-4-turbo  p_answer_given_hyp_logprobs No 0.16  20.69
ek gpt-4-turbo  p_answer_given_hyp_logprobs Yes 0.08621 12.18
ek gpt-4-turbo p_data_given_hyp_logprobs No 0.166  20.79
ek gpt-4-turbo p_data_given_hyp_logprobs Yes 0.1015 13.21
ke gpt-3.5-turbo  p_answer_given_hyp_logprobs No 0.1033  15.33
ke gpt-3.5-turbo  p_answer_given_hyp_logprobs Yes 0.8244 13.11
ke gpt-3.5-turbo p_data_given_hyp_guess No 011 1642
ke gpt-3.5-turbo p_data_given_hyp_guess Yes 0.09018 14.33
ke gpt-3.5-turbo p_data_given_hyp_logprobs Yes 0.0738  12.34
ke gpt-3.5-turbo p_data_given_hyp_logprobs No 0.1014 15.28
ke Llama-2-70b p_data_given_hyp_guess Yes 0.1344  21.69
ke Llama-2-70b p_data_given_hyp_guess No 0.155  23.62
ek gpt-3.5-turbo p_data_given_hyp_guess Yes 0.0922  15.05
ek gpt-3.5-turbo p_data_given_hyp_guess No 0.1217 19.29
ke gpt-4-turbo  p_answer_given_hyp_logprobs Yes 0.08127 13.54
ke gpt-4-turbo  p_answer_given_hyp_logprobs No 0.0979  15.25
ke gpt-4-turbo p_data_given_hyp_logprobs Yes 0.07641 12.82
ke gpt-4-turbo p_data_given_hyp_logprobs No 0.0924 14.46
ke Llama-2-70b  p_answer_given_hyp_logprobs Yes 0.1339 21.92
ke Llama-2-70b  p_answer_given_hyp_logprobs No 0.1447  22.92
ke Llama-2-70b p_data_given_hyp_logprobs Yes 0.1334  21.36
ke Llama-2-70b p_data_given_hyp_logprobs No 0.1442 2238

Due to hypotheses for this task being more difficult to automatically evaluate, an au-
thor also annotated the correctness of results for a single setting (instruction-inference:verbalized
confidence) in order to calculate the association between translation quality and hypoth-
esis correctness more accurately. Results can be found in Table C.7.
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Model Correlation ~ p-val

GPT-3.5-turbo 0.1746 0.006331
GPT-4-turbo 0.1201 0.05088

Table C.7: Point-biserial correlation between segment-level chrF of each translation
with the correctness of vocabulary hypotheses induced for that question (in the
instruction-inference:verbalized confidence setting). No correction for multiple
comparisons was done because we examined hypotheses at the model level (see § C.8
for how this was done in the colours domain)
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C.14 Example Kalamang Translations
Table C.8 shows example translations made by GPT-3.5-turbo in both directions.

Table C.8: Example translations by the GPT-3.5-turbo model in different settings.

Source Reference Translation Translation Translation
(few-shot) (instruction- (true-
induction:verbalinestruction)
confidence)
Who asked Namana kat Naman mua Naman era? Naman mua
you? gerket? kiemara
kowam?
kiemara
paruo?
The rope Karek mat Kainasu esun Sartok esunet Karek mam-
is wrapped kokarap. kiwat semda dalangdalang bon  guang-
around it. bo dalang- na. garien ma he
dalang. me.
Before, they Wiseme mu Wiseme mu Wise me mu Tikninda,
said Japan toni Japang- Jafaris emun salai Japan termus
and The bon Beladar- Nabil emun an Sar Be- siram  panci
Nether- bon nausair. kaden kiesun ladargara din tubak Beladar
lands were ning. jambat mara.  tamatko pang.
at war.
Mu bo Theyaregoing They go to They go to They will
Tamisen- (on a return Tamisengga Antalisa, return to
gga som trip) to bury and return. someone died, Tamisengga
dande someone  in and they re- untiltheybury
yecie. Antalisa. turn. the person.
Suo me At Suo is a I washed my Back me gives Wash your
kene arkon kene tree. body in the birth canoe. face near the
metko. river. Narkon tree.
Anistratka- I'm  walking I put the long I have a long I walked far
hendengoa onalongwide stick on the drying rack down the
marmar ba road. ground. but I am walk- street to my
temun. ing. uncle.
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APPENDIX D

APPENDIX FOR CHAPTER 4.2

D.1 List of all models

All models are listed in Table D.1.
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Table D.1: Model Parameter Counts by Organization (sorted by size)

Organization Model Name Parameters
EleutherAl [24] pythia-14m 14M
EleutherAl pythia-70m-deduped 70M
EleutherAl pythia-70m 70M
facebook [184] opt-125m 125M
EleutherAl [30] gpt-neo-125m 125M
HuggingFaceTB [9] SmolLM-135M 135M
EleutherAl pythia-160m 160M
EleutherAl pythia-160m-deduped 160M
None (this paper) llama2_220M_nl_100_code_0 220M
None (this paper) llama_220M_nl_80_code_20 220M
None (this paper) llama2_220M_nl 40 _code_60 220M
None (this paper) llama2_220M_nl 20 _code_80 220M
None (this paper) llama2_220M_nl_0_code_100 220M
Salesforce [197] codegen-350M-mono 350M
Salesforce codegen-350M-multi 350M
Salesforce codegen-350M-nl 350M
facebook opt-350m 350M
HuggingFaceTB SmolLM-360M 360M
EleutherAl pythia-410m-deduped 410M
EleutherAl pythia-410m 410M
facebook [185] xglm-564M 564M
EleutherAl pythia-1b-deduped 1B
bigscience [26] bloom-1b7 1B
EleutherAl pythia-1b 1B
cerebras [40] Cerebras-GPT-1.3B 1.3B
microsoft [160] phi 1.5 1.3B
EleutherAl gpt-neo-1.3B 1.3B
EleutherAl pythia-1.4b 1.4B
EleutherAl pythia-1.4b-deduped 1.4B
HuggingFaceTB SmolLM-1.7B 1.7B
Salesforce codegen-2B-mono 2B
Salesforce codegen-2B-nl 2B
Salesforce codegen-2B-multi 2B
google [86] gemma-2-2b 2B
cerebras Cerebras-GPT-2.7B 2.7B
EleutherAl gpt-neo-2.7B 2.7B
NinedayWang [297] PolyCoder-2.7B 2.7B

Continued on next page
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Table D.1 — Continued from previous page

Organization Model Name Parameters
facebook opt-2.7b 2.7B
microsoft [2] phi 2 2.7B
EleutherAl pythia-2.8b 2.8B
EleutherAl pythia-2.8b-deduped 2.8B
facebook xglm-2.9B 29B
Qwen [224] Qwen2.5-3B 3B
cerebras [63] btlm-3b-8k-base 3B
openlm-research [87] open_llama_3b_v2 3B
rinna [240] bilingual-gpt-neox-4b 4B
Dampish StellarX-4B-VO0 4B
facebook xglm-4.5B 4.5B
Salesforce codegen-6B-multi 6B
EleutherAl [278] gpt-j-6b 6B
Salesforce codegen-6B-nl 6B
Salesforce codegen-6B-mono 6B
cerebras Cerebras-GPT-6.7B 6.7B
facebook opt-6.7b 6.7B
EleutherAl pythia-6.9b-deduped 6.9B
EleutherAl pythia-6.9b 6.9B
Qwen [14] Qwen-7B 7B
aisingapore [176] sea-lion-7b 7B
bigscience bloom-7b1 7B
google [85] gemma-7b 7B
mosaicml [189] mpt-7b 7B
openlm-research open_llama_7b 7B
tiiuae [119] falcon-7b 7B
allenai [76] OLMo-7B-hf 7B
huggyllama [270] llama-7b 7B
LLM360 [171] Amber 7B
LLM360 CrystalCoder 7B
facebook xglm-7.5B 7.5B
meta-llama [5] Meta-Llama-3-8B 8B
google gemma-2-9b 9B
01-ai [1] Yi-9B 9B
EleutherAl pythia-12b 12B
EleutherAl pythia-12b-deduped 12B
cerebras Cerebras-GPT-13B 13B
meta-llama [271] Llama-2-13b-hf 13B
Qwen Qwenl.5-14B 14B
Qwen Qwen2.5-14B 14B
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Table D.1 — Continued from previous page

Organization Model Name Parameters
Salesforce codegen-16B-nl 16B
Salesforce codegen-16B-mono 16B
EleutherAl gpt-neox-20b 20B
mosaicml mpt-30b 30B
Qwen Qwen2.5-32B 32B
Qwen Qwen1.5-32B 32B
AbacusResearch Jallabi-34B 34B
01-ai Yi-34B 34B
01-ai Yi-34B-200K 34B
meta-llama Llama-2-70b-hf 70B
meta-llama [5] Meta-Llama-3.1-70B 70B
meta-llama Meta-Llama-3-70B 70B
Qwen [224] Qwen2-72B 72B
Qwen Qwen2.5-72B 72B
Qwen Qwen1.5-110B 110B

D.2 List of all architectural and data features

D.2.1 Architectural Features

Note that features in this section are collected from official documentation (e.g. hug-
gingface model/data cards or original papers).

Total parameters - the total number of parameters (embedding included) in the
model. Note that we only include decoder-only dense models.

Dimension - the embedding dimension.
Num heads - the number of attention heads.
MLP ratio - the ratio of

FFN dimension
embedding dimension "

Positional Embeddings - the type of positional embedding. This is either non-
parametric (sinusoidal or fixed embeddings), learned (just learned as a vector per
position), rope (rope embeddings), or alibi (technically not an embedding, but
included here due to its functional purpose)

LayerNorm - the type of layernorm applied. This is either non-parametric (just
an arithmetic based normalization), parametric (similar, but with some learnable
parameters such as scaling/biases), and RMSNorm (a simplified version of para-
metric)

Attention variant - The broad type of attention used. This is either full (vanilla
attention), local (each token position only attends to positions around it), mqa
(multi-query attention), or gqa (grouped-query attention)
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Biases - whether or not bias terms are present in parts of the model. Either none
(no biases), attn only (only in attention layers), In only (only in layer norm)

Block type - whether or not the transformer blocks are computed in parallel at all.
Sequential indicates not, while parallel indicates some parallelism in attention or
FEN layers.

Activation - the activation function used. Either relu, gelu/gelu variations, silu, or
swiglu.

Sequence length - the sequence length.
Batch instances - the batch size used during pretraining.

D.2.2 Data Features

Note that features in this section are collected from official documentation (e.g. hug-
gingface model/data cards or original papers).

Total tokens (B) - total number of tokens used during pretraining, measured in
billions (converted to log scale)

% Web in Pretraining - Percentage of pretraining data from general web sources.
% Code in Pretraining - Percentage of pretraining data that consists of code.

% Books in Pretraining - Percentage of pretraining data from books.

% Reference in Pretraining - Percentage of pretraining data from reference sources.
% Academic in Pretraining - Percentage of pretraining data from academic sources.

% English in Pretraining - Percentage of English text in the pretraining data.

D.2.3 Freegen-derived Features

These features are derived from model generations. For each model, 5-10k generations
are extracted and the following metrics are aggregated (by mean and standard devia-
tion). However, bigram entropy, the educational classifier score, and domain classifica-
tions are exceptions, as they are computed once across all generations.

We use Stanza [222] to generate the parse-based features after classifying generations
by language. We only include languages that are supported by stanza in the final set of
generations that the parse features are based on.

Generation Length & Basic Statistics

Mean Character Length — Average number of characters per generation (capped
at 2048).

Mean Tokens Generated — Average number of tokens per generation.
Mean Sentences — Average number of sentences per generation.

Mean Words — Average number of words per generation.
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®* Mean Words per Sentence — Average number of words per sentence.

Constituency Parse Features

® Mean Depth of Deepest Parse Tree — Average maximum constituency tree depth
per generation.

® Mean Depth of Parse Trees — Average constituency tree depth across all sentences/phrases.
* Mean Word Depth — Average depth of words within constituency trees.

® Mean Word Depth Variation — Average standard deviation of word depths across
sentences/phrases.

Dependency Parse Features

® Mean 90th-Percentile Dependency Head Distances — For each generation, com-
pute the 90th-percentile of the linear distances between words and their depen-
dency head, then average these values.

* Mean Maximum Dependency Head Distances — Average maximum distance from
any word to its dependency head per generation.

®* Mean Median Dependency Head Distances — Average median dependency-head
distance per generation.

®* Mean Maximum Dependency Root Distances — Average maximum distance from
any word to the sentence root per generation.

®* Mean Mean Dependency Root Distances — Average of the mean distances from
words to the sentence root per generation.

®* Mean Median Dependency Root Distances — Average of the median distances
from words to the sentence root per generation.

Domain Classification Features

* % Generated Academic-like Text—Percentage of generations classified as academic-
like.

* % Generated Books-like Text — Percentage of generations classified as books-like.
* % Generated Code-like Text — Percentage of generations classified as code-like.

* % Generated Reference-like Text—Percentage of generations classified as reference-
like.

* % Generated Specialized Text — Percentage of generations classified as specialized
(e.g., music scores, chess PGNs, biomedical data).

* % Generated Web-like Text — Percentage of generations classified as web-like.
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Classifier and Language Metrics

Mean Educational Classifier Score — Average score assigned by the educational
classifier.

% Generated English Text — Average percentage of text generated in English.
g gep g g g

Lexical Diversity and Entropy Metrics

Mean Bigram Entropy — Average entropy computed on bigrams across genera-
tions.

Type-Token Ratio — Average ratio of unique tokens to total tokens.
Unique Tokens — Average number of unique tokens per generation.

Lexical and Stylistic Features

Content-Function Ratio — Ratio of content words (nouns, verbs, adjectives, ad-
verbs) to function words.

Question Words Ratio — Ratio of question-related words (e.g. how, what, why,
when, where, who, which, whose) per 100k words.

Imperative Words Ratio — Ratio of imperative words (e.g. do, make, consider, take,
use, ensure, check, build, apply, run, create, find, go, try, turn, start, stop, put, keep,
leave, get, move) per 100k words.

Conjunctions Ratio — Ratio of conjunction words (e.g. and, but, or, so, because,
although, however, therefore, yet) per 100k words.

Instruction Words Ratio — Ratio of instruction-oriented phrases (e.g. “Question:”,
“Answer:”, “Instruction:”, “User:”, “Assistant:”, “Q:”, “A:”) per 100k words.

Numbers Ratio — Ratio of numerical tokens in the generated text.

D.3 List of all evaluations and settings

Although we ideally would evaluate the full cross-product of models and tasks, we
found that due to some models being incompatible with LM Evaluation Harness and
compute constraints we could not evaluate all 92models on every dataset. We list in
Table D.2 the number of evaluations we currently have for each benchmark and will
continue to fill out evaluations in the database.

D.4 Task Deviations from Kaplan-style Scaling Laws

In Table D.3, we document the R? value for a fitted power law on the performance of
each model.
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D.5 Free-generation Domain Classification

We classify model generations into top-level domains with GPT-40-mini. We found that
this multi-stage prompt Listing D.1, Listing D.2 had reasonable precision on a sample of
Dolma by domain [254], so use it to classify free-generations.

D.6 Domain Classifier Validation

To validate the reliability of the 40-mini based classifier, we had an author of this paper
annotate 300 selected samples from three pretraining datasets (the Pile, the SmolLM
corpus, and RefinedWeb) according to the same annotation standards used in § D.5.
Samples annotated as “unknown” or “incoherent” by either the model or the human
annotator were excluded, as these samples are not included in computing the domain
mix.

After filtering, we analyzed 258 text samples and found that the human annotator
and the model had an 85.8% absolute agreement, and a Cohen’s x of 0.746, indicating
high agreement between human classifications and the model’s classifications.

D.7 Free-generation Validation

To validate our free-generation approach as a proxy for pretraining data composition,
we analyzed correlations between the free-generation features of models and their pre-
training data.

Namely, for models trained on three open pretraining datasets (the Pile, the SmolLM
corpus, and Refinedweb), we compared the features of their free-generations to features
produced by the same taggers and the LM-based classifier (§ D.5) on a randomly sam-
pled 1M document subset of the pretraining corpora. Due to costs, for the domain clas-
sification 5k examples from the 1M were used per corpus. The 1M documents were
uniformly sampled with reservoir sampling.

Additionally, we calculated two holistic model-wise correlations, which measure how
well each model’s complete generation profile matches its training data:

1. Domain-level correlations: For each domain category (web, code, academic, books,
reference), we computed the correlation between the percentage of that domain in
the model’s documented pretraining data and the percentage of free-generations
classified into that category.

2. Feature-level correlations: For linguistic features (conjunctions ratio, imperative
verbs ratio, question words ratio, numbers ratio, character length), we assessed
how well each feature in free-generations correlates with corresponding features
in pretraining data.

These model-wise correlations are notably higher than individual feature correla-

tions, indicating that models preserve the overall “fingerprint” of their training data
better than any single dimension alone.
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D.8 Free-generation Examples

Llama-2-70B, web-like: Gwen Stefani Couldn’t Recognize Her First Song at an Event
with Blake Shelton What's the first song you ever wrote and or recorded? And how
would you feel if you never heard it again until you were Facetiming with hundreds of
thousands of people while attending a big country music event? That’s exactly what
happened to Gwen Stefani, when she was honored at the Country Radio Seminar event
this week. In Nashville, . One can only imagine that when you've had as crazy a career
as she’s had, it may be a chore to actually remember all of the milestones over the years,
but just imagine also doing it on the spot, for everyone to see. Well, as it turns out, the
doubly talented Dolly Parton was set to introduce Gwen as “an artist who broke barriers”
when she cited the lyrics from one of Stefani’s first-ever “country” songs...”year 3,000.”
The diplomatic “The Voice” coach Blake Shelton interjected at the video she was showing
at that moment, asking “was there other work done ....

phi-2, books-like: The sun glistened brightly in the evening sky, casting warm rays
across the quaint little kitchen where a pair of diligent parents were preparing a scrump-
tious meal. The air was filled with anticipation as they embarked on a culinary adven-
ture, their hearts filled with love and joy.

With their sleeves rolled up, the parents deftly wielded an assortment of sharp knives,
each one an extension of their skill and precision. Like artists with their brushes, they
delicately maneuvered through the ingredients, dancing with knives as their partners.
The blades moved with a swiftness that defied the physics of everyday movements, glid-
ing through the air with grace and purpose.

Qwen2-72B, reference (instruct)-like: Children: Family ticket (at most 2 adults and
2 children) $23.00 (1) Mr Black wants to see the film with his wife and two sons (they're
both over 9), how much should he pay?___ A.$23. B. $46. C. $48. D. $49. (2)Mr Brown
wants to see the film with his 5-year-old twin sons, how much should hepay____. A. $18.
B. $23. C. $28.5 D. $32 (3)Lisa can’t see snow in this film.____ A. True B. False (4). Jane
is a maths teacher and she has two daughters (she’s 12 and her sister is 8). They want
to see the film. How much should she pay?__ A.$28.5 B. $27 C. $33 D. $26.5 (5) Mike
is sixteen. Today is Saturday and he wants to see the film with his 40-year-old parents.
They will pay____ for the tickets. A. $22.

OPT-6.7B, web-like: I don’t think this is a question. It’s a statement. I say get a dog,
the world is better with dogs.

I said to myself the exact same thing. I don’t know why you were down-voted.

because reddit is a bunch of people who hate dogs.
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Codegen-16B-mono, code-like:

from typing import Optiomnal

from fastapi import FastAPI
from pydantic import BaseModel

app = FastAPI()

class Item(BaseModel):
name: str
price: float
is_offer: Optional[bool] = None

Qapp.get("/")
def read_root():
return {"Hello": "World from FastAPI"}

Qapp.get("/items/{item_id}")
def read_item(item_id: int, q: Optional[str] = None):
return {"item_id": item_id, "q": q}

Qapp.put("/items/{item_id}")
def update_item(item_id: int, item: Item):
return {"item_name": item.name, "item_id": item_id}

Pythia-410M, academic-like (patent): This invention relates to new and improved
methods and apparatus for removing solid waste material from the waste stream of a
power station where the solid waste material is intended for disposal after completion
of the power plant.

Various attempts have previously been made to remove solid waste from the waste
stream of plants. This is true, for example, to the discharge of sludge which is generally
collected into a sludge tank and washed out of the plant in a washing tank which is
generally connected to an open drain outlet of the plant. This prior art is discussed by
U.S. Pat. No. 3,623,579 which issued to G. R. Clark and described a method for treating
the waste stream to remove solid waste by flocculating and flocculating and agitating
the solids in a tank to break bonds between the solid particles.

Furthermore, an apparatus was described by U.S. Pat. No. 4,016,823 which describes
amethod in which liquid sewage is removed from the waste stream and from the sewage
treatment plant where the solid waste being removed is to be treated to produce ammonia-
purified water for use in bathing baths or soaps and where the sewage from the wastew-
ater treatment plant is removed to the sewage processing plant where this sewage is
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mixed with water or treated as a fertilizer.

D.9 XGBoost Settings

For the inner grid search, the maximum depth of trees was in [2, 3, 5], while the learning
rate was in [0.01, 0.1, 0.3] and the number of trees was in [50, 100].

D.10 Selected Features by Task

In Table D.6, we show the selected features per benchmark.

D.11 LightGBM Results

The LightGBM version of Table 4.2 can be found in Table D.7.

D.12 SHAP Plots for remaining benchmarks

SHAP plots for the remaining benchmarks can be found in Figure D.1 — Figure D.9.
Please note that lower scores are better for Brier score tasks (ANLI, XNLI, MathQA,
LogiQA2)

D.13 Details on confirmatory pretraining runs

D.13.1 Training

For our confirmatory experiments, we trained 460M parameter Llama-2 architecture
models from scratch using the Megatron-Deepspeed library. We capped training to-
kens to 10B, while using a cosine learning rate schedule set to a length of 100B tokens
(meaning that each checkpoint is approximately 10% through a “full” pretraining run).
Training took place on one node per checkpoint, with 8 H100 GPUs. Each checkpoint
took roughly 6 hours to train.

For our data mixes, we constructed various mixes by using the subsets of the Dolma
v1 dataset. In the web vs. other experiments, we fixed the relative percentages of all
other data sources while varying the web percentage.

The training configuration is as follows:
training:

num_layers: 14
num_attention_heads: 12
seq_length: 2048
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num_kv_heads: 12
hidden_size: 1536
ffn_hidden_size: 4128
tune_steps: 1000

1r: 0.00015

min_lr: 1.0e-5

weight decay: le-2
grad_clip: 1.0
lr_warmup_steps: 100
save_interval: 2000
eval _interval: 2000
train_epochs: 1

tp: 1
micro_batch_size: 16
global_batch_size: 512
seed: 42

Aside from data mix, all experiments used identical hyperparameters to ensure fair
comparison.

D.13.2 Evaluation

To assess the impact of different data mixes on model performance, we evaluated our
models on the following tasks:

1. Natural language inference: Lambada, winogrande, arc challenge
2. Code generation: Humaneval

3. Math: GSMS8K

4. Factuality: TruthfulQA

Note that we do not select the full evaluation set due to time constraints. As LM eval
harness does not implement perplexity/loss based evaluations for all tasks, we manually
convert multiple-choice tasks to loss-based metrics, and mask out the prompt or question
when calculating loss for all tasks.

D.13.3 Conversion to Loss-Based Metrics

To ensure consistent evaluation across different tasks and models, we converted various
benchmark datasets to loss-based metrics. This approach allows for more direct com-
parison between models and clearer interpretation of improvements. Here’s how we
implemented loss calculations for each dataset type:

Multiple Choice Tasks (ARC Challenge, Winogrande, HellaSwag, TruthfulQA): For
these datasets, we calculated two primary loss-based metrics:
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® Average Loss: We computed the negative normalized log probability of the correct
answer. For each question, we formatted the input as “Question + Answer Choice”,
then calculated the sequence log probability normalized by token length for each
choice. The negative log probability of the correct answer was used as the loss.

e Margin-based Loss: For Truthful QA specifically, we calculated a margin between
truthful and non-truthful answers. This was computed as the negative of the differ-
ence between the best truthful answer’s log probability and the best non-truthful
answer’s log probability. A lower loss indicates better differentiation between
truthful and non-truthful information.

Generation Tasks (GSMS8K, HumanEval, Lambada): For generation tasks, we calcu-
lated:
® Answer Loss: We computed the cross-entropy loss on the solution tokens only.
Note that for Lambada, this is only the last word.
All log probabilities were normalized by sequence length as well.

D.13.4 Full Results

Exact loss values for the code vs. natural language mixes and the web vs. other mixes
can be found respectively in Table D.8 and Table D.9.
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Task Name # Models Evaluated

Commonsense Reasoning / NLI

ANLI 82
HellaSwag 92
Winogrande 92
XNLI 82
Math / Logic

GSMS8K 92
LogiQA?2 82
MathQA 82

General Knowledge
ARC Challenge 92
Lambada 92
MMLU 92

Other

TruthfulQA 92
HumanEval 91

Table D.2: Number of models evaluated for each benchmark task. Note that some models
encountered technical errors when being loaded or in Im-eval-harness. The number of
models will continue to be updated.
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Benchmark R?

gsm8k 0.85
arc challenge 0.82
hellaswag 0.80
winogrande  0.80
mmlu 5-shot  0.80
mmlu 0-shot 0.74

mathqa 0.70
ANLI 0.61
humaneval 0.61
lambada 0.55
LogiQA2 0.50
XNLI 0.41

truthfulqa 0.29

Table D.3: Overview of R* values by benchmark.

Domain Pearsonr p-value

web 0.917 7.55e-12
reference 0.832  3.99e-08
academic 0.824 7.21e-08
code 0.679 7.14e-05
books 0.374 5.02e-02

Table D.4: Domain correlations between pretraining data and free-generations. Web
content shows the strongest Pearson correlation, suggesting models most faithfully re-
produce web distribution patterns, while books content shows the weakest relationship.

Feature Pearsonr p-value
conjunctions_ratio 0.690 4.80e-05
question_words_ratio 0.554 2.21e-03
numbers_ratio 0.449 1.66e-02
imperative_verbs_ratio 0.443 1.83e-02
char_len 0.214 2.75e-01

Table D.5: Linguistic feature correlations between pretraining data and free-generations.
Connective elements like conjunctions show stronger correlations, while structural fea-
tures like character length are less preserved in model generations.
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Listing D.1: Multistage classification prompt.

<PROMPT 1>. [SYSTEM] You are a system tasked with classifying documents. First,

determine if this document is relatively coherent. These documents are
generated by language models, so they may not make sense. Classify a
document as incoherent ONLY if it shows extreme repetition, code mixes in a
way that does not make sense (such as different languages referencing
entirely different subjects), or if it is mostly gibberish. Don't worry
about logic errors or factual inconsistencies. If multiple documents are
mixed into one, classify it as incoherent. Respond ONLY with "incoherent" if
the document is incoherent, otherwise respond with "not_incoherent"

[USER] Please classify the document as incoherent or not_incoherent.\nDocument:

{document}

If not incoherent...
<PROMPT 2>. [SYSTEM] Determine if this document contains programming code. Look

gD W N

for:

. Programming language keywords (def, class, import, etc)
. Code blocks (marked with backticks, indentation patterns)

Stack Overflow-style Q&A about programming

. File extensions (.py, .js, etc)
. Documentation about code/config files

Respond ONLY with:

- "code" if ANY of these are present

- "not_code" otherwise

[USER] Please classify the document as code or not_code.\nDocument: {document}

If not code...
<PROMPT 3> [SYSTEM] For documents WITHOUT programming code, determine if this is

~N O O W N

web content. Web content includes news articles, social media and online
forums, blog posts, shopping websites, and other general websites. This
includes a wide variety of content, and anything that looks like it may be a
web article at all should be included. Look for:

. URLs or hyperlinks

Social media formatting (@mentions, #hashtags)
"Click here" or UI elements

. Comment threads or forum posts

Shopping/e-commerce language

. Bylines or author names
. Descriptions of products or product features

Respond ONLY with:
- "web" if ANY of these are present
- "not_web" otherwise

[USER] Please classify the document as web or not_web.\nDocument: {document}
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If not web...
<PROMPT 4> [SYSTEM] For documents WITHOUT programming code, determine if this is

academic or patent-related content. Academic content consists of research
papers and snippets of research in both sciences and humanities, as well as
patent anplications. Student essavs or assicsnments should also be included



Listing D.2: Multistage classification prompt (contd).

If not academic...
<PROMPT 5> [SYSTEM] For documents WITHOUT programming code, determine if this is
a book, reference material (including media content), or a specific dataset.
Books include literary works, fiction, and narrative nonfiction. Reference
material includes wikipedia, dictionaries, textbooks and textbook like
content, and encyclopedias. Please note that reference should also include
instruction or human preference datasets for language model training. Media
content includes podcasts, subtitles, and other media-related text. Specific
datasets are unique and not covered by the other categories, such as
biomedical datasets or molecules, chess PGNs or specific data formats not
covered by any other category. Look for:

For the books category:

1. Chapter headings or book titles

2. Fictional character names or dialogue

3. For literary nonfiction, look for a more narrative and less didactic tone
4. Extended narrative prose or dialogue

Do NOT classify as books if the document:

- Only has a single dialogue snippet

- Could be a web article

- Is primarily informational or educational (use reference instead)

For the reference category:

. Definitions or explanations of terms

Encyclopedic formatting

. Textbook-like language

Explanations or examples meant to educate a reader

Chat formatting like 'User:/Assistant:' or similar tokens
Court documents or legal language (NOT patents)

. Wikipedia headers such as 'references' or 'external links'

~N O O W N

For the media category (should be classified as reference):
1. Audio or video timestamps
2. Subtitles or captions

For the specific datasets category:
1. Unique names or identifiers

2. Dataset-specific formatting

3. Data or metadata descriptions

If this seems to be a web document (social media, news, blogs, forums, shopping)
, you can also back off to the 'web' category.

Respond ONLY with:

- "books" if the document is a book

- "reference" if the document is reference material

- "specific_datasets" if the document Iy specific dataset
- "web" if the document is web content

- "unknown" if none of these are present

[USER] Please classify the document as books, reference, media,
specific datasets. or unknown.\nDocument: {document?}"



Table D.6: Greedily-selected features per benchmark.

Benchmark

Selected Features

arc challenge (25-
shot)

total params, pretraining summary total tokens billions, ques-
tion words ratio, layer norm type, dimension, pretraining
summary percentage code

gsm8k (5-shot)

total params, pretraining summary total tokens billions, pre-
training summary percentage reference, edu classifier std, pre-
training summary percentage books

hellaswag (10-shot)

total params, pretraining summary total tokens billions, pre-
training summary percentage code, pretraining summary per-
centage reference, positional embeddings, pretraining sum-
mary percentage academic

mmlu 0-shot (0-shot)

total params, pretraining summary total tokens billions, layer
norm type, activation, pretraining summary percentage code

truthfulga (0-shot)

total params, pretraining summary total tokens billions, do-
main web pct mean, dep parse dep root dist max mean, pre-
training summary percentage english, entropy mean, layer
norm type

winogrande (5-shot)

total params, pretraining summary total tokens billions, ques-
tion words ratio, layer norm type, pct english mean, posi-
tional embeddings, pretraining summary percentage books,
pretraining summary percentage code, block type

anli (0-shot)

total params, pretraining summary total tokens billions, pre-
training summary percentage code, pretraining summary per-
centage web, pretraining summary percentage books, posi-
tional embeddings

logiqa2 (0-shot)

total params, pretraining summary total tokens billions, pre-
training summary percentage web, domain reference pct
mean, dep parse dep root dist mean std, dep parse dep root
dist median std

mathqga (5-shot)

total params, pretraining summary total tokens billions, pre-
training summary percentage books, num heads

xnli (0-shot)

total params, pretraining summary total tokens billions, pre-
training summary percentage web

lambada (0-shot)

total params, pretraining summary total tokens billions, pre-
training summary percentage code, block type

mmlu 5-shot (5-shot)

total params, pretraining summary total tokens billions, se-
quence length, biases, num heads, dimension, edu classifier
mean, pretraining summary percentage academic

humaneval (0-shot)

total params, prétfdining summary total tokens billions, pre-
training summary percentage code, layer norm type, pretrain-
ing summary percentage english, biases




Benchmark Setting Baseline MAE Scaling Laws MAE All Features MAE

Accuracy
Arc Challenge 25-shot 13.23% 4.91% 3.61%
GSM8k 5-shot 15.65% 11.03% 5.78%
Hellaswag 10-shot 12.26% 4.29% 3.14%
Humaneval 0-shot 11.79% 8.61% 6.80%
Lambada 0-shot 16.89% 9.60% 6.39%
MMLU (0-shot) 0-shot 11.98% 9.12% 4.21%
MMLU (5-shot) 5-shot 12.25% 8.39% 3.05%
Truthful QA 0-shot 3.72% 3.40% 2.61%
Winogrande 5-shot 10.14% 3.99% 3.09%
Brier score (x100)
XNLI 0-shot 7.22 4.70 4.32
ANLI 0-shot 9.48 6.14 6.05
MathQA 0-shot 7.57 3.89 2.95
LogiQA2 0-shot 12.74 8.77 8.29

Table D.7: MAE comparison of Scaling Laws and All Features predictors versus Baseline.
Note that a significance test was not carried out for LGBM, so this reflects results for one
run, though a hyperparameter search is still carried out over the same values as in § D.9
for both predictors. Brier scores are scaled x100 for comparability. Both predictors here
use LGBM.
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-0.2 0.0 0.2 0.4 0.6
SHAP value (impact on model output)
Figure D.1: SHAP values for GSM8k
Data Mix Lambada Humaneval Winogrande Arcchallenge GSMS8k
NL 70/Code 30 3.426 1.331 3.967 3.967 2.295
NL 75/Code 25 3.426 1.331 3.966 3.651 2.295
NL 80/Code 20 3.419 1.350 3.989 3.685 2.293
NL 90/Code 10 3.406 1.533 3.944 3.620 2.300

Table D.8: Loss-based evaluation metrics across different data mix ratios
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Figure D.2: SHAP values for Lambada

hellaswag 10-shot

High
. .-.-“- PR L
co e 88 Mqqn | flosy and
. E
o= o [A] LayerNorm
» . ; non-parametric
2 parametric
\ § rmsnorm
[A] Positional Embeddings
alibi
e o
learned
‘ ‘ ‘ ‘ ‘ ‘ ‘ Low rope
-0.15 -0.10 -0.05 0.00 0.05 0.10 0.15

SHAP value (impact on model output)

Figure D.3: SHAP values for Hellaswag

Data Mix Margin Loss Accuracy (%)
Web 30/Other 70 0.2363 28.86
Web 50/Other 50 0.2342 28.40
Web 90/Other 10 0.2462 28.03

Table D.9: Truthful QA evaluation metrics across different web/other ratios
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Figure D.6: SHAP values for ANLI
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APPENDIX E

APPENDIX FOR CHAPTER 4.3

E.1 Pretraining Settings

We pretrained Pythia 70M, 160M, and 410M from scratch on the C4 dataset. All three
models were trained for 128B tokens or approximately 61k steps, with very similar set-
tings (documented in Table E.1). L40S GPUs were used for all pretraining and midtrain-
ing runs. Models were trained with the LitGPT library [161].

Table E.1: Core pretraining hyperparameters for Pythia-70M, 160M, and 410M.

Hyperparameter 70M 160M 410M
Global batch size 1024 1024 1024
Micro batch size 16 16 8

LR schedule Cosine w/ 10% warmup Cosine w/ 10% warmup Cosine w/ 10% warmup
Max LR 3x 1074 3x 1074 3x 1074
Min LR 1x107¢ 1x1076 1x107°
Optimizer AdamW AdamW AdamW
Betas (0.9, 0.95) (0.9, 0.95) (0.9,0.95)
Weight decay 0.1 0.1 0.1
Precision BF16 BF16 BF16
Num ranks 4 4 8

E.2 Posttraining Settings
We fine-tuned all models on four downstream datasets: PyCode (our 5K-sample sub-

set of CodeSearchNet-Python), GSM8K (7.5K math problems), LIMA (1K instruction
examples), and SciQ (13.7K science questions). For GSM8K only, the prompt/question
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portion was masked during loss; for the others the loss was computed over the full se-
quence. A summary of the datasets is given in Table E.2. All runs used a cosine learning
rate schedule with 10% linear warmup, trained for 4 epochs, global batch size 64, and
micro-batch size 16 for 70M/160M (8 for 410M). Peak learning rates were selected by
grid search on the base pretrained checkpoint before midtraining, and the LR grid is
given in Table E.3. Selected LRs for the final checkpoint of each model size are given in
Table E 4.

Table E.2: Finetuning datasets.

Dataset # Train Samples Prompt masked
PyCode (CodeSearchNet-Python subset) 5,000 No
GSMS8K 7,500 Yes
LIMA 1,000 No
SciQ 13,679 No

Table E.3: Grid of candidate peak learning rates swept during tuning.

LR grid

4e-6, 8e-6, l1le-5, 2e-5, 4e-5, be-5, 6e-5, 7e-5, 8e-5, 9e-5, 1le-4, 1.2e-4,
1.4e-4, 1.6e-4, 1.8e-4, 2e-4, 2.4e-4, 4e-4, 5e-4, 6e-4, 8e-4, le-3, 2e-3, 3e-3,
4e-3, 6e-3

Table E.4: Selected peak learning rates for fine-tuning (cosine schedule with 10%
warmup).

Dataset 70M 160M 410M

GSM8BK  8e-4  4e-4  4e4
LIMA  12e4 5e-5 b5e-5
PyCode 1e-3  5e-4  4e4
SciQ 8e-4 24e-4 6e-4

E.3 Dataset Similarity Matrix

We compute dataset similarity using surface-level token statistics after initial experimen-
tation with embedding models gave implausible results for code datasets’ similarities to
other natural language datasets. For each pair of pretrain/midtrain and downstream
datasets, we sample max(dataset_size, 10,000) examples. Midtrain mixes are simulated
by their actual compositions (e.g., StarCoder is treated as 20% StarCoder + 80% C4).
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From the (possibly mixed) texts we build unigram frequency vectors at a token level, nor-

malize to probabilities, and compute: vocabulary Jaccard, overlap ratio, token-frequency

cosine similarity, and a Jensen-Shannon-based similarity. These are combined as
Combined = 0.4 - cosine + 0.3 - Jaccard + 0.3 - JS_similarity,

and used to fill the similarity matrix (diagonal entries are 1). This mixture-aware score

reflects both specialty content and dilution by C4. Figure E.1 shows the resulting simi-
larity matrix between pre/midtrain datasets and SFT datasets.
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Figure E.1: Token-based similarity matrix for pre/midtrain and SFT datasets. Note that
these midtrain datasets are corrected for mix weight in this matrix.

E.4 SFT in-domain loss and C4 Losses after Finetuning for
70m and 160m models

Table E.5 depicts validation losses as well as C4 validation losses after finetuning on each
SFT dataset, for the 70m and 160m models.
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Table E.5: SFT and C4 validation losses for 70m and 160m models across downstream
datasets and midtraining mixtures, averaged across 5 seeds for each SFT dataset. Bold
values indicate best performance within each dataset and model size combination.

Model Size  Downstream Dataset ~ Midtrain Mix SFT Val Loss ~ C4 Val Loss
C4 2.633 6.067
Starcoder (20%) 2.530 5.996
Pvcode Math (12%) 2.605 6.049
¥ FLAN (5%) 2.648 6.112
KnowledgeQA (20%) 2.602 6.046
DCLM (20%) 2.592 6.007
C4 1.405 6.409
Starcoder (20%) 1.363 6.367
Math (12%) 1.359 6.391
GSM8k FLAN (5%) 1.401 6.407
KnowledgeQA (20%) 1.373 6.434
70m DCLM (20%) 1.397 6.421
C4 4.458 4159
Starcoder (20%) 4.382 4.168
Math (12%) 4.418 4.180
LIMA FLAN (5%) 4.460 4.158
KnowledgeQA (20%) 4.371 4.152
DCLM (20%) 4.395 4132
C4 3.573 7.334
Starcoder (20%) 3.594 7.245
560 Math (12%) 3.599 7.289
FLAN (5%) 3.550 7.236
KnowledgeQA (20%) 3.537 7.268
DCLM (20%) 3.529 7.269
C4 2.382 5.247
Starcoder (20%) 2.205 5.104
Pvcode Math (12%) 2.382 5.228
Y FLAN (5%) 2.389 5.253
KnowledgeQA (20%) 2.420 5.342
DCLM (20%) 2.405 5.268
C4 1.188 5.339
Starcoder (20%) 1.186 5.362
Math (12%) 1.139 5.198
GSM8k FLAN (5%) 1.071 5.320
KnowledgeQA (20%) 1.190 5.346
160m DCLM (20%) 1.186 5.336
C4 4.184 3.606
Starcoder (20%) 4.276 3.556
Math (12%) 4421 3.599
LIMA FLAN (5%) 4472 3.580
KnowledgeQA (20%) 4.498 3.566
DCLM (20%) 4.446 3.572
C4 3.371 5.537
Starcoder (20%) 3.362 5.471
SiQ Math (12%) 3.316 5.437
FLAN (5%) 3.362 5.444
KnowledgeQA (20%) 3.339 5.373
DCLM (20%) 3.341 5.383
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E.5 Midtraining Leg Length vs. Benefit
Figure E.2 shows the relationship between the two “legs” dist(C4, midtrain) and dist(midtrain,

SFT) and the benefit of midtraining. As in Figure 4.5 this is computed based on the sim-
ilarity matrix in Appendix E.3.

E.6 Representative training loss curves for midtrained vs.
base models

Figure E.3 shows a representative training loss curve for a midtrained model when its
domain is aligned to SFT data.

E.7 Additional CKA results on APPS

Figures E.4 and E.5 display the CKA layer similarity for 160m and 410m models.

E.8 CKA results on C4

Figures E.6, E.7, and E.8 show the CKA layer similarity for all model sizes with C4 as a
probe.
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Figure E.2: Relationship between the two “legs” dist(C4, midtrain) and dist(midtrain,
SFT) and the benefit of midtraining.
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Representative train loss curve (Pythia 410m, Pycode)

—— Base
~——— Starcoder
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Figure E.3: Representative training loss curve for a midtrained model and base model
on Pycode, for Pythia-410m. The midtrained model starts with a lower training loss, and
maintains a slight gap throughout training.
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Figure E.4: CKA layer analysis for Pythia-160M with APPS as a probe.
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Figure E.6: CKA layer analysis for Pythia-70M with C4 as a probe.
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APPENDIX F

APPENDIX FOR CHAPTER 5.2

F.1 Synthetic Dataset Training Details

Three encoder/decoder transformer sizes were trained, differing only in number of en-
coder/decoder layers. The small size had 3 encoder/decoder layers, the medium size
had 8 encoder/decoder layers, and the large size had 16 encoder/decoder layers. For all
models, the hidden dimension was 512, the embedding dimension was 512, and there
were 16 attention heads.

In the experiments without informative context, the small transformer was trained
for 10 epochs, the medium transformer for 20, and the large for 30. In experiments with
context, this was changed to 15, 15, and 25 respectively. These values were based on
early experimentation with loss plateaus on the validation set.

Sentences in the synthetic dataset were composed of tokens as described in § 5.2.4.
Sentences were constrained to be 1-6 tokens in length.

Experiments with the synthetic dataset were implemented in PyTorch.

F.2 Idiom Sources

Sources of idioms were pulled from language-learning websites below:
fi:
* https://en.wiktionary.org/wiki/Appendix:Finnish_idioms
fr:
® https://speechling.com/blog/20-most-common-french-idioms-to-get-you-talking-like-a-native
® https://frenchtogether.com/french-idioms/
e https://vidalingua.com/blog/funny-french-idioms-explained-english
ja:
® https://www.theintrepidguide.com/japanese-expressions-and-idioms/
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® https://en.wikipedia.org/wiki/Japanese_proverbs
* https://www.fluentu.com/blog/japanese/japanese-idioms-2/
e https://kotowaza.jitenon.jp/

F.3 OpenSubtitles Training Details

A separate deltalm-base was trained from the pretrained model for 2M steps on each
language. The Adam optimizer was used [140], with a learning rate of le-4, betas of
(0.9, 0.98), and an inverse square root learning rate scheduler with 4000 warmup up-
dates (with a warmup learning rate of 1le-7, and a minimum learning rate of 1e-9). The
maximum number of tokens in a batch was set to 1024, with maximum source and tar-
get lengths of 512. Label smoothing of 0.1 was used, and the loss function used was
cross-entropy.

For upweighting experiments, the upweight coefficient for each language was found
through a hyperparameter search on the validation set over a € {3,5,10,50}. The values
for each language were ay; = 3,a,, = 10,a;, = 3.

For kNN-MT, three datastores were built for approximate kNN search using the train-
ing set from OpenSubtitles. These datastores were built with the faiss library [129]. The
Finnish datastore contained 248M vectors with 507k centroids, while the French datas-
tore contained 348M with 713k centroids, and the Japanese datastore 17.8M with 73k
centroids. All vectors were stored in fp16 with a code size of 32. The vectors used as
keys in the datastore correspond to the input to the last feedforward layer. Addition-
ally, a hyperparameter search for each language was carried out on the validation set,
over values of 4 € {0.2,0.4,0.6,0.8}, temperature € {0.1, 1, 10}, and number of retrieved
neighbours € {5, 10, 15,20}. Hyperparameters were selected based on BLEU score on
the validation set.

The best hyperparameters were as follows: fi: (4 = 0.4, temp = 10, num neighbours =
20), fr: (4 = 0.2, temp = 10, num neighbours = 20), ja: (4 = 0.4, temp = 10,
num neighbours = 20) During test time, the best hyperparameters for each language
were used, with a probe size of 20 and beam size of 5.

Experiments with ALM and kNN-MT were implemented in fairseq (version from
September 2021) [201].

F.4 Native Annotator Recruiting

Annotators were hired through Upwork, and consisted of professional translators in
French and Finnish who were also fluent in English. Annotators were paid between
$10 — 25USD an hour, depending on their individual hourly rate. No personally identi-
tying information was collected.

Annotators were shown the task description below, and also had access to a compiled
list of literal and figurative translations for each idiom.

Description:
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This job is to create a dataset that will allow us (researchers at Carnegie Mellon University, PI
Graham Neubig) to study the ability of machine translation systems to translate idioms.

We would like you to look at translations and decide whether they are literal or idiomatic trans-
lations. These will be English sentences containing the translation of a sentence in either French,
Finnish, or Japanese. All the sentences contain a phrase that is an idiom in the foreign language,
but sometimes the translations may be meant literally. As an example, in English “kick the
bucket” can mean to die when used in an idiomatic way, or to literally kick a bucket when used
in a literal way. You should mark the example with “idiomatic” if you think it’s an idiomatic
example, or “literal” if you think it’s a literal example.

If you think the translation is not a good translation, we will ask you to mark this entry with the
word “None”, but this should occur in relatively few cases.

We estimate that the job will take 2-3 hours overall.

Examples:

Original sentence: Jalkaviked oli pilvin pimein. English translation (reference): Arty and in-
fantry just kept on coming. Contains idiom: pilvin pimein Idiom literal meaning: In dark clouds
Idiom figurative meaning: A huge (often excessive) amount of something. Label: idiomatic
Original sentence: Harmi, ettei lehdistotilaisuudessasi ollut lammasta. English translation (ref-
erence): Too bad they didn’t have lamb at your press conference, Francis. Contains idiom: olla
lammas Idiom literal meaning: To be a lamb Idiom figurative meaning: a person who is like a
lamb does nothing alone. the person does Label: literal

F.5 Standards for Human Evaluation

Evaluation standards were based on MOM standards, in particular the major and critical
severity levels, which are defined below [172]:

* Major severity error: severity level of an error that seriously affects the understand-
ability, reliability, or usability of the content for its intended purpose or hinders the
proper use of the product or service due to a significant loss or change in meaning
or because the error appears in a highly visible or important part of the content.

* Critical severity level: severity level of an error that renders the entire content
unfit for purpose or poses the risk for serious physical, financial, or reputational
harm.

We slightly adapted this for idioms, where if it was possible to infer the meaning of a
sentence through the existence of a similar English idiom, but it would not be something
generally said by English speakers, we assigned a major severity. Due to ALM often
making errors with numbers and named entities, we assigned these errors a major rather
than critical severity in most cases, although these would generally be critical severity
errors in business documents. If part of a sentence was missing, we based the error
severity on whether or not the missing portion was crucial to the intent of the sentence.
Examples of sentences labelled with error severity are provided in Table F.1:
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Language Src Ref Hyp Severity
ir - Eh oui, I'habit ne fait Yes, clothes don’t make Yes, clothes don’t make Maior
pas le moine. the man. you a monk. )
I t'a fait une queue de He cut you off on the He made you a fish tail Severe
poisson sur I'autoroute. freeway. on the highway.
It ini t d
Il pleut des cordes. S raling cats and g raining. Major
dogs.
£i E1 pane tikkuakaan ris- 1. 400 othin g. Doesn't even cross a g, ..
tiin. match.
Tama meni yli hilseen. Ehlsdls justway overmy ;g js over the top. Major
ead.
Ni h, Mr. Hob- . .
Hieno aasinsilta itse- . obcoo v YV TP qyg 4 nice morning for
son. Way to hit the sui- . Severe
murhaan. . suicide.
cide theme.
) You need to learn the el- You need to learn to
ja 0000000000 000000000 . Severe
ement of surprise. play hard-to-get.
¢ i is 1 ‘th to do that
—— Im not falling for this won't have to do tha Major
shit. again.
You've iven  me
00000000000 You swindled me! N s Severe

enough to eat!

Table F.1: Examples of categorized errors made by ALM.

F.6 Statistical Significance Testing

For each language and test set, we examine the null hypothesis that the BLEU scores
of the two systems actually have the same distribution, and the difference occurred by

chance.

For each source sentence, we shuffled the translations produced by the two systems
with probability 0.5, and then recalculated BLEU scores. This was repeated 1000 times,
and the number of times the shuffled difference was greater or equal to the observed
difference was recorded to find the p-value.

F.7 Statistical Significance Results

Statistical significance results are shown in Table F.2.

F.8 Effect of Frequency on Commercial Translations

The effect of idiom frequency on commercial models’ translations is in Figure F.1 through

Figure F.5.
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Language Testset p-val

fi idioms 0.0*
literal 0.003*

rand 0.018*

fr idioms 0.0*
literal 0.234

rand 0.0*

ja idioms  0.058
literal 0.083

rand 0.088

Table F.2: p-values obtained using approximate randomization on translations produced
by the base model and the upweight+knn model.

BLEU BERTScore
0.90
o 0.12
@)
0.89

% 0.10 g
= 3
@] 0.88
s 0.08

0.06 0.87

0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8
Percentiles Percentiles
ROUGE METEOR

0.45 0.30
g
o 0.40
(©) ()
(Vp)] o
L 0.35 S 025
5 wn
[}

0.30
= 0.20

0.25

0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8
Percentile of idioms in OS Percentile of idioms in OS
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F.9 Effect of Frequency on DeltalLM
The effect of frequency on ALM for Finnish and Japanese is shown in Figure F.6 and
Figure F.7
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Figure F.6: Translation metrics for Finnish idiomatic sentences, for base and up-
weight+knn models.

F.10 Automatic Metrics in Detail

Exact results for automatic metrics are shown in Table F.3.
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Figure F.7: Translation metrics for Japanese idiomatic sentences, for base and up-
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Language Test Set Model BLEU RougelL-sum BertScore Meteor
fi Idioms Normal 0.1608 0.3737 0.9126 0.3592
Knn 0.179 0.3904 0.9152 0.3745
Upweight 0.1773 0.3895 0.9154 0.3709
Knn + upweight  0.182 0.4027 0.9172 0.3833
Literal Normal 0.2093 0.5053 0.9350 0.5050
Knn 0.2257 0.535 0.937 0.5161
Upweight 0.2314 0.5281 0.9364 0.5258
Knn + upweight  0.2362 0.5335 0.9387 0.5217
Random-in Normal 0.2056 0.5044 0.9321 0.4739
Knn 0.1991 0.5067 0.9316 0.4732
Upweight 0.2044 0.5048 0.9324 0.4728
Knn + upweight  0.2120 0.5224 0.9351 0.488
Random-out Normal 0.2365 0.535 0.9145 0.4971
Knn 0.2557 0.5602 0.9183 0.5178
Upweight 0.2374 0.5458 0.9163 0.5102
Knn + upweight  0.2498 0.564 0.9193 0.5261
fr Idioms Normal 0.2001 0.4329 0.9211 0.4393
Knn 0.2154 0.4547 0.9235 0.4493
Upweight 0.2174 0.4398 0.9235 0.4419
Knn + upweight  0.2309 0.4568 0.926 0.4581
Literal Normal 0.2778 0.5261 0.9377 0.5504
Knn 0.2824 0.5318 0.9387 0.5544
Upweight 0.2923 0.5332 0.9384 0.5564
Knn + upweight  0.2883 0.5325 0.9399 0.5549
Random-in Normal 0.3197 0.5942 0.9443 0.5803
Knn 0.3142 0.5949 0.9438 0.5774
Upweight 0.3079 0.5884 0.9427 0.5715
Knn + upweight  0.3258 0.6036 0.9461 0.5865
Random-out Normal 0.2778 0.528 0.9377 0.5504
Knn 0.3396 0.6573 0.928 0.6146
Upweight 0.3078 0.5458 0.9223 0.5856
Knn + upweight  0.3353 0.652 0.9272 0.6075
ja Idioms Normal 0.09048 0.2826 0.9234 0.2998
Knn 0.09376 0.2767 0.9034 0.2905
Upweight 0.09505 0.285 0.9052 0.3022
Knn + upweight 0.09589 0.2841 0.905 0.2982
Literal Normal 0.1416 0.3951 0.9222 0.4222
Knn 0.1418 0.3947 0.9223 0.4183
Upweight 0.1427 0.3923 0.9221 0.4222
Knn + upweight 0.1509 0.3962 0.9226 0.4228
Random-in Normal 0.1443 0.4008 0.9212 0.3927
nn 0.1535 0.4036 0.9218 0.3960
Upweight 20201430 03981 09212 03925
Knn + upweight 0.1543 0.407 0.9224 0.4009
Random-out Normal 0.0948 0.3539 0.8946 0.3436
Knn 0.09051 0.3389 0.8934 0.3284
Ubpweicht 0.09228 0.3522 0.8947 0.3392
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