Evaluating and Understanding Declarative and Procedural

Knowledge in Language Models

Rahul Nadkarni

A dissertation
submitted in partial fulfillment of the

requirements for the degree of

Doctor of Philosophy

University of Washington
2026

Reading Committee:
Noah A. Smith, Chair
Hannaneh Hajishirzi

Pang Wei Koh

Program Authorized to Offer Degree:

Computer Science and Engineering



© Copyright 2026

Rahul Nadkarni



University of Washington

Abstract
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Computer Science and Engineering

Advancements in language model development have led to models with a broad range of useful
capabilities, including those related to knowledge. These knowledge capabilities can be conceptualized as
improvements in declarative knowledge (‘“knowing that”, being able to recall and use factual information)
and procedural knowledge (“knowing how”, the ability to perform tasks or skills). While language
models have improved substantially along both axes, many open questions remain regarding the extent
of models’ declarative knowledge in various domains, the predictability of their procedural knowledge
capabilities, and how each of these arises from the underlying datasets that models are trained on. In this
thesis, we explore work in each of these directions, expanding our understanding of both declarative and
procedural knowledge in language models. We begin with a study of declarative knowledge in language
models via the task of scientific knowledge base completion, finding that language models effectively
complement classical text-free methods on this task and are particularly valuable when applied to unseen
scientific entities and concepts. Our work proceeds to investigate language models’ procedural knowledge
capabilities by attempting to predict task performance from instructions, discovering that this remains
a challenging task across various data- and model-related experimental settings. We then analyze how
knowledge is related to language models’ training data by proposing an experimental recipe for performing
interventional analyses on training, demonstrating the utility of this recipe by applying it to study various
model behaviors. Finally, we conclude with thoughts on potential future directions on applying language
models’ declarative knowledge for scientific discovery, modernizing the experimental study of predicting
models’ procedural knowledge, and adapting our proposed experimental methodology to better understand

how different stages of training each contribute to models’ knowledge capabilities.
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Chapter 1

Introduction

Modern natural language technologies have undergone dramatic improvements at a rapid pace, powered
largely by advancements in neural network language models (LMs) (Bengio et al., 2003). Driven by
factors such as a novel neural network architecture (Vaswani et al., 2017), training on massive text corpora
derived from the Internet (Raffel et al., 2020; Penedo et al., 2024; Soldaini et al., 2024; Li et al., 2024a),
and scaling compute to develop increasingly larger models (Narayanan et al., 2021; Rae et al., 2022;
Chowdhery et al., 2023; Shazeer et al., 2017), LM-based systems have become capable of performing a
wide variety of useful tasks. More recently, new techniques have been applied to train LMs as general
purpose digital assistants via a natural language “chatbot” interface (Ouyang et al., 2022; Lambert et al.,
2025), leading to their widespread adoption far beyond the academic setting in which these models were
traditionally developed and studied (OpenAl, 2022; Anthropic, 2023; Google, 2023). This growth in the

usage of LM-based systems makes it even more crucial to understand their capabilities and limitations.

Among the many traits of LMs that have been expanded are their knowledge capabilities, which
underpin a variety of useful tasks. LMs that store factual knowledge in their parameters and generate it
when prompted can be useful for question answering (Rajpurkar et al., 2016; Roberts et al., 2020), fact
verification (Thorne et al., 2018), knowledge base completion (Yao et al., 2019), and many other important
information-centric tasks (Petroni et al., 2021). More recently, LMs have displayed knowledge capabilities
related to performing a broad range of skills beyond simply generating or evaluating real-world facts,
enabling behavior such as mathematical reasoning (Cobbe et al., 2021; Hendrycks et al., 2021b) and code
generation (Austin et al., 2021; Chen et al., 2021), or more generally following arbitrary human-written
instructions (Ouyang et al., 2022). This dichotomy can be described as advancements in declarative vs.
procedural knowledge, a way of characterizing types of knowledge that originated in philosophy (Ryle,
1945) and was later used to described knowledge and memory in cognitive science (ten Berge and van

Hezewijk, 1999). While we note that this connection to the study of knowledge in living organisms does

1



not necessarily justify treating LMs as “intelligent” in the same way, the declarative/procedural split is a

useful framework for describing and studying the capabilities we see in LMs today.

Generally, declarative knowledge can be described as the quality of “knowing that”, or being able to
store and recall factual information that describes a property of the world. Early work demonstrating that
LMs had developed declarative knowledge capabilities explored the idea of using LMs as knowledge
bases with no additional training (Petroni et al., 2019), a capability which was shown to improve with
model scale (Roberts et al., 2020) to the extent that it could sometimes even surpass the performance
of models specifically trained to answer factual questions (Brown et al., 2020). This capability was also
explored in other domains (Sung et al., 2021; Meng et al., 2022) and across multiple languages (Jiang
et al., 2020; Kassner et al., 2021), further highlighting its usefulness. At the same time, issues with this
approach have emerged, with evidence of models using shortcuts to complete factual knowledge (Poerner
et al., 2020; Cao et al., 2021) as well as inconsistencies in knowledge that can be derived from model
parameters versus elicited through natural language queries (Gekhman et al., 2025). A core deficit in
factual knowledge capabilities is the issue of hallucinations, i.e., models generating factually incorrect

information, a problem which continues to be studied (Lin et al., 2022b; Ji et al., 2023).

Early efforts to assess declarative knowledge in LMs tested models on short-form queries of factual
information, which they could sometimes answer correctly even without being explicitly trained to do so
(Petroni et al., 2019; Roberts et al., 2020; Brown et al., 2020). This form of evaluation was not without its
limitations, with cases where models perform well by guessing based on entity types (Cao et al., 2021) or
spurious correlations (Poerner et al., 2020), among other shortcuts. The rapid improvement of models’
declarative knowledge capabilities spurred development of more challenging and specialized benchmarks
(Hendrycks et al., 2021a; Rein et al., 2024), often applied in a multiple-choice question answering format
(Robinson and Wingate, 2023) with standardized evaluation methodology (Gao et al., 2021; Biderman
et al., 2024; Gu et al., 2025). This form of evaluation has its own shortcomings, with models exhibiting
sensitivity to factors such as answer choice order or formatting (Sclar et al., 2024; Pezeshkpour and
Hruschka, 2024; Alzahrani et al., 2024). Furthermore, datasets themselves can contain flaws such as
mislabeled instances or ones that allow models to make educated guesses without possessing the required
knowledge (Gema et al., 2025; Balepur et al., 2026). Despite their weaknesses, these benchmarks and the
associated evaluation methodology are crucial for properly assessing LMs’ evolving declarative knowledge

capabilities, provided that they are applied with care and an awareness of their limitations.

In contrast to declarative knowledge, procedural knowledge can be characterized as “knowing how”,
the ability to perform a task or skill that may not rely on using or recalling particular factual information.
Initial evidence of this capability arose when LMs were trained to perform tasks by following natural

language instructions, demonstrating their ability to extend this behavior to tasks that were not explicitly
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included during training (Mishra et al., 2022; Wang et al., 2022; Sanh et al., 2022; Wei et al., 2022; Ouyang
et al., 2022). This ability in particular has been capitalized on to develop general purpose LM-based
systems that have become commercially available, making LMs a much more pervasive part of modern
society outside the research community (OpenAl, 2022; Anthropic, 2023; Google, 2023). Shortcomings
exist here as well, with evidence that instruction-following models struggle with phenomena like negation
(Jang et al., 2023b), ignore parts of the instruction they are given (Yin et al., 2023), perform well even with
a misleading instruction (Webson and Pavlick, 2022), and generally struggle to follow instructions when
given specific constraints that are programmatically verifiable (Zhou et al., 2023b; Pyatkin et al., 2025).
Early work evaluating procedural knowledge in LMs used large collections of existing natural language
understanding tasks combined with metrics like Exact Match and ROUGE-L that compared each model
output to a reference output (Wei et al., 2022; Sanh et al., 2022; Wang et al., 2022; Chung et al., 2024;
Longpre et al., 2023). While such metrics are easy to compute, deterministic, and interpretable, they are
insufficient for evaluating procedural knowledge across diverse tasks, especially those where LMs can
produce open-ended generations and quality is either subjective or there is an indeterminate number of
acceptable responses. Simple, deterministic evaluations are still possible in certain domains, such as unit
tests for code generation (Chen et al., 2021; Jimenez et al., 2024) or programmatic verification of precise
instruction-following (Zhou et al., 2023b; Pyatkin et al., 2025). For a wider range of tasks however, recent
work has instead turned to more flexible evaluation methods such as large-scale collection of human
preferences (Chiang et al., 2024a) or using LMs to evaluate model outputs via an “LLM-as-a-judge” setup
(Li et al., 2023; Zheng et al., 2023). These approaches have limitations — human evaluation is not easily
scalable and difficult to obtain for tasks requiring deep domain expertise, while LLM-as-a-judge can
exhibit biases that hinder fair evaluation (Chen et al., 2024; Wang et al., 2024; Koo et al., 2024). While
progress relies on applying each of these evaluation methods in the appropriate setting, robust and general
evaluation of procedural knowledge in LMs remains challenging and is a subject of ongoing research.
In sum, current work demonstrates that while LMs’ knowledge-related abilities have grown rapidly,
many limitations exist and there is much we still don’t know about their knowledge capabilities. In

particular, several questions deserve further study to expand our understanding of knowledge in LMs:

* What is the extent of declarative knowledge in LMs? How well do they perform at tasks that require

knowledge in specialized domains?

* Is it possible to determine the limits of procedural knowledge in LMs based on their past behavior?

Can we predict performance on unseen tasks given performance on seen ones?

* What are the mechanisms that give rise to knowledge in LMs? How do properties of LMs’ training

data lead to knowledge acquisition?



In this thesis, we present work that takes steps towards answering each of these questions, expanding
our understanding of both declarative and procedural knowledge in LMs.

In Chapter 2, we study the extent of declarative knowledge in pretrained LMs by evaluating the
performance of general and domain-specific LMs at the task of knowledge graph completion in the
biomedical domain. We compare LMs to classical models that rely on the structure of the knowledge
graph without making use of textual information about entities, highlighting the different strengths of the
two approaches. We then make use of their complementary benefits by exploring various methods of
ensembling the two classes of methods, demonstrating that this greatly improves performance, particularly
when an LM is included in the ensemble. Finally, we show that LMs are particularly valuable when
making predictions involving entities that do not have known connections to other entities, even compared
to other baselines that can make use of textual information about these novel entities.

Chapter 3 focuses on procedural knowledge in LMs by training models to predict the performance of
instruction-following LMs given a task instruction alone, attempting to generalize from observed behavior
on instructions that the LMs have already been evaluated on. We find that performance prediction is
incredibly challenging, with a wide range of methods failing to adequately predict performance on unseen
instructions. Varying the size of the instruction-following LM, the size of the performance predictor, the
number of training tasks, and even the quantitative evaluation metric being predicted all fail to improve
performance. While results predicting language modeling loss show some promise, we generally find that
while LM instruction-following behavior shows remarkable performance and ability to generalize to novel
instructions, our study did not identify a clearly defined structure as a function of task instruction alone.

In Chapter 4 we perform a deeper analysis that expands our understanding of how LMs’ pretraining
data gives rise to their declarative knowledge capabilities. To do so, we present a general recipe for
performing interventional analyses on pretraining, outlining considerations for identifying and modifying
pretraining documents to perform a controlled intervention followed by repeating portions of pretraining to
observe the effects on model behavior. We instantiate this recipe on tasks that evaluate factual knowledge
recall as well as gender bias, demonstrating that our interventions can successfully promote or suppress
the expected behavior for each task while noting that some level of performance still remains unexplained.
Our experiments explore a range of methods of implementing each of the steps in our recipe, showing that
our proposed framework can easily be applied to study a wide variety of model behaviors.

We conclude in Chapter 5 with a summary of the work presented here as well as suggestions for future
work that could extend each research direction in order to further explore LMs’ knowledge capabilities.
The work in this thesis adds to a growing literature on understanding knowledge in LMs, while providing

additional tools to extend this line of inquiry in future research.






Chapter 2

Scientific Language Models for Biomedical
Knowledge Base Completion: An Empirical

Study

We begin with a study of declarative knowledge in LMs, one of the first kinds of knowledge capabilities
discovered in modern models. This chapter evaluates declarative knowledge present in LMs by adapting
them for scientific knowledge base completion, filling in missing links between entities in the biomedical
domain. Leveraging LMs’ declarative knowledge about connections between concepts in specialized
domains has potentially high value, assisting domain experts in dealing with the vast and growing
knowledge in their specialty. We compare LMs to language-free methods of performing this task, combine
the two classes of methods to improve performance, analyze what factors make each approach perform
well alone and how to best combine them, and conclude with the special case of using LMs to make

predictions about entities with no known connections to existing entities.

This work was originally presented in Nadkarni et al. (2021).

2.1 Introduction

Understanding complex diseases such as cancer, HIV, and COVID-19 requires rich biological, chemical,
and medical knowledge. This knowledge plays a vital role in the process of discovering therapies for these
diseases — for example, identifying targets for drugs (Lindsay, 2003) requires knowing what genes or
proteins are involved in a disease, and designing drugs requires predicting whether a drug molecule will
interact with specific target proteins. In addition, to alleviate the great costs of designing new drugs, drug

repositioning (Luo et al., 2021) involves identification of existing drugs that can be re-purposed for other
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diseases. Due to the challenging combinatorial nature of these tasks, there is need for automation with
machine learning techniques. Given the many links between biomedical entities, recent work (Bonner
et al., 2022a,b) has highlighted the potential benefits of knowledge graph (KG) data representations,
formulating the associated tasks as KG completion problems — predicting missing links between drugs

and diseases, diseases and genes, and so forth.

The focus of KG completion work — in the general domain, as well as in biomedical applications —
is on using graph structure to make predictions, such as with KG embedding (KGE) models and graph
neural networks (Zitnik et al., 2018; Chang et al., 2020). In parallel, recent work in the general domain
has explored the use of pretrained language models (LMs) as “soft” knowledge bases, holding factual
knowledge latently encoded in their parameters (Petroni et al., 2019, 2020). An emerging direction for
using this information for the task of KG completion involves fine-tuning LMs to predict relations between
pairs of entities based on their textual descriptions (Yao et al., 2019; Kim et al., 2020; Wang et al., 2021;
Daza et al., 2021). In the scientific domain, this raises the prospect of using LMs trained on millions of
research papers to tap into the scientific knowledge that may be embedded in their parameters. While this
text-based approach has been evaluated on general domain benchmarks derived from WordNet (Miller,
1995) and Freebase (Bollacker et al., 2008), to our knowledge it has not been applied to the task of

scientific KG completion prior to this work.

In this chapter we perform an extensive study of LM-based KG completion in the biomedical domain,
focusing on three datasets centered on drugs and diseases, two of which have not previously been used
for the KG completion task. To enable exploration of LM-based models, we collect missing entity
descriptions, obtaining them for over 35k entities across all datasets. We evaluate a range of KGE models
and domain-specific scientific LMs pretrained on different biomedical corpora (Beltagy et al., 2019; Lee
et al., 2020; Alsentzer et al., 2019; Gu et al., 2021). We conduct analyses of predictions made by both
types of models and find them to have complementary strengths, echoing similar observations made in
recent work in the general domain (Wang et al., 2021) and motivating integration of both text and graph
modalities. Unlike previous work, we train a router that selects for each input instance which type of
model is likely to do better, finding it to often outperform average-based ensembles. Integration of text
and graph modalities provides substantial relative improvements of 13-36% in mean reciprocal rank
(MRR), and routing across multiple LM-based models further boosts results. Finally, we demonstrate the
utility of LM-based models when applied to entities unseen during training, an important scenario in the
rapidly evolving scientific domain. Our hope is that this work will encourage further research into using
scientific LMs for biomedical KG completion, tapping into knowledge embedded in these models for

making relational inferences between complex scientific concepts.
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Figure 2.1: Illustration of the main methods we apply for biomedical KG completion: (a) LM fine-tuning;
(b) KGE models; (c) an approach that combines both; and (d) using an LM to impute missing entities in a

KGE model.

2.2 Task and Methods

We begin by presenting the KG completion task and the approaches we employ for predicting missing
links in biomedical KGs, including our model integration and inductive KG completion methodologies.

An overview of our approaches is illustrated in Figure 3.1.

2.2.1 KG Completion Task

Formally, a KG consists of entities £, relations R, and triples 7 representing facts. Each triple (h,r,t) € T
consists of head and tail entities h,¢ € £ and a relation » € R. An entity can be one of many types,
with the type of an entity e denoted as T'(e). In our setting, each entity is also associated with some text,
denoted as text(e) for e € £. This text can be an entity name, description, or both; we use the entity’s
name concatenated with its description when available, or just the name otherwise. For example, the fact
(aspirin, treats, headache) might be an (h, r, t) triple found in a biomedical KG that relates drugs and
diseases, with the head and tail entities having types T'(h) = drug and T'(t) = disease.

The task of KG completion or link prediction involves receiving a triple (h,r,?) (where ? can replace
either the head or tail entity) and scoring all candidate triples {(h,r,t") | ¢ € S} such that the correct
entity that replaces 7 has the highest score. For the example listed above, a well-performing model that
receives the incomplete triple (aspirin, treats, 7) should rank the tail entity headache higher than an
incorrect one such as diabetes. S can be the entire set of entities (i.e., S = &) or some fixed subset. In
the transductive setting, the set of facts 7 is split into a training set Tinin and a test set Ties such that all
positive triples in the test set contain entities seen during training. In contrast, for inductive KG completion

the triples in the test set may contain entities not seen during training (see Section 2.2.4).
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2.2.2 Methods

Ranking-based KG completion. Each KG completion model in our experiments learns a function
f that computes a ranking score s = f(x) for a given triple x = (h,r,t). Models are trained to
assign a high ranking score to correct positive triples from the set of known facts 7 and a low
ranking score to triples that are likely to be incorrect. To do so, we use the max-margin loss function
Liank(2) = % sz\il max(0, A — f(x) + f(«})), where X is a margin hyperparameter, z € 7T is a known
positive triple in the KG, and z is a negative triple constructed by randomly corrupting either the head or
tail entity of = with an entity of the same type. We generate N random negatives for each positive, with

the value of IV being a hyperparameter that may vary depending on the model and dataset.

KG embedding (KGE) models. For each entity e € £ and each relation » € R, KG embedding (KGE)
models learn a vector representation F(e) € R™ and R(r) € R™. For a given triple (h, r,t), each model
computes the ranking score f(h,r,t) as a simple function of these embeddings (Figure 3.1b). We include
a variety of different KGE models in our experiments, including TransE (Bordes et al., 2013), DistMult
(Yang et al., 2015), ComplEx (Trouillon et al., 2016), and RotatE (Sun et al., 2019).

LM-based models. KGE methods do not capture the rich information available from textual descriptions
of nodes. To address this limitation, previous KG completion approaches have incorporated textual
representations (Toutanova et al., 2015; Wang and Li, 2016), most recently with approaches such as
KG-BERT (Yao et al., 2019) that fine-tune the BERT language model (LM) (Devlin et al., 2019) for the
task of KG completion. Our focus in this work is on LMs pretrained on corpora of biomedical documents
(e.g., PubMedBERT (Gu et al., 2021); see Appendix A.2.1 for full details). To score a triple using an
LM, we use a cross-encoder approach (Yao et al., 2019; Kim et al., 2020) (Fig. 3.1a), where we encode
the text of the head and tail entities together along with the appropriate special tokens. Specifically, a
triple (h, r, t) is encoded as v = LM([CLS] text(h) [SEP] text(t) [SEP]), where v is the contextualized
representation of the [CLS] token at the last layer.! We then apply an additional linear layer with a single
output dimension to v to compute the ranking score for the triple (f(x) = Wiankv € R), and train the LM
with the same max-margin loss. Recent work on applying BERT for KG completion on general domain
benchmarks has shown that multi-task training improves performance (Wang et al., 2021; Kim et al.,
2020). We use the approach of Kim et al. (2020) and incorporate two additional losses for each LM: a
binary triple classification loss to identify if a triple is positive or negative, and a multi-class relation

classification loss.2

'We experiment with encoding the relation text as well, but find that this did not improve performance.
2See details in Appendix A.2. Wang et al. (2021) omit the relation classification loss and use a bi-encoder; we find that both

of these modifications reduce performance in our setting.



2.2.3 Integrating KGE and LM: Model Averaging vs. Routing

Previous work using text for KG completion on general domain benchmarks has demonstrated the benefit
of combining KGE and text-based models (Xie et al., 2016; Wang et al., 2021). We study integration of
graph-based and text-based methods (Figure 3.1c), exploring whether learning to route input instances
adaptively to a single model can improve performance over previous approaches that compute a weighted
average of ranking scores (Wang et al., 2021). We also explore the more general setup of combining more
than two models.

More formally, for a given triple x = (h, r,t), let ¢(z) be its feature vector. We can learn a function
g(¢(x)) that outputs a set of weights o = [a1, ..., 0], ), &; = 1,04 > 0 Vi. These weights can be
used to perform a weighted average of the ranking scores {si,..., s} for a set of £k models we wish
to combine, such that the final ranking score is s = ) . c;s;. We use a variety of graph-, triple-, and
text-based features to construct the feature vector ¢(z) such as node degree, entity and relation type, string
edit distance between head and tail entity names, and overlap in graph neighbors of head and tail nodes.
We explore these features further in Section 2.4.1, and provide a full list in Appendix A.2.1 (Table A.2).

For the function g(-), we experiment with an input-dependent weighted average that outputs arbitrary
weights a and a router that outputs a constrained a such that o; = 1 for some 7 and o; = 0,Vj # i
(i.e., o is a one-hot vector).? In practice, we implement the router as a classifier which selects a single
KG completion model for each example by training it to predict which model will perform better.* For
the input-dependent weighted average we train a multilayer perceptron (MLP) using the max-margin
ranking loss. We train all models on the validation set and evaluate on the test set for each dataset. When
performing ranking evaluation, we use the features ¢(x) of each positive example to compute the weights

a, then apply the same weights to all negative examples ranked against that positive example.

2.2.4 Inductive KG Completion

KGE models are limited to the transductive setting where all entities seen during evaluation have
appeared during training. Inductive KG completion is important in the biomedical domain, where we
may want to make predictions on novel entities such as emerging biomedical concepts or drugs/proteins
mentioned in the literature that are missing from existing KGs. Due to their ability to form compositional
representations from entity text, LMs are well-suited to this setting. In addition to using LMs fine-tuned
for KG completion, we try a simple technique using LMs to*“fill in” missing KGE embeddings without

explicitly using the LM for prediction (Fig. 3.1d). Given a set of entities £ for which a KGE model has

>We also try a global weighted average with a single set of weights; see Appendix A.2.1 for details.
“We explore a range of methods for the router’s classifier, with the best found to be gradient boosted decision trees (GBDT)

and multilayer perceptrons (MLP).
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#Positive Edges

Avg. Desc.
Dataset #Entities #Rel Train Dev. Test
Length
RepoDB 2,748 1 5,342 667 668 49.54
Hetionet (our subset) 12,733 4 124,544 15,567 15,568 44.65
MSI 29,959 6 387,724 48,465 48,465 45.13
WNI18RR 40,943 11 86,835 3,034 3,134 14.26
FB15k-237 14,541 237 272,115 17,535 20,466 139.32

Table 2.1: Statistics for our datasets and a sample of general domain benchmarks.

trained embeddings and a set of unknown entities U, for each e € £ UU we encode its text using an LM
to form v, = LM([CLS] text(e) [SEP]), Ve € £ UU, where v, is the [CLS] token representation at the
last layer. We use the cosine similarity between embeddings to replace each unseen entity’s embedding
with the closest trained embedding as F/(u) = F/(argmax cos-sim(v,, vy,)) where e is of the same type as

ec&
u,ie., T'(e) = T'(u).

2.3 Experimental Setup

2.3.1 Datasets

We use three datasets in the biomedical domain that cover a range of sizes comparable to existing general
domain benchmarks, each pooled from a broad range of biomedical sources. Our datasets include RepoDB
(Brown and Patel, 2017), a collection of drug-disease pairs intended for drug repositioning research;
MSI (multiscale interactome; (Ruiz et al., 2021)), a network of diseases, proteins, genes, drug targets,
and biological functions; and Hetionet (Himmelstein and Baranzini, 2015), a heterogeneous biomedical
knowledge graph which following Alshahrani et al. (2021) we restrict to interactions involving drugs,
diseases, symptoms, genes, and side effects.” Statistics for all datasets and a sample of popular general
domain benchmark KGs can be found in Table 2.1.

While Hetionet has previously been explored for the task of KG completion as link prediction using
KGE models (though not LMs) (Alshahrani et al., 2021; Bonner et al., 2022b), to our knowledge neither
RepoDB nor MSI have been represented as KGs and used for evaluating KG completion models prior
to this work, despite the potential benefits of this representation (Bonner et al., 2022a) especially in

conjunction with textual information. In order to apply LMs to each dataset, we scrape entity names

SMore information on each dataset is available in Appendix A.1.1.
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(when not provided by the original dataset) as well as descriptions from the original online sources used

to construct each KG (see Table A.1 in the appendix).

We construct an 80%/10%/10% training/development/test transductive split for each KG by removing
edges from the complete graph while ensuring that all nodes remain in the training graph. We also
construct inductive splits, where each positive triple in the test test has one or both entities unseen during
training. Details on how these splits were performed can be found in Appendix A.1.2 for the transductive

split and Appendix A.1.3 for the inductive split.

2.3.2 Pretrained LMs and KGE Integration

We experiment with several LMs pretrained on biomedical corpora (see Table 2.2 and Appendix A.2.1). For
each LM that has been fine-tuned for KG completion, we add the prefix “KG-" (e.g., KG-PubMedBERT)
to differentiate it from the base LM. We use the umbrella term “model integration” for both model

averaging and routing, unless stated otherwise.

Model integration. We explore integration of all pairs of KGE models as well as each KGE model
paired with KG-PubMedBERT. This allows us to compare the effect of integrating pairs of KG completion
models in general with integrating graph- and text-based approaches. For all pairs of models, we use the
router-based and input-dependent weighted average methods. We also explore combinations of multiple
KGE models and LMs, where we start with the best pair of KG-PubMedBERT and a KGE model based
on the validation set and add either KG-BioBERT or the best-performing KGE model (or the second-best,
if the best KGE model is in the best pair with KG-PubMedBERT).

2.3.3 Evaluation

At test time, each positive triple is ranked against a set of negatives constructed by replacing either the
head or tail entity by a fixed set of entities of the same type. When constructing the edge split for each of
the three datasets, we generate a fixed set of negatives for every positive triple in the validation and test
sets, each corresponding to replacing the head or tail entity with an entity of the same type and filtering
out negatives that appear as positive triples in either the training, validation, or test set (exact details in
Appendix A.1.4). For each positive triple, we use its rank to compute the mean reciprocal rank (MRR),

Hits@3 (H@3), and Hits@ 10 (H@ 10) metrics.
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RepoDB Hetionet MSI
MRR H@3 H@10 | MRR H@3 H@I0 | MRR H@3 H@I10

ComplEx 623 711 856 | 459 536 778 | 403 443 575
DistMult 620 704 852 | 460 535 778 | 296 341 536
KOE RotatE 588 659 798 | 506 582 793 | 324 353 498
TransE 600 686 81.1 | 502 580 798 | 327 365 538
RoBERTa 517 603 823 | 464 536 769 | 30.1 333 506
SciBERT 597 676 885 | 503 571 791 | 342 379 550
BioBERT 582 658 868 | 503 575 794 | 334 371 548

LM (fine-tuned)
Bio+ClinicalBERT 55.7 64.0 84.1 43.6  49.1 72.6 326  36.1 53.5

PubMedBERT-abs  60.8  70.7  89.5 50.8 580 80.0 | 343 380 553
PubMedBERT-full 599 69.3  88.8 51.7 587  80.8 342 377 551

Two models Best pair of KGE 622 704 837 56.1 655 854 | 452 506 662
(router) Best KGE + LM 70.6 803 943 59.7 686 872 | 485 544  70.1
Two models Best pair of KGE 652 743 876 | 653 753 902 | 39.8 449 620

(input-dep. avg.) Best KGE + LM 659 744 915 703 787 922 | 40.6 446 612

Three models 2KGE+1LM 7277 816 952 62.6 717 894 509 571 73.2
(router) 1 KGE +2 LM 72.1 825 957 62.1 719  89.5 51.2  57.0 730

Table 2.2: KG completion results. All values are in the range [0, 100], higher is better. Underlined values
denote the best result within a model category (KGE, LM, two models with router, two models with
input-dependent weighted average, three models with router), while bold values denote the best result for

each dataset.

2.4 Experimental Results

2.4.1 Transductive Link Prediction Results

We report performance on the link prediction task across all datasets and models in Table 2.2, with full
training details for the transductive setting in Appendix A.2.1. While LMs perform competitively with
KGE models and even outperform some, they generally do not match the best KGE model on RepoDB
and MSI. This echoes results in the general domain for link prediction on subsets of WordNet and
Freebase (Yao et al., 2019; Wang et al., 2021). On all datasets and metrics, the best-performing LM is
KG-PubMedBERT, which aligns with results for natural language understanding tasks over biomedical
text (Gu et al., 2021). The biomedical LMs also generally outperform KG-RoBERTa4, illustrating the

benefit of in-domain pretraining even in the KG completion setting.
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Relation

RotatE better

KG-PubMedBERT better

Disease
presents

Symptom

Disease: mediastinal cancer; a cancer in
the mediastinum.
Symptom: hoarseness; a deep or rough

quality of voice.

Disease: stomach cancer; a gastrointesti-
nal cancer in the stomach.
Symptom: weight loss; decrease in exist-

ing body weight.

Compound
treats

Disease

Compound: methylprednisolone; a pred-
nisolone derivative glucocorticoid with
higher potency.

Disease: allergic rhinitis; a rhinitis that is
an allergic inflammation and irritation of

the nasal airways.

Compound: altretamine; an alkylating
agent proposed as an antineoplastic.

Disease: ovarian cancer; a female repro-
ductive organ cancer that is located in the

ovary.

Compound
causes

Side Effect

Compound: cefaclor; semi-synthetic,
broad-spectrum anti-biotic derivative of
cephalexin.

Side Effect: tubulointerstitial nephritis;

no description

Compound: perflutren; a diagnostic med-
ication to improve contrast in echocardio-
grams.

Side Effect: palpitations; irregular and/or

forceful beating of the heart.

Table 2.3: Examples from Hetionet where one model ranks the shown positive pair considerably higher

than the other. LMs often perform better when there is semantic relatedness between head and tail text,

but can be outperformed by a KGE model when head/tail entity text is missing or unrelated. Entity

descriptions cut to fit.

Il KGE better

Figure 2.2: Fraction of test set examples where each

model performs better.

Il same

Comparing model errors.

By examining a se-

lected set of examples in Table 2.3, we can observe

Il PubMedBERT better

cases where information in text provides LMs an
advantage and where a lack of context favors KGE
models. KG-PubMedBERT is able to make connec-
tions between biomedical concepts — like the fact
that a disease that affects the sfomach might cause

weight loss — and align related concepts expressed

with different terminology — like connecting anti-

neoplastic with cancer (a type of neoplasm), or recognizing that an echocardiogram is a technique for

imaging the heart. In contrast, RotatE offers an advantage when the descriptions do not immediately

connect the two terms (mediastinal cancer, hoarseness), where a description may be too technical or

generic to be informative (methylprednisolone, allergic rhinitis), or where no description is available
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RepoDB Hetionet MSI

DistMult  63.4 DistMult DistMult = 41.3

RotatE 63.2 63.6 RotatE RotatE [CENIN 41.6

Transe 63.7 63.7 62.2 TransE .0 55.2 557 TransE [EZEN 39.8 38.6

PubMedBERT [V S (VR B (VK I (1 K+] PubMedBERT .6 59.7 59.2 59.6 PubMedBERT [ELNN 42.8 43.2 428
9.
%,

Figure 2.3: Test set MRR for all pairs of KG completion models using an MLP router. The best combination
of a KGE model and KG-PubMedBERT always performs better than the best pair of KGE models, and for
RepoDB and Hetionet all pairs involving KG-PubMedBERT outperform all KGE-only pairs.

(cefaclor, tubulointerstitial nephritis).® Furthermore, Fig. 2.2 shows that KG-PubMedBERT outperforms
the best KGE model on a substantial fraction of the test set examples for each dataset.” These observations
motivate an approach that leverages the strengths of both types of models by identifying examples where

each model might do better, which leads to our results for model integration.

2.4.2 Model Averaging and Routing

Integrating pairs of models. Table 2.2 shows that combining each class of models boosts results
by a large relative improvement of 13—-36% in MRR across datasets. Moreover, the best-performing
combination always includes a KGE model and KG-PubMedBERT rather than two KGE models (Fig. 2.3),

showing the unique benefit of using LMs to augment models relying on KG structure alone.

Averaging vs. routing. We also compare the router and input-dependent weighted average approaches
of integrating a pair of models in Table 2.2, with the router-based approach outperforming the weighted
average for the best KGE + LM pair on RepoDB and MSI. This presents routing as a promising alternative
for integrating KGE and LM models. Since the gradient boosted decision trees (GBDT) router achieves
the best validation set performance in most cases across classifiers and integration methods, we use this

method for combinations of more than two models, such as multiple LMs with a single KGE model.

Integrating additional models. The bottom of Table 2.2 shows results for three-model combinations.
Adding a third model improves performance compared to the best pair of models, though whether the best

third model is an LM or KGE model varies across datasets and metrics. Although there are diminishing

STable A.3 in the appendix shows the drop in performance when one or both entities are missing descriptions.
"See MRR breakdown by relation type in Fig. A.1 in the appendix.
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returns to including a third model, the three-model combinations provide the best performance for RepoDB

and MSI.

Interpreting model routing. We compute average feature gain for all datasets, using a GBDT router
implemented with XGBoost (Chen and Guestrin, 2016) (see Fig. A.2 in the appendix). We find that the
most salient features are the ranking scores output by each model, which is intuitive as these scores reflect
each model’s confidence. Graph features like node degree and PageRank also factor into the classifier’s
predictions, as well as textual features such as entity text length and edit distance between entity names.
General concepts such as Hypertensive disease and Infection of skin and/or subcutaneous tissue are
central nodes for which we observe KGE models to often do better. KGE models also tend to do better on
entities with short, non-descriptive names (e.g., P2RY14), especially when no descriptions are available.
Generally, these patterns are not clear-cut, and non-linear or interaction effects likely exist. It remains an
interesting challenge to gain deeper understanding into the strengths and weaknesses of LM-based and

graph-based models.

2.4.3 Inductive KG Completion

For our inductive KG completion experiments®, we use ComplEx as the KGE model and KG-PubMedBERT
as our LM-based model, and compare the performance of each method to ComplEx with entity embeddings
imputed using the method described in Section 2.2.4. We use either the untrained PubMedBERT or the fine-
tuned KG-PubMedBERT as the LM for retrieving nearest-neighbor (NN) entities (see examples in Table A.5
in the appendix). We also compare to DKRL (Xie et al., 2016), which constructs entity representations
from text using a CNN encoder and uses the TransE scoring function. We use PubMedBERT’s token
embeddings as input to DKRL and train with the same multi-task loss. While other methods for inductive
KG completion exist, such as those based on graph neural networks (Schlichtkrull et al., 2018; Vashishth
et al., 2020; Bhowmik and de Melo, 2020), they require the unseen entity to have known connections
to entities that were seen during training in order to propagate information needed to construct the new
embedding. In our inductive experiments, we consider the more challenging setup where every test set
triple has at least one entity with no known connections to entities seen during training, such that graph
neural network-based methods cannot be applied. This models the phenomenon of rapidly emerging
concepts in the biomedical domain, where a novel drug or protein may be newly studied and discussed in
the scientific literature without having been integrated into existing knowledge bases.

As seen in Table 2.4, ComplEx unsurprisingly performs poorly as it attempts link prediction with

random embeddings for unseen entities. DKRL does substantially better, with KG-PubMedBERT further

8Full experimental details in Appendix A.2.2.
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RepoDB Hetionet MSI
MRR H@3 H@I10 | MRR H@3 H@10 | MRR H@3 H®@I10

DKRL 156 159 282 | 17.8 185 319 | 133 141 22.4
KG-PubMedBERT 38.8 434 67.5 | 21.6 223 428 | 202 217 32.2
ComplEx 0.8 0.4 1.6 3.6 0.7 2.8 0.5 0.1 04
NN-ComplEx, frozen LM 20.1 223 31.2 | 18.1 184 328 | 158 169 23.4

NN-ComplEx, fine-tuned LM 269 303 394 | 139 129 255 | 146 154 214

Table 2.4: Inductive KG completion results. NN-ComplEx refers to the version of ComplEx with unseen
entity embeddings replaced using an LM to find the 1-nearest neighbor, either with PubMedBERT frozen
or fine-tuned for KG completion (KG-PubMedBERT).

increasing MRR with a relative improvement of 21% (Hetionet) to over 2x (RepoDB). Our strategy for
replacing ComplEx embeddings for unseen entities performs comparably to or better than DKRL in
most cases, with untrained PubMedBERT encodings generally superior to using KG-PubMedBERTs
encodings. In either case, this simple strategy for replacing the untrained entity embeddings of a KGE
model shows the ability of an LM to augment a structure-based method for KG completion that is typically

only used in the transductive setting, even without using the LM to compute ranking scores.

2.5 Recent Work

Subsequent research has referenced the findings of our work in various ways, whether by using our
datasets directly to evaluate novel approaches for knowledge graph completion (Safavi et al., 2022) or by
recognizing our highlighting of the importance of combining structural and textual forms of knowledge for
building better biomedical knowledge graphs (Chandak et al., 2023) or domain-specific models (Balabin
et al., 2022). Separately, other work has produced datasets specifically for evaluating the biomedical
knowledge capabilities of language models, recognizing their utility as sources of information in this
domain (Sung et al., 2021; Meng et al., 2022). As LMs’ knowledge capabilities have advanced, the
question of whether or not LMs can function as knowledge bases has been revisited, with mixed results
(He et al., 2025; Sun et al., 2024). One particular shortcoming is LMs’ difficulty dealing with long-tail
knowledge (Mallen et al., 2023; Kandpal et al., 2023), which is especially relevant in the biomedical
domain where connections to rare, understudied drugs or diseases may yield transformative insights.
While the declarative knowledge capabilities of LMs have advanced considerably, much work remains in

addressing such limitations of LM-based systems used as knowledge repositories.
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2.6 Conclusion and Discussion

We perform the first empirical study of scientific language models (LMs) applied to biomedical knowledge
graph (KG) completion. We evaluate domain-specific biomedical LMs, fine-tuning them to predict missing
links in KGs that we construct by enriching biomedical datasets with textual entity descriptions. We
find that LMs and more standard KG embedding models have complementary strengths, and propose a
routing approach that integrates the two by assigning each input example to either type of model to boost
performance. Finally, we demonstrate the utility of LMs in the inductive setting with entities not seen
during training, an important scenario in the scientific domain with many emerging concepts.

Our work raises several directions for further study. For instance, several structural differences exist
between general-domain and biomedical text that would be interesting to explore in more depth and
leverage more explicitly to improve KG completion performance. For example, entities with uninformative
technical names — such as protein names that are combinations of numbers and letters (e.g., P2RY14) —
appear very often in scientific KGs, and are likely related to the benefit of adding descriptions (Table A.3,
appendix). The surface forms of entity mentions in the biomedical literature on which the LMs were
pretrained tend to be diverse with many aliases, while entities such as cities or people in the general domain
often show less variety in their surface forms used in practice. This could potentially be challenging when
trying to tap into the latent knowledge LMs hold on specific entities as part of the KG completion task,
and likely requires LMs to disambiguate these surface forms to perform the task well. General-domain
LMs are also trained on corpora such as Wikipedia which has “centralized” pages with comprehensive
information about entities, while in the scientific literature information on entities such as drugs or genes
is scattered across the many papers that form the training corpora for the LMs.

Previous work (Wang et al., 2021) has also observed that combining graph- and LM-based models
improves KG completion results. We provide further analyses into this phenomenon based on textual and
graph properties, but a deeper understanding of the strengths and weaknesses of each modality is needed.
Interpreting neural models is generally a challenging problem; further work in our setting could help
reveal the latent scientific knowledge embedded in language models. Importantly, our results point to the
potential for designing new models that capitalize on both graph and text modalities, perhaps by injecting
structured knowledge into LMs (Peters et al., 2019) or with entity-centric pretraining (Zemlyanskiy et al.,
2021). Finally, our findings provide a promising direction for biomedical knowledge completion tasks,

and for literature-based scientific discovery (Swanson, 1986; Gopalakrishnan et al., 2019).
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Chapter 3

Third-Party Language Model Performance

Prediction from Instruction

In the previous chapter we focused on declarative knowledge, finding that LMs demonstrate great potential
in expressing domain-specific knowledge in a useful way. Not long after the discovery that pretrained
LMs possess this kind of knowledge, subsequent work discovered that LMs could be trained to follow
task instructions and adapt to unseen tasks, demonstrating procedural knowledge capabilities as well.
However, early work on procedural knowledge in LMs was missing a more comprehensive understanding
of how training LMs on certain tasks leads to improved performance on unseen ones, and whether or not
this phenomenon is predictable. We explore exactly this question in this chapter, finding that predicting
unseen task performance from tasks that the LM has already been evaluated on is remarkably challenging,
across many variations of the experimental setup. The results in this chapter underscore how much we

still have left to learn about procedural knowledge capabilities in LMs.

This work was originally presented in Nadkarni et al. (2024).

3.1 Introduction

Despite much-discussed advances in the capabilities of language model (LM)-based systems that follow
instructions (Mishra et al., 2022; Sanh et al., 2022; Wei et al., 2022; Ouyang et al., 2022; OpenAl, 2022,
2023), the research community lacks an understanding of the limits of these capabilities. Ideally, purveyors

of a technological product would clearly explain to users its limitations.! At present, the best a user can

'While documentation such as that of OpenAl (2023) breaks down performance by factors such as task categories, languages,
or benchmarks (each benchmark being a collection of many tasks), there is little transparency at any finer granularity (e.g.,
instruction-level) and no publicly-available tool or mechanism to give users a sense of performance for tasks that do not fit neatly

into the documented categories.

20



do is explore: try out a prompt and see whether the LM can correctly complete the task. We find this
state of affairs concerning, because the cost of such tests will fall on users. Without coordination and
information-sharing, different users will make the same explorations and incur unnecessary costs while

potentially relying on systems for tasks which they are incapable of performing adequately.”

In this chapter, we take a step toward empowering users of LM-based systems by proposing a third
party approach to predicting model performance at the task level. Consider a user with a particular task
in mind. Our proposed task performance predictor takes as input the same prompt the user intends for the
LM, and without querying the LM itself, offers an estimate of the model’s performance on the task. We
instantiate such models by regressing quantitative model performance metrics on natural language task
instructions. If successful, such predictors could help users decide among commercial systems, or even

opt out of delegating a task to an LM at all.

Our experiments examine how well existing instruction-tuned LMs’ performance can be predicted as
a function of model size, choice of evaluation metric, amount of training data, and other factors. We find
overall that the task is challenging, with the various factors we explore providing little improvement to
predictability. Our results underscore how much progress still needs to be made in designing instruction-
following natural language systems whose performance can be accurately predicted and made known for

the sake of transparency and user safety.

3.2 Related Work

3.2.1 Instruction Tuning

Our work focuses on analyzing the behavior of models that have been trained to follow task instructions.
This includes models trained on human-generated instructions and instances (Mishra et al., 2022; Sanh
et al., 2022; Wei et al., 2022; Ouyang et al., 2022; Wang et al., 2022) as well as model-generated data
(Wang et al., 2023b; Honovich et al., 2023; Taori et al., 2023; Chiang et al., 2023). We primarily use
models trained by Wang et al. (2023a) on a variety of instruction-following datasets and initialized with the
publicly available LLaMA family of LMs (Touvron et al., 2023). We also explore using the closed models
GPT-3.5 (OpenAl, 2022) and GPT-4 (OpenAl, 2023). For more details on our choice of instruction-tuned

models, please refer to §3.3.1.

2A second issue, not addressed here, is that users may not realize that they need to check system output for correctness, and
may simply assume that any confident answer from a model can be trusted. We suspect that this problem will worsen as users

explore more use cases not anticipated by the builders of such systems and therefore unaddressed by so-called refusal training.
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3.2.2 Predicting Model Behavior

Initial work on performance prediction involved training simpler models to predict the performance of
larger models as a function of various features, such as model family, model size, task, language, and
training procedure (Xia et al., 2020; Ye et al., 2021, 2023). The primary motivation of that work was
to address computational and data constraints — training separate performance prediction models could
alleviate issues where the computational cost of finetuning on all datasets was prohibitive or where scarce
data in a particular language or domain prevented finetuning altogether. While much of that work predicted
performance at the task level as in our study, its motivations were different and its methods were often
implemented by predicting from hand-crafted features related to properties of each dataset (e.g., model

parameter count or language features) rather than the text prompt input to the model itself.

More recent efforts to better understand model behavior have analyzed the ability to predict whether or
not a model will perform well on a given input, either as determined by the LM itself or a separately-trained
model. Kadavath et al. (2022) analyze models to determine whether they can identify examples for which
they can generate the correct response, either by prompting for a “True/False” label with an instance and
one or more generations from the model itself or by finetuning the model as a binary classifier using a
dataset of inputs and correctness labels from previous model outputs. Yao and Koller (2024) similarly
finetune models as binary classifiers to predict whether another model’s generated response is correct for
tagging, parsing, and semantic parsing tasks. Other work explores models’ ability to generate calibrated
uncertainty about their responses either through logits, multiple generations, or verbalized expressions
of uncertainty, applied to domains such as solving arithmetic problems (Lin et al., 2022a) or question
answering (QA; Si et al., 2023; Zhou et al., 2023c; Cheng et al., 2023). Models’ ability to verbalize their
uncertainty has also been explored for models trained with reinforcement learning with human feedback
(RLHF), again using QA datasets (Tian et al., 2023). Notably, all of these efforts examine being able
to predict model performance at the instance level, whereas we are primarily interested in predicting

performance at the task level given a task instruction.

The most similar work to ours in spirit is that of Fu et al. (2023), which also attempts to predict
how well a model will perform on a given dataset by training a separate predictor. There are a number
of key differences from our efforts: their work focuses on the in-context learning setting using purely
pretrained models rather than models specifically trained to follow instructions; they assume access to a
set of unlabeled examples for each dataset, rather than just an instruction; their analysis requires access to
model internals by using model output logits to construct a “confidence profile” feature vector for each
dataset; and they restrict their analysis to a small set of question answering datasets. A modern trend has
seen public releases of models whose internal states are inaccessible, but that can be prompted with a

wide variety of user-defined instructions. This situation challenges many of the assumptions made by Fu
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et al. (2023) and motivates our own work. However, their explorations inspire our efforts, and we attempt

to extend their analysis while focusing on task instructions and models trained to follow them.

3.3 Methods

[ pretrained LM ]

[ pretrained LM ]
instruction data

performance data ¢

* train train - regression

instruction-tuning

¢ test validation = ﬂ

M  / y test
\ evaluation metric A /\ predictability

evaluation

]

Figure 3.1: A diagram illustrating our complete analysis pipeline. We begin with a pretrained LM that is
instruction-tuned using training tasks from chosen instruction data, resulting in an instruction-tuned
model (IM). The IM is evaluated using the test tasks of the instruction data (not necessarily from the
same dataset as the training tasks) and a choice of evaluation metric. Each pair of test task instruction (x)
and evaluation performance metric value (y) is used to construct the performance data, which itself is split
into train, validation, and test sets. The train and validation sets are used to train another (‘“third party”)
pretrained LM to predict the performance of the IM as a regression model, resulting in the performance
predictor (PP). Finally, the PP is evaluated on the test set of the performance data to determine how well
it can predict the performance of the IM on unseen tasks. The sections of the diagram highlighted in blue
indicate the components of the pipeline that we vary to determine their effect on performance prediction:
the size of the IM, the choice of instruction data, the choice of evaluation metric, and the size and type

of PP model.

We begin by describing our complete analysis pipeline, also illustrated as a diagram in Figure 3.1. Each
of our experiments involves two finetuned LMs: one that is trained to follow instructions to perform tasks,
which we term the instruction-tuned model (IM), and another that is trained to map from an instruction to
some measure of the IM’s performance on that task, which we call the performance predictor (PP). The
IMs considered here are drawn from past work. To tune a PP, we evaluate a single IM on instructions
it was not exposed to during its training (including instruction-tuning). The resulting pairs — each an
instruction x paired with the model’s performance y — are divided into training, validation, and test sets

for the PP. We train the PP to predict the IM’s performance y on instructions x unseen to the IM, and
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evaluate those predictions on a different set of instructions unseen to either the IM or the PP. We explore a

variety of choices for IMs, PPs, and evaluation metrics, which are detailed below.

3.3.1 Instruction-Tuned Models (IMs)

Our experiments use a range of pretrained LMs that have been finetuned to follow instructions. Part of
our goal is to assess the effect of IM size (i.e., parameter count) and choice of instruction-tuning dataset
on how well the model’s performance can be predicted. To this end, we primarily use LLaMA models
(Touvron et al., 2023) of various sizes finetuned on a range of instruction-tuning datasets (Wang et al.,
2023a). The LLaMA family of models is among the best performing open models, and they have already
been used to build various instruction-tuned models (Taori et al., 2023; Chiang et al., 2023; Wang et al.,
2023a). All models were trained by maximizing the per-token likelihood of the gold output given an
instruction and possibly an input, with no additional training procedures such as RLHF (Christiano et al.,
2017). While adapting our analysis to models trained using RLHF would be an interesting direction
of future work, at the time of this work such models and the data to train them were limited relative
to models trained with supervised finetuning alone, and we aim to perform an initial analysis on the
least-complicated systems that are still able to follow instructions. For the sake of completeness, we
additionally include the closed, API-based models GPT-3.5 (gpt-3.5-turbo) and GPT-4, as our goal is

to implement a pipeline that is applicable even when access is restricted to model inputs and outputs.

3.3.2 Evaluation Metrics

For each instruction-tuned model, we perform inference on a separate evaluation set of instructions in
order to generate a dataset of the model’s behavior (y) on unseen instructions (x) for training performance
prediction models. For each instruction and output pair, we calculate a quantitative evaluation metric
that compares the model-generated output to the gold output, in most cases averaging this metric across
multiple instances for each task. We treat this final metric as the instruction-tuned model’s performance for
that instruction. Following Wang et al. (2022), we explore two quantitative metrics used when evaluating
instruction-tuned models on a broad range of tasks: ROUGE-L (Lin, 2004) and Exact Match score. Again,
since these metrics can be computed by comparing a model-generated output to a gold output, we can
apply them when we only have access to model generations. Additionally, we briefly compare to using
model loss as the metric to predict in §3.4.3, to explore what we can achieve with performance prediction

when additional information (in this case, the LM’s output distribution) is available.
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3.3.3 Performance Predictors (PP)

Once we’ve evaluated an IM on unseen instructions, we use the performance data ((zx, y) pairs) to build
models that predict the IM’s performance, and evaluate those predictions on the test subset of the IM
performance data. We primarily finetune RoOBERTa (both base and large sizes; Liu et al., 2019) as the
PP, motivated by the goal of having a lightweight separate model that can predict performance without
incurring the inference costs of a much larger model. ROBERTa models are trained as regression models
by adding a linear layer to the [CLS] token at the output layer and training to minimize mean-squared
error between the predicted and true evaluation metric for each instruction. In some cases, we also train
the base LLaMA model used to build the IM by similarly adding a linear layer to the EOS token at the
output layer and adding and updating LoRA adapters (Hu et al., 2022) rather than updating all model
weights. This is done in an effort to establish an “upper bound” of performance prediction that can be
achieved while incurring the prohibitive computational cost of using a much larger model. We additionally
include a simple baseline of predicting the mean metric value across all training instructions, as a “lower
bound” to establish whether training a separate predictor offers any benefit at all.

Unless otherwise specified, PPs are trained and evaluated on the results of evaluating IMs on the
Super-Naturallnstructions (SuperNI) test set tasks (Wang et al., 2022). For each experiment, we perform
10 random 80%/10%/10% train/validation/test splits of these tasks and report mean and standard deviation
of the performance predictor’s root mean squared error (RMSE) in predicting the true evaluation metric
from the task instruction. Validation data is used to tune hyperparameters for the PPs, namely batch size

and learning rate; for full experiment details, please refer to Appendix B.1.

3.4 Results

3.4.1 Performance Prediction is Challenging

Table 3.1 shows our main results of predicting performance on SuperNI test set instructions, with mean
and standard deviation (subscript) RMSE values across all train-test splits of the SuperNI test tasks. We
explore using both Exact Match and ROUGE-L as the target metrics to be predicted for each task, with
base and large RoOBERTa models as the PP models as well as LLaMA-13B (upper bound) and the simple
mean baseline (lower bound). For the IMs, we use the 13B-parameter versions of the Alpaca, Vicuna’,
and Tiilu models, as well as GPT-3.5 (gpt-3.5-turbo) and GPT-4.

Results demonstrate that performance prediction from task instruction is incredibly difficult, with

RMSE values generally around 20 or higher (for metrics in the 0-100 range) across all experimental

3We use the 13B-parameter version of LLaMA finetuned on the ShareGPT dataset by Wang et al. (2023a) as an attempt to

replicate the training of Vicuna.
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IM: Alpaca-13B  Vicuna-13B Tiilu-13B GPT-3.5 GPT-4

avg. performance (ROUGE-L): 45.9 44.6 61.7 53.6 63.5

Exact Match mean 25.73.4 26.43.9 32.493 30.839 36.43¢g
RoBERTa-base 26.243 26.149 33.63.3 32.554  38.241
RoBERTa—large 27-45,4 26.95.4 34.44.9 33.05.7 37.24.5
LLaMA-13B 19.153 18.958 214338 21.75¢ 22437

ROUGE-L mean 21.33‘5 20.43.3 21-41‘8 22.42‘9 24.24.2
RoBERTa-base 22.541 21.235¢ 22133 23434  25.6490
RoBERTa—large 22.64,2 2123.6 22.03_7 23.53_4 25.73_9
LLaMA-13B 22.24 7 21.235 21.554  21.635 22.15,

Table 3.1: Test set RMSE of mean baseline and various PP models finetuned to predict performance from

task instruction for various IMs (columns). Subscript shows standard deviation across 10 splits of the

SuperNI test tasks.
Alpaca-13B Vicuna-138 Tiilu-138 GPT-35 GPT-4
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Figure 3.2: Predicted vs. true metric value when using RoBERTa-large to map from task instruction to
performance — either ROUGE-L (top row) or Exact Match (bottom row) — for various instruction-following

models (columns).

conditions. Both RoBERTa-base and RoBERTa-large perform comparably to the simple mean baseline,
likely indicating that there is little learnable signal within the set of instruction-metric pairs. The lack
of a meaningful difference in performance between RoBERTa-base and RoBERTa-large suggests that
size of the PP model also makes little difference in performance prediction at the RoOBERTa scale. In
general, ROUGE-L is more predictable than Exact Match, with consistently lower RMSE values across
choices of PPs and IMs. The values below the name of each model indicating performance in ROUGE-L
on the SuperNI test tasks show that models which tend to perform better on SuperNI are less predictable,

exhibiting the worst RMSE values in general.
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The results for LLaMA-13B as PP are more promising, with RMSE values that outperform the
RoBERTa models as well as the mean baseline when predicting the Exact Match score across all IMs.
However, results are still poor, with RMSE values near 20 for both evaluation metrics and all IMs, so
even a much larger PP with a more modern base model is unable to predict performance values that are
near ground truth. It is additionally worth noting that finetuning LLaMA-13B is a much more prohibitive
method of performance prediction, as it involves using a model with around 36 x the number of parameters
of RoBERTa-large and incurring comparable inference costs to many of the IMs themselves. As such,
we treat the LLaMA-13B performance prediction results as demonstration of a hopeful upper bound
while simultaneously underscoring the large room for improvement in developing better-performing and
lightweight PP models.

Figure 3.2 shows a more detailed view of a subset of the same results, with scatter plots of the
predicted versus true metric value (ROUGE-L or Exact Match) when using RoOBERTa-large as the PP
for both metrics and all IMs. Results are shown for all train-test splits of the SuperNI test tasks with 12
held-out instructions per random split (10% of the SuperNI test tasks), resulting in a total of 120 predicted
and true performance values for each combination of evaluation metric and IM. This qualitative view of
the predictions highlights the fact that RoBERTa-large generally learns to predict roughly the same mean
performance value across all tasks within each train-test split of the SuperNI test tasks. These results
explain the similarity in performance to the simple mean baseline and demonstrate that the PP model

does not learn a meaningful association between instruction and performance.

3.4.2 Effect of Various Factors on Predictability

We perform more detailed analyses by altering various factors that may affect the behavior of a PP when
used to predict the performance of an IM. These factors include the size of the IM, the number of tasks

used to train the PP, and the choice of prompt (instruction-only or instruction + 2 positive demonstrations).

Size of Instruction-tuned Model

We examine the effect of IM size by predicting the performance of various-sized LLaMA models
instruction-tuned by Wang et al. (2023a) on the ShareGPT dataset, ranging in scale from 7B to 65B
parameters. Results are shown in Table 3.2, focusing on the mean baseline and RoBERTa-large PP model
as well as the Exact Match metric (results for RoOBERTa-base and ROUGE-L are similar). The RMSE
values indicate that performance prediction worsens for increasing model size, while model performance
on the SuperNI test set improves (ROUGE-L values in parentheses next to each model name). However,
the mean baseline also exhibits increasing RMSE values with model scale. This likely suggests that larger,

better-performing models are less predictable not because they exhibit more dissimilar behavior on tasks
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PP: mean RoBERTa-large

LLaMA-7B (35.8) 21.334 20.746
LLaMA-13B (44.6) 26.43.2 27.05.4
LLaMA-30B (44.2) 27.528 27953
LLaMA-65B (48.9) 30.03.3 31.753

Table 3.2: Test set RMSE of predicting Exact Match given task instruction, for various sizes of LLaMA
models instruction-tuned on ShareGPT. Model performance in ROUGE-L on the SuperNI test set is given

in parentheses next to the name of each model.

with similar instructions, but because their performance metric values cover a broader range. In any case,

we can conclude that scale of the IM alone does not improve performance prediction.

Number of Training Tasks

PP training: SuperNI + BIG-bench

Alpaca-13B 27.454 25469
Vicuna-13B  26.95 4 26.155
Tiilu-13B 34449 34.63.9
GPT-3.5 33.05.7 32.36.7
GPT-4 37245 37.745

Table 3.3: Test set RMSE of using RoBERTa-large to predict Exact Match given task instruction, using

either just SuperNI instructions or SuperNI and BIG-bench instructions for training the PP model.

We examine the effect of increasing the number of tasks / instructions used to train the PP model
by including tasks from BIG-bench (BIG-bench authors, 2023). Since BIG-bench tasks do not come
with instructions, we manually annotate tasks either by converting the task description (if provided)
into a SuperNI-style declarative instruction or writing an instruction from scratch when necessary. We
additionally filter out a number of tasks, leaving a total of 156 tasks to use as additional training tasks (a
full list of included tasks can be found in Appendix B.2). We perform the same splits of the SuperNI test
tasks as before, only adding the BIG-bench tasks to the training split in each case to increase the number
of instructions used to train the PP model in an effort to improve its performance.

The results can be found in Table 3.3. While the inclusion of BIG-bench task instructions represents a

nearly 2.5 x increase in the number of training instructions for the PP model, the RMSE values demonstrate
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that the performance difference is negligible. There are a number of plausible explanations for why
this is the case — in general, BIG-bench tasks are substantially different from SuperNI tasks, including
those which deviate from standard language understanding such as decoding encrypted text, performing
arithmetic operations, and generating chess moves. The domain shift between the two datasets may explain
why the inclusion of the additional instructions did not provide enough meaningful signal for the PP

models.

Prompt Format

format: instruction + 2 demonstrations

Alpaca-13B 27454 27.337
Vicuna-13B 26.95.4 29.09.6
Tiilu-13B 34.449 33.62.4
GPT-3.5 33.05.7 31.63.3
GPT-4 37.245 37.833

Table 3.4: Test set RMSE of using RoBERTa-large to predict Exact Match given task instruction, using

SuperNI tasks with an instruction-only prompt or the instruction with 2 positive demonstrations.

We primarily focus on instruction-tuned models evaluated in a zero-shot manner with only an instruction
and instance input, as this has become standard practice. However, previous work exploring the effect of
the prompt format has shown improvements in IM performance when including additional information,
such as positive demonstrations of the task (Wang et al., 2022). We explore whether this improvement
in performance also leads to an improvement in predictability by also evaluating all IMs with a prompt
format that uses a task instruction with two positive demonstrations, using the positive examples provided
with each SuperNI task. The RMSE values resulting from training RoBERTa-large to predict the Exact
Match score in this setting, as well as the original instruction-only RMSE values, can be seen in Table 3.4.
While the inclusion of demonstrations improves the performance of the IMs themselves by roughly
2-6 points in Exact Match score, this does not lead to models being more predictable as there are no

meaningful differences in values between prompt formats for any model.
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Figure 3.3: Predicted vs. true loss value when using RoBERTa-large to map from task instruction to loss

for various instruction-following models.

3.4.3 Predicting Loss

PP: mean RoBERTa-large

Alpaca—13B 1.700.27 1.510.43
Vicuna-13B  1.97( .46 2.100.53
Tilu-13B 1.250_32 1-100.36

Table 3.5: Test set RMSE of predicting cross-entropy loss given task instruction, for various LLaMA-based

instruction-following models.

Our core analysis above relied on the use of automated evaluation metrics that can be formulated as
functions applied to a pair of generated and gold outputs. This assumes that we do not have access to
model internals or outputs other than generated text, a practical assumption given the increasing use of
modern systems with limited access such as through API requests. However, while such metrics may
correlate with other variables such as accuracy on classification tasks (Wang et al., 2022), they come
with their own limitations. For instance, for tasks that require more creative or free-form generations, it is
possible for the model output and gold label to be semantically equivalent and equally valid responses
to the instruction while differing in surface form such that metrics like Exact Match and ROUGE-L are
inappropriate (Holtzman et al., 2021). To address this, we perform an additional experiment training PP
models to predict the model’s loss (on the gold output) instead, avoiding token-based comparison between
two pieces of text entirely. We do this by evaluating the average per-token cross-entropy loss of the gold
label given a prompt (task instruction and input) for each instance in each dataset, averaging across
instances to get a single average loss value per task / instruction. We then follow the same regression

training procedure to build PP models that predict this value.
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Scatter plots similar to Figure 3.2 can be seen in Figure 3.3, and the quantitative RMSE values
corresponding to these results are in Table 3.5. As this analysis requires access to model output distributions
to compute the loss, we are limited to the LLaMA-based open models. The plots show the predictions
made by RoBERTa-large finetuned to predict average per-task loss, using the same 10 splits of the
SuperNI test tasks as in previous results. Qualitatively, these results appear to show greater correlation
between the true and predicted values as compared to the metrics considered earlier, indicating that there
may be more of a learnable signal for predicting loss. However, the mean RMSE values show that the
finetuned RoBERTa-large model still does not outperform the simple mean baseline on average, indicating
that performance prediction remains challenging even with access to a quantitative metric not based
on token-level comparison between generated and gold outputs. Taken together, our results motivate
further work in identifying quantitative task-level metrics that can be accurately predicted, and perhaps in

designing IMs themselves to be more predictable.

3.5 Discussion

Our experiments varied a number of factors that could impact the predictability of an instruction-tuned

model’s performance on unseen instructions. We broadly summarize our findings below:

Performance prediction remains incredibly challenging regardless of setup. RMSE values remain
at 20 or higher for metrics in the range of 0—100, indicating that PP models fail to predict values that
are even somewhat close to true performance. This remains true across a variety of open and closed
instruction-following models, for multiple automated evaluation metrics. There is also little performance
difference between RoBERTa PP models of different scales, and none of them outperform a simple mean
baseline. One optimistic result occurs when using LLaMA-13B as the PP model, but performance is still

relatively poor and this comes at the cost of scaling up the PP model to the size of the IM.

Increasing instruction-tuned model scale, increasing number of training tasks, and adding demon-
strations to prompts all fail to improve performance prediction. The behavior of larger models does
not seem to be any more predictable, nor is the behavior of models with access to additional information
in the prompt. The typical strategy of increasing the amount of training data available for the finetuned PP

model to better learn a prediction signal is also insufficient.

Predicting cross-entropy loss does not improve performance. Despite avoiding the issues inherent in
using metrics based on token-level comparison between generated and gold outputs, training PP models

to predict loss still does not lead to better results than the simple mean baseline.
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3.6 Recent Work

Subsequent studies have also tackled the performance prediction problem, with varying setups and degrees
of success. Sam et al. (2025) predict performance from continuous vectors constructed by querying
a model with multiple follow-up questions and collecting the answer probabilities (either directly via
logits or estimated via sampling) as features, though their predictions are at the instance-level rather
than task-level and they do not attempt to transfer predictors to unseen tasks. Very recently, Park et al.
(2026) revisit the performance prediction problem using detailed task descriptions, configurations, and
inference settings as inputs, mining task information from arXiv papers while taking great care to ensure
that predictors are being assessed fairly based on their knowledge cutoff date. They find that only GPT-5
(OpenAl, 2025) meaningfully outperforms the trivial test set mean baseline, although still showing
considerable prediction error and high variance in performance across tasks.

A related but distinct approach that has gained substantial traction is routing — training a classifier
which, given some input text, selects one LM from a set of possible models that it predicts will perform the
best for that input. Routers can be trained in various ways, such as using data and evaluation results from
collections of benchmarks (Shnitzer et al., 2024), large-scale crowd-sourced human preference data (Ong
et al., 2025; Chiang et al., 2024b), or reward models trained from such preference datasets (Feng et al.,
2025). Notably, these approaches are typically applied at the instance- rather than task-level, and do not
allow for estimating the confidence of a single model as could be done with our performance prediction
setup. Nevertheless, routing methods have become effective enough to be commercially viable (Martineau,
2024; Raman and Lopp, 2025; Singh et al., 2025), highlighting the real world utility of developing
methods to understand how models might behave on particular inputs without directly incurring their

inference costs.

3.7 Conclusion

Recent natural language processing systems seem to be able to perform arbitrary tasks given an instruction.
Yet we are still not able to understand or explain to users the limitations of these systems such as by reliably
predicting their success or failure on new, previously unseen instructions. We take a first step toward this
goal by training a separate predictor model to map from a task instruction to the quantified performance of
a given instruction-tuned model on that task. Our results show that performance prediction is challenging,
with numerous factors like choice of evaluation metric, predictor model size, instruction-following model
size, number of training tasks, and prompt format all showing negligible effect on the predictability of
instruction-tuned model behavior. Much work remains to be done in designing systems whose limitations

can be well-predicted and revealed transparently and freely to their users.
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Chapter 4

Rewriting History: A Recipe for
Interventional Analyses to Study Data

Effects on Model Behavior

In previous chapters we focused on assessing and understanding LMs’ declarative and procedural knowl-
edge capabilities, but without explicitly drawing a connection to the source of these capabilities: their
training data. In this chapter, we present an approach for better understanding how LMs’ training data
gives rise to knowledge capabilities by way of a structured recipe for performing interventional analyses
on training. We demonstrate the utility of our recipe by applying it to study multiple ways of evaluating
declarative knowledge as well as gender bias, and perform additional analysis on the data we intervene on
to further understand its relevance to observed behavior. We believe clearly outlined research methodology
such as the work discussed in this chapter is crucial to better characterize the relationship between data

and knowledge in LMs.

This work was originally presented in Nadkarni et al. (2025).

4.1 Introduction

When training LMs, the choice of pretraining data is generally believed to have a profound effect on
what the learned models can do and how well they can do it. Numerous prior works have curated large
pretraining datasets and studied the effect of pretraining data composition on downstream tasks (Li et al.,
2024b; Longpre et al., 2024), with some explicitly predicting downstream task performance (Grattafiori

et al., 2024; Bhagia et al., 2025; Magnusson et al., 2025). The primary motivation here has generally been
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training data other data

Learned?

v [What is the capital of France?
[Where was Einstein born? ] v

[What is the capital of France? ]

Why are plant leaves green? LM — [Where was Einstein born?
v

[What is the piezoelectric effect? ]

[What is the piezoelectric effect?

What is the opposite of melting?

Figure 4.1: Diagram illustrating our proposed interventional analysis recipe, with stages including selecting

items, matching documents to items, and intervening on matched documents.

performance improvement, not necessarily understanding model behavior, while mainly operating on the

scale of entire pretraining datasets.

An equally important body of work relates pretraining data to model behavior to understand how
data affects performance without necessarily optimizing for it, retraining over modified data to do so.
This includes various data-behavior relationships, such as how relative frequencies of verb tenses change
subject-verb agreement performance (Wei et al., 2021) or how pronouns affect gender bias (Biderman et al.,
2023). Some recent work focuses on the specific behavior of factual knowledge acquisition, retraining
models to understand how data gives rise to knowledge learning. This work operates across a range of
scales, from pretraining from scratch on fictional biographies (Allen-Zhu and Li, 2024, 2025; Zucchet
et al., 2025), to continued pretraining of a base model on carefully-constructed documents expressing
factual relations (Zhang et al., 2024), and even intervening on intermediate stages of pretraining by
injecting synthetic data to study the effect of repetition and paraphrasing (Chang et al., 2024) or entropy

across activations (Kim et al., 2025) on fact learning and forgetting.

While the aforementioned works all modify pretraining data to study model behavior, each takes a
specific approach that does not easily transfer to other hypotheses. Seeking to draw connections across these
works and formalize their methodologies, in this chapter we propose a general recipe for interventional
analyses to study the relationship between pretraining data and model behavior at a fine-grained level
through retraining on modified data. Our proposed recipe (illustrated in Fig. 4.1) consists of three stages:
(1) selecting which items in a benchmark to intervene on; (2) matching pretraining documents to those
items; and (3) modifying those documents before repeating that portion of pretraining and measuring
the effects. Our recipe organizes and comprehensively articulates the different considerations one must
take into account when performing such an intervention, contextualized within past work. Our goal is
to provide a recipe for practitioners to use when testing hypotheses about how specific properties of
pretraining documents give rise to model behaviors, allowing for flexibility in the scale of the intervention

(how much data is changed) and what portion of the training process is studied.
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We demonstrate the utility of our recipe through case studies on factual knowledge acquisition and
gender bias. LMs have been established as sources of factual information that can be queried with natural
language (Petroni et al., 2019; Roberts et al., 2020), but how pretraining data yields knowledge capabilities
is still under study. Similarly, LMs are known to exhibit various forms of bias (Navigli et al., 2023)
including gender bias (Bordia and Bowman, 2019; Nadeem et al., 2021; Van Der Wal et al., 2022) that can
be linked to their training data, yet direct interventions that tie bias to data are limited (Biderman et al.,
2023). We perform three case studies to explore these phenomena: the first relates term cooccurrence to
fact triple completion (§4.4), the second links pronoun-profession frequency and gender bias in coreference
resolution (§4.5), and the third uses information retrieval methods to study more complex knowledge
queries (§4.6). These studies aim to improve our understanding of phenomena like knowledge acquisition
and gender bias through intervening on and retraining over pretraining data, complementing previous

observational studies while also showcasing our recipe’s utility for different data sources and hypotheses.

For our first analysis, we operationalize knowledge acquisition through (subject, relation, object) fact
triplets such as (“France”, “capital city”, “Paris”), considering a fact as having been learned when a model
can identify the object given the subject and relation, i.e., correctly select “Paris” from a list of candidates
when prompted with “The capital city of France is”. We use our recipe to study the hypothesis that fact
learning is related to subject-object cooccurrence in pretraining documents. Cooccurrence has long been
used as a source of distant supervision for aligning facts to text (Mintz et al., 2009; Augenstein et al., 2016;
Elsahar et al., 2018) and has a well-established relationship to LM behavior through observational analyses
on the scale of entire pretraining datasets and fully-pretrained models (Razeghi et al., 2022; Kandpal et al.,
2023; Elazar et al., 2022; Kang and Choi, 2023; Zhang et al., 2024; Mallen et al., 2023; Merullo et al.,
2025; Wang et al., 2025a; Verma et al., 2025; Seshadri et al., 2024). The second study applies the recipe to
better understand how pretraining data leads to gender bias in a coreference resolution task, where models
exhibit better performance when certain gendered pronouns are paired with their stereotyped professions
(Zhao et al., 2018; Rudinger et al., 2018). We again explore the effect of term cooccurrence, by swapping
the gender of pronouns in documents that mention target professions to mitigate bias (Biderman et al.,
2023). By analyzing another kind of model behavior, this study illustrates the generality of our recipe.
We then apply our recipe to multiple-choice question answering (MCQA) benchmarks used to evaluate
LM factual knowledge (MMLU, Hendrycks et al., 2021a; OpenBookQA, Mihaylov et al., 2018; SciQ,
Welbl et al., 2017), exploring another way of expressing and querying for factual knowledge that requires
moving beyond cooccurrence and further serves to demonstrate the flexibility of our recipe. Finally, we
perform an analysis that annotates the training documents we intervene on with their level of relevance to
the knowledge that we attempt to alter in the LM, discovering that our methods of matching documents

vary in their effectiveness at identifying truly relevant training data. Overall, our results advance the study
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of how pretraining documents give rise to model behavior through direct intervention, complementing

post-hoc observational analysis.

4.2 Overview of Recipe

4.2.1 Components

We begin with the components of our interventional analysis recipe for studying the relationship between

pretraining! data and model behavior:

* A pretrained LM M. We assume access to a set of checkpoints M = { M, ..., Mr}, where each
checkpoint M consists of model weights at intermediate step s during pretraining and M = M
is the final pretrained model. Since we wish to retrain from intermediate checkpoints, we also

assume access to the optimizer state at each checkpoint.

* The pretraining dataset D = {dy, ..., dn} used to train M, where each d; is a sequence of tokens
that form a document.? We assume the dataset can be partitioned into 7' data batches Dy, . . ., Dr,
such that Dy is the ordered sequence of tokens seen between checkpoints M_; and M during

pretraining.

* A task or skill of interest represented by an evaluation dataset £ = {(z1,91), ..., (Tn,yn)} of test

items, where each item (z;, y;) is an input and its corresponding correct output.

* An evaluation metric F (M, (x;,y;)) that applies a checkpoint M to an item (x;, y;) to quantify
model behavior on that item (e.g., correctness at predicting y; given x;, log-probability of y; given

x;, etc.).

Given D and a full specification of the LM training procedure, we can replicate pretraining from
a model checkpoint M to M for any two checkpoints indexed s and s + k, by retraining over the
ordered data batches Ds4 1, . .., D1 . We can also make targeted interventions on those data batches and

int

re-run pretraining to generate a counterfactual model checkpoint MY,

which we propose doing in our
interventional analysis recipe.
4.2.2 Designing an Experiment

Suppose we are interested in how pretraining data affects the behavior of our model M at some timestep

t, as measured by applying our metric F to M; on some target subset of test items E¥€ C £. We have

'We focus only on pretraining in this work, but a similar recipe could be applied to other stages of training as well.
Note that each d; does not have to be a complete document from the original text data, as documents can be split and

concatenated together to fit into the maximum sequence length window when training the LM.
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some hypothesis about how the relationship between documents in D;* and items in £'* cause this
behavior, and we wish to intervene on Dy to test our hypothesis. Our interventional analysis recipe can be

broken down into three stages:

* Selecting a subset £¥E C £ of target evaluation items on which our LM exhibits the behavior at

timestep ¢, and corresponding data batch D, to intervene on (§4.2.3);

* Identifying a set of relevant documents in D, by matching to target items from "¢ (§4.2.4);

» Intervening by modifying relevant documents in D; to construct intervention data batch D" and

retraining over it starting from M;_1 to yield intervention checkpoint MM (§4.2.5).

Finally, we compare M; and Mi™ by applying F to measure their behavior on £, determining if

the intervention confirms our hypothesis.

Since we are performing an interventional analysis, our recipe instantiates causal inference, relating
properties of pretraining data to model behavior. Foundational texts on causality (Pearl, 2009) and its
application in NLP (Feder et al., 2022) define a causal relationship between some property of the data
(e.g., term cooccurrence) and some model behavior (e.g., task accuracy) through the causal effect of that
property, i.e., a measurable change in behavior after modifying the data through a controlled intervention,
where the magnitude of the change reflects the strength of the causal relationship. Note that this definition
(1) does not require that the modified property of the data is the sole cause of the behavior, and (2) does
not depend on the behavior being altered in some complete way (e.g., accuracy dropping to zero). We do
not expect or claim that our interventions target the sole causal factor in each case study, and in fact our
results show that they do not. We present our recipe as a methodological tool, enabling future work that

explores other potential causes of the kinds of model behavior that we study.

There are technical decisions to be made at each stage, and these will depend on the specific model
behaviors one wishes to study, the hypotheses, and the computational budget. We go into detail for each
of these stages below, with examples of how they can be implemented. Note that we do not provide an
exhaustive overview of how to implement each stage of the analysis or anticipate all possible interventions.
We believe creative choices will be essential in future studies, and offer a starting point of various options
and their tradeoffs. Exploration of other ways of implementing each stage will lead to new instantiations

of this recipe that study a wider range of questions.

3Here we consider only data seen since the previous model checkpoint, but in practice the partitioning of D into data batches

can be defined in such a way that D, spans multiple checkpoints.
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4.2.3 Stage 1: Selecting Items and a Data Batch

Given an hypothesis about how data influences some model behavior of interest, we need to first select
items from our evaluation dataset £ on which our model M exhibits that behavior. For example, if we are
interested in factual knowledge acquisition, we might select questions that our model answers correctly,
whereas if we are interested in forgetting behavior we might select items that the model answers incorrectly
at a given checkpoint after being correct for some number of previous checkpoints.

Formally, we wish to select a target subset £ of items from our evaluation dataset £ (i.e.,
grreet C £). Consider a function of each item, all model checkpoints, and a particular timestep of the
form fee1((zi, i), M, s) € {0, 1}, which is 1 when our model exhibits the behavior of interest on item
(z4,y;) at step s, and 0 otherwise (note that this is a function of all model checkpoints M since we may
be interested in behavior that involves multiple checkpoints, such as the forgetting example above). Then

we define the target subset £ W C € of items at a given step s as

gt = Lz, y:) € E | fea((xiy i), M, s) =1}

Since we have different target subsets £ for each step s, we need to choose a step to intervene on. This
can be motivated by different considerations — the stage of pretraining one is interested in, properties of
items in £5", etc. One goal may be for E@€ to contain as many items as possible, as a larger sample
size improves our ability to measure the true effect of our intervention (Card et al., 2020). This may

motivate choosing a target subset and corresponding timestep ¢ as the subset ESE of the largest size

; 2 target
t = argmax {(igdrget‘ gtdrget — gt 2

s€l,..T]
There are also many ways to design fse1(+) to select items, and this choice should be guided by the behavior
under study. For example, Chang et al. (2024) examine changes in log-probability of target spans in text
probes to study factual knowledge acquisition, and Porada et al. (2022) do the same for commonsense
knowledge triples. Selection could also be based on intermediate layer activations: Kim et al. (2025) track
the entropy of activations in feedforward layers and relate it to fact learning and forgetting.

Existing work typically uses synthetic data or all items in a dataset rather than just ones on which
the model exhibits a certain behavior, but we propose selecting a target subset since not all items in a
benchmark may be relevant to the hypothesis (e.g., for fact learning, not all items may be learned at a
given checkpoint). We believe properly selecting a target set of items is an important consideration when

performing these kinds of analyses, and so we include it in our recipe for completeness.

4.2.4 Stage 2: Identifying Relevant Documents

Given a target subset of items £ on which our model exhibits the behavior of interest and intervention

timestep ¢, we next identify a subset of pretraining documents within the data batch D, that we hypothesize
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to affect the behavior on the target items. The matching process should also be motivated by the original
hypothesis, i.e., what relationship between documents and items is believed to be driving model behavior.

In practice, it may be hard to identify documents that we believe contribute to model behavior on our
target set, so we approximate with some heuristic for matching documents to items. For example, if our
hypothesis is that pretraining documents which contain multiple terms that also appear in an item lead to the
model making a correct prediction on that item, we should match the item to documents with some lexical
overlap (e.g., term cooccurrence). Suppose we define a matching function gmaech(d, (4, 9:)) € {0,1},
which has value 1 if document d matches item (z;, y;), and 0 otherwise.* We can then define a function

that matches a document to our entire target subset of items £ ag

fmatch(d> gtarget) = \/ gmatch(da (x’h yl))7

(-Ti 71/1',) € Etarget

i.e., we consider a document d to be matching if it matches any item in our target group £, We will
use this function to identify documents that we wish to modify to perform our intervention.

There are several considerations when choosing a method of matching documents to items, including
tradeoffs in how effective different methods are at identifying target documents. While term cooccurrence
can be used as an effective proxy for expression of a relation between entities (Elsahar et al., 2018),
spurious matches are possible (e.g., documents where “Paris” and “France” cooccur without expressing
the relation “The capital city of France is Paris”). Similarly, Yauney et al. (2023) find that item-document
similarity measured using n-gram distributions or pretrained model embeddings does not correlate with
performance across a range of tasks, though without performing any interventions. Our recipe provides a
way of testing the hypotheses that motivate using each of these methods to identify relevant documents.

Selecting a data batch to intervene on and even defining how much data constitutes a “data batch” in
one’s own analysis also requires careful consideration. While frequent checkpoints can lead to data batches
with several million documents and enable a wide range of possible matching methods, applying our
recipe to large batches or entire pretraining datasets with billions of documents would render all but the
simplest of methods (e.g., searching for terms) computationally intractable. Thus, potential computational

constraints may determine the scale of the intervention.

4.2.5 Stage 3: Intervening

Our final stage performs the intervention by modifying the documents in D; that match items in £ and
retraining over the modified D; to observe the effects. Our intervention should also be motivated by the

hypothesized relationship between documents in D; and items in £ such that it alters (e.g., removes)

“This formulation can be general —if we instead have a method that assigns a real-valued similarity score to each document-item

pair quantifying their relatedness, we can threshold this score to produce an indicator function gman(+) as described.
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this relationship. As an example, if we believe that a model correctly answers “What is the capital of
France?” with “Paris” because it was trained on documents where “Paris” and “France” cooccur, it is
sufficient to intervene on documents in any way that removes this cooccurrence. This can be as small an
intervention as editing a few tokens, or as large as replacing the entire document with one in which “Paris”
and “France” do not cooccur.

We define an intervention function gin(-) that takes in a matched document, the set of target items, and
the remaining pretraining data and returns a modified document d’ = gin(d, £, D). We include &
and D as arguments to the intervention function since we may want to make modifications that make use
of properties of items (e.g., salient terms that occur in x; or ¥;) or replace d with other documents in D.
Since we only want to intervene on documents which match items in our target set £, we define a
function

gint(d7 gtarget, D) lf fmatch(d7 gtarget) — 1
fine(d) =
d if fmatch(d, EPEY) =0

Then we construct our intervention data batch D" from our original data batch Dy as Di" = { fin(d) |
d € D;}. Finally, we re-run pretraining over the intervention data. We initialize with model checkpoint
M;_1 (and its optimizer state) and train over Di™ instead of Dy, resulting in an intervention checkpoint
MM, We then apply our evaluation metric F to items in €% using both M; and M separately to
compare their behavior and determine if the effect of our intervention is consistent with our hypothesis.
The implementation depends on the evaluation metric. For instance, we can compare F (M, (x;, yi))
to F (MM (x;,y;)) for each (z;, ;) € £ (e.g., change in log-probability of y; given x;), or we can
aggregate F (M, (z;,v;)) over all (z;, ;) € £9 (and similarly for Mi") and compare the aggregated
values (e.g., accuracy on E%¥E),

The intervention function gin(-) can vary in the degree to which it alters the pretraining data, depending
on the hypothesis being studied. Biderman et al. (2023) perform a token-level intervention that swaps
masculine and feminine pronouns late in pretraining to observe the effects on gender bias, while Wei
et al. (2021) add and remove small subsets of documents to see how verb frequencies affect subject-verb
agreement performance. At the more extreme end, Kandpal et al. (2023) remove all documents containing
cooccurrences of terms from a subset of factual questions, ablating 30% of the pretraining dataset in total
before training a counterfactual model from scratch.

Different interventions come with their own pros and cons: token-level interventions enable studying
more precise data-behavior relationships but may be too small to have an effect, while removing large
sets of documents is more likely to alter behavior but introduces confounding factors like altered token
frequencies, domain shift, etc. All of these considerations should be taken into account when designing

one’s own document intervention procedure.
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In summary, instantiating our recipe requires choosing an item selection function f, a document

matching function gmach, and an intervention function giy;.

4.3 Experimental Setup

We demonstrate our recipe through case studies where we intervene on pretraining documents to study
their effect on knowledge acquisition. Our first study relates term cooccurrences to relational fact learning
(§4.4). Our second study also considers term cooccurrences, but relates them to a different phenomenon
by studying gender bias in a coreference resolution task (§4.5). In our final study, we experiment
with multiple-choice question answering (MCQA) datasets MMLU, OpenBookQA, and SciQ to study
knowledge acquisition while moving beyond the term cooccurrence setting (§4.6). We conclude with an
analysis of how relevant documents actually are to the items that they are matched with, across different
matching methods and datasets (§4.7). We use a similar method of selecting items and general intervention
procedure across studies, with specific variations discussed below and in the respective sections for each

study. We use the same models and evaluation setup for all experiments.

4.3.1 Model

We use the OLMo models (Groeneveld et al., 2024; Walsh et al., 2025) for our experiments, as they
include all the necessary components for our recipe as listed in §4.2.1.% Specifically, we use OLMo 2
1B and 7B with associated pretraining data, OLMo 2 Mix 1124 (Walsh et al., 2025). For the 7B model
we use the second and third checkpoints (at 2,000 and 3,000 steps, respectively). We create additional
checkpoints at steps 2,150 and 3,150 (retraining over the original ordered data starting from steps 2,000
and 3,000, respectively) to perform interventions over smaller data batches. For the 1B model, we retrain
the model from scratch for 10,000 steps on the original ordered data batches, checkpointing every 500

steps to yield more granular checkpoints.

4.3.2 Evaluation

Key components of our analysis require evaluating checkpoints on the items in each dataset, and we use
OLMES to perform these evaluations (Gu et al., 2025). The OLMES framework outlines a variety of
choices for prompting the model and ranking answer choices to standardize evaluations for MCQA tasks,
which fits all of our datasets.

Following OLMES notation, we use the cloze/completion task formulation (CF) with a QA prompt

as input (e.g., “Question: The capital city of France is \nAnswer:”). We use this format for all datasets

3The availability of such resources is essential for performing the kinds of analyses we describe, underscoring the importance

of fully open LMs for studying pretraining.
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and experiments. We rank LM probabilities of candidate answer choices with different normalizations
(detailed in each section) based on which gives the best performance. We label items as correct if the
correct response is ranked highest and calculate accuracy as our evaluation metric F. We use zero-shot

prompting for all datasets.

4.3.3 Selecting Items

For our factual knowledge studies, we perform two kinds of interventions for a particular data batch: (1)
replacing documents that match items learned at a particular checkpoint with unrelated documents in
order to suppress learning; and (2) replacing unrelated documents with documents that match items
learned at a later checkpoint to promote learning earlier. To do so, we identify the first checkpoint at
which certain facts (represented by items in our evaluation dataset) are “definitively learned”. We define
a checkpoint at which a fact is first “definitively learned” as the one where its item is first answered
correctly (being incorrect at all previous checkpoints) and remains correct until a certain future checkpoint,
specifically checkpoint 20 (10K steps) for OLMo 2 1B and checkpoint 30 (30K steps) for OLMo 2 7B in
our experiments. Our definition enforces correctness for some future checkpoints to reduce the risk of
targeting items labeled correctly by chance.

For our gender bias study, we perform a single type of intervention that aims to mitigate bias exhibited
by the model, defined as a difference in task performance that favors one gender over another. In this
setting, we simply select target items as those which exhibit bias at a particular checkpoint.

The early stages of pretraining are where the OLMo models exhibit the most improvement in
performance for all datasets. We also find that the early checkpoints are where most items are learned (by
our definition), with at least 80% of learned items being labeled correctly by step 4,000 for the 1B model
and step 3,000 for the 7B model (see Appendix Fig. C.2). For items learned at a particular checkpoint,
we identify the subset that have some number of matching documents in the data batch immediately

preceding that checkpoint and use those as our target subset £,

4.3.4 Intervening

For our factual knowledge experiments, we identify a pair of consecutive model checkpoints M; and
M 41 where we either want to promote learning of items learned at M, (but not yet learned at M) or
suppress learning of items learned at M. In either setting, we intervene on the data batch D just prior to
M, with details on each intervention described separately for each experiment. In general, we attempt
to suppress learning by replacing matching documents in D; with unrelated ones from D;, 1 , and we
promote learning by moving matching documents from D, into D, (replacing unrelated documents to

do so). Specific details on this document-swapping operation can be found in Appendix §C.1.
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For our gender bias experiments, we similarly identify a pair of consecutive model checkpoints M
and M1 where we want intervene on the data batch between them to modify some behavior observed at
checkpoint M, 1. Rather than swapping whole documents, our intervention swaps the gender of pronouns
in documents to alter term frequencies in a way that mitigates the observed bias (more details can be
found in §4.5).

After constructing our intervention data batch Di™, we take M;_; and continue training up to the
next checkpoint using the same optimizer state, learning rate, and learning rate schedule as the original
OLMo 2 pretraining run at that point. Other than the intervened documents, the model will see the same
documents in the same order as the original model that was trained from M;_; to M, allowing us to
construct an intervention checkpoint Mi™ that exhibits the effects of only our intervention on the original
data batch D;.

Interestingly, we observe different results even with repeated runs of the exact same portion of
pretraining (i.e., the same initial state and ordered data batches). We attribute this to irreducible noise
arising from distributing training across GPUs. We repeat training runs over each intervention data batch
as well as the original data batch to take this variation into account, reporting the mean and standard

deviation across runs for each condition.

4.4 Impact of Term Cooccurrences on Relation Fact Learning

In the first study, we test the hypothesis that the presence of term cooccurrences — for example, the
cooccurrence of “Paris” and “France” given the factual relation “Paris is the capital of France” — in the
data batch immediately prior to a fact being learned affects whether it is learned at all. Existing work has
studied the relationship between term cooccurrence and factual knowledge acquisition either through
observational data (Razeghi et al., 2022; Kandpal et al., 2023; Elazar et al., 2022; Kang and Choi, 2023;
Zhang et al., 2024) or by pretraining from scratch on synthetic data (Kassner et al., 2020) or modified
pretraining datasets (Wei et al., 2021; Kandpal et al., 2023). In contrast to past work, which primarily
analyzes the final pretrained model, we study the intermediate checkpoints where these facts are first

learned, by making specific, targeted interventions on the data.

4.4.1 Experiment Setup

Dataset We use ParaRel® as our evaluation dataset £ (Elazar et al., 2021), which consists of WikiData
facts formatted as a relation between two entities — a subject and an object — allowing us to use subject-

object cooccurrence as a heuristic to identify matching documents. Each relation is also associated with

We use a version of ParaRel that was modified for autoregressive language modeling (CoAStaL NLP Group, 2024).
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various templates that express it in natural language, and we use a single template per relation when
querying our LM. We use the 12 relations where both models show better than chance performance at the
intervention checkpoint, with full details on those relations in Appendix Table C.3. When evaluating, we
use no length normalization when ranking candidate answer choices, after comparing to all other OLMES

normalization strategies and finding that no normalization gave the best performance for this dataset.

Counting (co)occurrences We count occurrences of entities from ParaRel items mentioned in a batch
of pretraining data using WIMBD’ (Elazar et al., 2024). This allows us to identify the documents entities
occur in and their starting and ending character location within those documents. For items where the
strings of the subject and object have partial overlap (e.g., “Microsoft Windows is a product of Microsoft”),
we only consider cooccurrences where the character windows of the two terms do not overlap. We note

that cooccurrence is a heuristic which does not guarantee that each matched document is truly relevant.

Intervening We attempt to suppress and promote learning of items originally learned at two different
pretraining steps each for the 1B and 7B OLMo 2 models, retraining over steps 1.5-2K and 2.5-3K for the
1B model and steps 2-2.15K and 3-3.15K for the 7B model. In each case, we attempt to suppress learning
of items originally learned at the end of each data batch, and promote learning of items learned at the end
of the next batch. To suppress learning, we use both cooccurrence of subject and object entities as well
as occurrence of either entity to identify related documents. The replacement of occurrences is a more
aggressive intervention to determine a lower bound on performance change. This results in replacing
0.5-4.7% of documents for cooccurrences and 17.3—43.7% for occurrences, depending on the model size
and data batch. For promoting learning, we only use cooccurrences to identify relevant documents to move
into the previous batch, replacing 1.3-9.9% of documents for any given model size and pretraining step.

In all cases, we initialize from the OLMo 2 checkpoint at the initial step and continue pretraining for
500 (1B) or 150 (7B) steps on the modified data batch, then evaluate the counterfactual checkpoints on
our target subset for which we are attempting to suppress or promote learning. We perform 5 repeated

training runs for each result. Additional details on each intervention can be found in Appendix Table C.5.

4.4.2 Result: Removing Cooccurrences and Occurrences Suppresses Learning

Fig. 4.2 shows that performance for learned items is reduced when cooccurrences are removed, and
reduced even further when removing occurrences. This trend holds for multiple checkpoints and across
model scales. We also compare all results to a majority baseline that selects the most commonly-occurring

object entity for each relation in the ParaRel training set.

"Specifically, we use the wimbd search command for fast exact string matching.
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Figure 4.2: Results for replacing matching documents and re-training checkpoints to suppress learning of
selected items from ParaRel. Colored bars show accuracy on the subset of target items for each intervention
condition, including retraining on the original data batch (blue), training on a modified batch that replaces
cooccurrences ( ), and training on a modified batch that (more aggressively) replaces occurrences
( ). We also show results on control items (Xx; i.e., all items other than the target group). For all

results, we perform 5 repeated training runs and show the mean and one standard deviation across runs.

Notably, removing all cooccurrences yields higher performance than the majority baseline, with a
30.7-66.5% absolute difference in accuracy depending on the model size and pretraining step. If an LM’s
transition from answering an item incorrectly at one checkpoint to correctly at the next was entirely
due to cooccurrences in the data seen between those two checkpoints, we would expect removing those
cooccurrences to drop performance to the majority baseline. As this is not the case, we conclude that
while cooccurrences in the most recent data batch encourage learning, they are not responsible for all of it.
The remaining difference could be explained by a number of factors — cooccurrences from previous data
batches, multi-hop cross-document chains of relations linking the two entities, cooccurrences of different
terms with similar model representations, etc. — all of which would be interesting future interventions for

further understanding this phenomenon.

In contrast, the more drastic intervention of removing occurrences is sufficient to completely suppress
learning for all steps and model scales, although this modifies a much larger fraction of each data batch.
This suggests that learning is in fact caused by the documents with entity mentions, although not just
by documents that contain cooccurrences. Testing other hypotheses could determine whether the same

reduction in performance could be obtained by a smaller intervention.

Finally, we also show the effect of our intervention on a control group of all items other than those
we target for suppressing learning. Change in control group performance is minimal, indicating that our
intervention successfully targets items for which we aim to alter performance. This strengthens the claim
that the documents we intervene on have a direct relationship with the target evaluation items, as opposed

to having a more general effect on task performance.
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Figure 4.3: Results for replacing matching documents and retraining to promote learning. Replacing

documents not containing a cooccurrence with documents that do improves performance in all cases.

4.4.3 Result: Introducing Cooccurrences Promotes Learning

Fig. 4.3 shows that introducing cooccurrences promotes learning, increasing performance on the target
items above their original performance and well above the majority baseline. However, these items were
selected because they were all labeled correctly (i.e., “learned”) at the very next checkpoint, and our
intervention fails to attain perfect accuracy. As in the previous section, this finding suggests that documents
beyond the ones that contain entity cooccurrences in this data batch (or possibly a prior one) also contribute
to the model’s acquisition of factual knowledge for these items. As in the learning-suppression setting,
our intervention has minimal impact on control group items.

We perform supplementary experiments varying our method of matching documents to items
(Appendix Fig. C.3) and our method of intervening on matched documents (Appendix Fig. C.4). These

experiments show a similar pattern to what is reported above.

4.5 Impact of Pronoun-Profession Cooccurrence on Gender Bias

Our recipe is intended to be general enough to analyze a broad range of phenomena. To test generality, we
perform experiments altering cooccurrence of gendered pronouns and professions to affect gender bias

behavior.

4.5.1 Experiment Setup

Dataset We use the WinoBias coreference resolution dataset (Zhao et al., 2018), which contains 783
sentence pairs, where each sentence mentions two professions and a gendered pronoun (e.g., “The

developer argued with the designer because she did not like the design.”) and sentences in each pair
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differ only in the pronoun’s gender. For evaluation, we prompt the model with a sentence and a question
asking which profession the pronoun refers to, and select the answer by ranking each profession by its
log-probability. We find that all OLMES length normalization strategies perform comparably, so we use

no length normalization.

Quantifying bias We measure gender bias as the performance discrepancy when using a male versus
a female pronoun with a profession. Specifically, we compute the accuracy difference between “pro”-
stereotype items (e.g., a majority-male profession with a male pronoun; majority determined using U.S.

Bureau of Labor Statistics data) and “anti”-stereotype items.

Counting cooccurrences Similar to ParaRel, we use regular expressions to match mentions of professions
and pronouns. We do not enforce that pronouns and professions refer to the same entity, merely that they

occur in the same document.

Selecting items Selected items are sentence pairs where the model is correct for the “pro”-stereotype
profession-pronoun sentence and is incorrect for the “anti’-stereotype one, showing bias in favor of the
“pro’-stereotype gender-profession pair. We perform separate experiments for target items where the
“pro”-stereotype is male (i.e., majority-male professions) and those where it is female, as we observe bias

favoring each gender depending on the profession.

Intervening We intervene on documents that contain a profession for which the model shows bias by
changing all “pro”-stereotype pronouns to “anti”-stereotype ones. This gives two separate interventions
for different professions, swapping all pronouns to either female or male. To preserve grammaticality, we
resolve the ambiguous case of possessive pronouns (e.g., “his book” — “her book™ vs. “the book was
his” — “the book was hers”) by using the spaCy dependency parser (Honnibal et al., 2020) to identify
the dependency label of each pronoun. We intervene between steps 5.5-6K for OLMo 2 1B and steps
2-2.15K for OLMo 2 7B, and perform 3 repeated runs. Additional details on each intervention can be
found in Appendix Table C.6.

4.5.2 Result: Swapping Gendered Pronouns Mitigates Gender Bias

Results of our interventions are shown in Fig. 4.4. Swapping the gender of pronouns in documents
mentioning stereotyped professions mitigates gender bias across both model sizes and both profession
subsets (male- and female-stereotyped), as reflected by a decrease in the accuracy difference between
“pro”- and “anti”-stereotyped sentences. The 1B model exhibits greater overall bias and a more pronounced

reduction under the intervention. These results corroborate Biderman et al. (2023), showing that this
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Figure 4.4: Results for swapping the gender of pronouns in documents that mention stereotyped professions
to mitigate gender bias. Swapping pronouns is an effective intervention for mitigating bias across model

sizes and stereotyped profession subsets (male and female).

intervention is effective for a newer model family and at intermediate stages of pretraining. They also
complement our findings on term cooccurrence and knowledge acquisition, and demonstrate that our

recipe applies to a broad range of data-behavior relationships.

4.6 Impact of Retrieved Documents on Complex Knowledge Queries

In §4.4, we studied the relationship between pretraining data and factual knowledge for facts that can
be easily expressed as a relation between a pair of entities. While this format provides a useful way of
studying knowledge acquisition via term cooccurrence, this is not always the way knowledge is expressed.
Modern MCQA datasets test LM knowledge through complex questions paired with several possible
answers, with questions and answers sometimes containing references to multiple entities or expressing
abstract concepts involving no salient entities at all. Since term cooccurrence cannot be easily used to
identify relevant documents for these items, we instead use methods from information retrieval (IR). As
with our experiments on ParaRel, we believe that information in pretraining documents is contributing to
knowledge learning for our MCQA datasets, and we hypothesize that IR methods are an effective way of

identifying documents that contribute to knowledge acquisition.

4.6.1 Experiment Setup

Datasets We use common datasets for evaluating or comparing models (Groeneveld et al., 2024; Walsh
et al., 2025; Gu et al., 2025): MMLU (Hendrycks et al., 2021a), OpenBookQA (Mihaylov et al., 2018),

and SciQ (Welbl et al., 2017). OpenBookQA and SciQ consist of exam-style science questions, while
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MMLU contains questions from 57 subjects. For all datasets, each item includes a question with 4
multiple-choice answer options which we rank according to the cloze formulation. We follow OLMES
when performing length normalization for these datasets, using PMI normalization for OpenBookQA and

character normalization for MMLU and SciQ (full details in Appendix Table C.4).

Retrieval-based matching Since we often cannot easily identify terms from items in these datasets to
search for in pretraining documents, we instead use IR methods to match items to documents. Specifically,
we use the keyword-based method BM25 (Roberts et al., 2020) and the embedding-based method Dense
Passage Retriever (DPR; Karpukhin et al., 2020). BM25 is a popular method that scores a document’s
relevance to a search query based on relative word frequencies,® while DPR uses trained models to
compute item and document embeddings and scores a document’s relevance to an item using embedding
similarity.” We include both the question and the correct answer in the search queries for BM25 and to

construct query embeddings using DPR.

Intervening For our MCQA datasets, we also conduct interventions to both suppress learning and
promote learning. When using BM25 and DPR to identify matching documents, we use the fact that each
method assigns a real value similarity score to each document-item pair to construct our intervention.
Specifically, we replace the top-k highest-scoring documents from D, with the lowest-scoring documents
from D, 1, while matching token counts. We match documents greedily, iterating over relevant documents
in order of greatest to least number of matching items and finding a document to replace each one. In
practice, this results in a lower average relevance score across replaced documents.

We intervene at steps 2K-2.5K for OpenBookQA and SciQ and steps 1K-1.5K for MMLU at the 1B
scale, and steps 2K-2.15K for all datasets at the 7B scale; these steps were chosen because they correspond
to stages when many items were learned. In all cases, we replace k = 1K documents per item,'® which
results in replacing 9.3-11.1% of documents for MMLU, 3.5-6.6% of documents for OpenBookQA, and
10.5-21.3% of documents for SciQ, depending on the method and model scale. We perform 3 repeated

training runs for each setting. Additional details on each intervention can be found in Appendix Table C.7.

4.6.2 Result: Removing Relevant Documents Suppresses Learning

Results for suppressing learning are in Table 4.1, with all interventions leading to a decrease in average
accuracy. Using DPR scores seems to have less of an effect than using BM25 scores across datasets and

model scales, even when matching the number of replaced documents per item. Similar to ParaRel, the

8We use the bm25s Python package.
“We use the multiset DPR encoders from Facebook (Wolf et al., 2020a).
10Exploratory experiments suggested that increasing to 2K documents per item changed the results very little.
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MMLU OpenBookQA SciQ
Model Intervention acc. Aacc. acc. Aacc. acc. Aacc.
retrained 89.80_8 - 88.72.0 — 89.81.4 —
replace high-scoring BM25 docs 76.00.6 —13.8 70.23.9 —18.5 48.35.3 —41.5
OLMo 2 1B
replace high-scoring DPR docs 86.02 5 -3.8 78.05.9 —10.7  59.45, -30.4
majority baseline 26.9 —62.9 27.6 —61.1 25.0 —64.8
retrained 84.83 7 - 78.04.9 - 80.62. 5 -
replace high-scoring BM25 docs 46.85 1 —38.0 65.34.1 —12.7 50.69 4 —-30.0
OLMo 2 7B
replace high-scoring DPR docs 57165 —27.7 70.01¢ —8.0 55.01.6 —25.6
majority baseline 26.9 —57.9 27.6 —-50.4 25.0 —55.6

Table 4.1: Results on suppressing learning for MCQA datasets. Results show the mean and standard

deviation (subscript) across 3 training runs. Aacc. is the change in accuracy as compared to the mean

accuracy of the retrained model.

MMLU OpenBookQA SciQ

Model Intervention acc. Aacc. acc. Aacc. acc. Aacc.
retrained 21.30.0 - 15.25.4 - 20.43_3 -
replace high-scoring BM25 docs  29.14g +7.8 22.70.0 +7.5 47197  +26.7
replace high-scoring DPR docs 22.01 3 +0.7 13.62.3 —1.6 34.37.5 +13.9
majority baseline 26.9 +5.6 27.6 +12.4 25.0 +4.6
retrained 13.63.6 - 14.93_0 - 11.93_7 -
replace high-scoring BM25 docs ~ 53.746 +40.1 34.57.¢ +19.6  59.459 +47.5
replace high-scoring DPR docs 31.99¢4 +18.3  25.355 +10.4  49.614 +37.7
majority baseline 26.9 +13.3 27.6 +12.7 25.0 +13.1

Table 4.2: Results on promoting learning for MCQA datasets. Results show the mean and standard

deviation (subscript) across 3 training runs. Aacc. is the change in accuracy as compared to the mean

accuracy of the retrained model.

performance after our intervention is still well above the baseline for all datasets, suggesting that the

documents identified by the IR methods are still not entirely responsible for knowledge learning.

4.6.3 Result: Adding Relevant Documents Promotes Learning

Table 4.2 shows results for promoting learning, where similarly to suppressing learning nearly all of

our interventions cause a change in average accuracy. The change in performance is again larger when
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using BM25 scores rather than DPR scores across all datasets and model scales. In this setting, there is a
consistently larger absolute increase in accuracy at the 7B model scale for all datasets, a pattern which was
not present when suppressing learning. Given existing results showing that performance improves more
for larger models with methods like instruction fine-tuning (Chung et al., 2024) or parameter-efficient
techniques like prompt-tuning (Lester et al., 2021), this effect may be the consequence of larger models

being more amenable to performance improvement.

4.7 Determining Document Relevance

While cooccurrence, BM25, and DPR are all reasonable methods of matching documents to items,
ultimately they are approximations of our primary objective: identifying documents that express the
information of a particular item. We assess the relevance of the documents matched by each of these
methods by using GPT-5 (OpenAl, 2025) as a judge to annotate a subset of documents, focusing on our
factual knowledge experiments. While using GPT-5 to perform the actual document matching over an
entire data batch containing millions of documents is not scalable, using GPT-5 to annotate a subset of
documents allows us to analyze the performance of our other more efficient matching methods. We also

perform manual annotation on a smaller subset to compare to the GPT-5 annotations.

Setup For each combination of dataset (ParaRel, MMLU, OpenBookQA, and SciQ) and matching
method (cooccurrence (ParaRel only), BM25, and DPR) across our factual knowledge experiments, we
select the top-20 highest-scoring documents for each intervention group item from our OLMo 2 1B
experiments to form a subset for annotation.!! For each item-document pair, we provide GPT-5'% with the
question, correct answer, and document along with one of three prompts to elicit “yes”/“no” annotation of

LEINY3

varying levels of document relevance. We use “correct answer”, “educated guess”, and “related topic”
prompts, which are designed to determine whether the document contains sufficient information to
correctly answer the question, contains enough information to make an educated guess about the answer
(while not containing the answer), or is topically related to the question despite not containing enough
information to answer it, respectively. The specific format of each prompt can be found in Appendix

Table C.1. We set the verbosity to “low” and the reasoning level to “minimal” when querying the APL

Results A summary of the GPT-5 annotation results can be found in Fig. 4.5, where we plot the
percentage of item-document pairs for which GPT-5 responded “yes” when asked to judge document

relevance given each prompt. Overall, 9.8—-61.3% of documents are determined to be relevant according

"Since cooccurrence does not provide a score for each document, we instead use a random sample of 20 matching documents.
2gpt-5 in the OpenAl API.
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Figure 4.5: Percentage of documents labeled relevant to their matching item by GPT-5, for every dataset,
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Figure 4.6: Percentage of documents labeled relevant to their matching item by manual annotation, for

every dataset, prompt, and matching method.

to the “correct answer” prompt, 15.9-59.6% according to the “educated guess” prompt, and 39.8-91.8%
according to the “relevant topic” prompt, with percentages varying considerably across datasets. This
suggests that while our matching methods can identify documents that are generally relevant to a question,
they are less precise when it comes to identifying documents that directly entail the answer and could
provide a model with enough information during pretraining to make a correct prediction. Appendix
Table C.2 shows example items from MMLU with documents matched by BM25 score that were annotated

by GPT-5 as being relevant or not, for each of the three annotation prompts.

For ParaRel, cooccurrence performs comparably to BM25 at identifying relevant documents across
prompts, likely because each item has a simple format with the subject and object entity names being
the most relevant keywords. DPR performs worse than BM25 across all datasets at identifying relevant
documents. These results align with our interventional analysis findings, where using BM25 scores to
select documents led to both greater promotion and suppression of learning (depending on the experiment)

than using DPR scores.
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Human validation To manually validate the GPT-5 annotations, we further select a random subset of
20 item-document pairs for each {dataset, matching method} pair which were then annotated by one of
the authors following the same prompts. The corresponding manual annotation results can be found in
Fig. 4.6. Generally, the trends are similar to the GPT-5 annotations, although the exact percentages are
different. We assess human/GPT-5 annotation agreement by computing Cohen’s s which gives a value of

0.54 overall, indicating a moderate level of agreement.

4.8 Related Work

The most closely related work was highlighted earlier; here we note additional strands of interest.

Training data attribution Our work is related to quantifying the impact of a training example on a
model’s prediction (Hammoudeh and Lowd, 2022). Among the most popular methods for doing so are
gradient-based techniques such as influence functions (Koh and Liang, 2017), which have been applied to
LM fine-tuning data (Han et al., 2020) as well as pretraining data (Grosse et al., 2023), with the latter
requiring approximations due to high computational cost. These approaches have their own limitations, as
they sometimes perform comparably to cheaper alternatives like BM25 at identifying relevant documents
(Akyurek et al., 2022) and may assign high influence to documents which do not express the information
(Chang et al., 2025). While often used to explain a model’s predictions rather than test hypotheses about
how data causes behavior, influence functions could be integrated into our recipe for identifying target

documents to intervene on.

Continued training In contrast to our method of intervening at intermediate steps, many other works
continue training from the final checkpoint on select data to study behavior or improve LMs. Razeghi
et al. (2023) continue pretraining on documents selected via embedding similarity or regular expression
matching to improve math reasoning. Embedding or gradient similarity has also been used to select data
for continued training to adapt LMs to domains and tasks (Gururangan et al., 2020), boost performance on
certain tasks (Han and Tsvetkov, 2022), improve in-context learning ability (Han et al., 2023), or improve
instruction-following (Ivison et al., 2023a; Xia et al., 2024). Notably, the last set of approaches focus on

boosting performance rather than understanding LM behavior.

4.9 Recent Work

While the work presented in this chapter is very current at the time of writing, we highlight a few strands

of relevant contemporaneous work here. Gottesman et al. (2025) have released a suite of various-sized
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LMs pretrained on a version of Wikipedia with entities carefully annotated, to promote studying how
pretraining data affects knowledge acquisition. Though they suggest the idea of performing interventional
analyses, they do not do so in their work, although their artifacts provide a perfect testbed for the
application of our recipe. Bordt and Pawelczyk (2026) perform experiments retraining OLMo 2 1B from
scratch on a modified subset of its pretraining data to simultaneously replicate multiple past experiments,
including those that study knowledge acquisition. Each experiment they perform can be considered an
instantiation of our proposed recipe for studying a particular model behavior. Their results demonstrate
that retraining-based analyses can be used to study multiple hypotheses simultaneously with minimal

interference between interventions, a promising sign for the computational feasibility of such experiments.

4.10 Discussion and Conclusions

We have introduced a flexible recipe for interventional studies of the effects of pretraining data on LM
behavior, formalizing each stage to enable systematic exploration. Our recipe highlights the importance
of targeted interventions built around specific test items and studying changes at intermediate steps, not
merely the final model. Our results show that simple interventions that add or remove documents relevant
to some fact or behavior (either using term cooccurrence or information retrieval) have a consistent effect
on promoting and suppressing learning or altering model bias. These findings support the position that
exposure to a textual expression of a fact in training helps a model learn to correctly report it at test time.
However, adding relevant documents does not guarantee learning, and removing them does not always
prevent learning. More study is required to fully characterize how language models acquire knowledge,

and we believe the methodological tools given by our recipe will aid those future efforts.
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Chapter 5

Conclusion

5.1 Summary

As modern LM-based systems become more capable and widespread, it is increasingly important to better
understand the limitations of their declarative and procedural knowledge capabilities. This thesis presents
several streams of work that provide a clearer picture of these types of knowledge in LMs along with
methodological tools for continuing this thread of research in the future.

We began in Chapter 2 by evaluating LMs’ declarative knowledge capabilities in the scientific domain
via the task of knowledge graph completion, a potential indicator of LMs’ utility for scientific research and
discovery. Our findings demonstrated that LMs’ are competitive with commonly-used non-text baselines
for this task, with additional performance gains arising from combining the two classes of methods. We
also discover that LMs are particularly useful when making predictions about entities with no existing
connections in the knowledge graph, a critical capability in the biomedical domain given its rapidly
growing literature with many novel drugs and rare diseases.

In Chapter 3, we studied procedural knowledge in instruction-following LMs by training other models
to predict their performance on unseen instructions given known behavior on instructions they had
previously been evaluated on. We conducted ablations that vary factors such as model family, model scale,
prompt format, number of training instructions, and target evaluation metric to extensively study this task.
Our findings indicate that performance prediction is exceptionally challenging, with our best setup only
achieving slightly better performance than simple baselines, suggesting that further work is needed in
either exploring novel strategies for predicting performance or building instruction-following LMs with
inherently more predictable behavior.

Our final contribution in Chapter 4 proposes new research methodology for studying LM knowledge,
outlining an interventional analysis recipe for connecting properties of training data to model behavior.

We demonstrate the utility of this recipe through case studies on factual knowledge and gender bias,
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finding that we can alter both behaviors in predictable ways with carefully constructed interventions on
training documents. At the same time, we find that performance gaps remain, which suggests that our
interventions do not entirely explain which documents are responsible for knowledge acquisition and

indicate that further work is needed to fully characterize the data-behavior relationship in LMs.

5.2 Future Work

While the work presented in this thesis provides additional clarity on knowledge capabilities of LMs,
each strand of work could lead to a number of exciting future directions. We discuss several potential

directions here, with connections to relevant existing work.

Language Models for Scientific Discovery While our experiments in Chapter 2 showcased how LMs
trained on the scientific literature can effectively predict connections between biomedical entities, our
experimental setup did not explicitly guarantee predictions of novel knowledge. This is in part due to the
fact that the domain-specific LMs we used had been recently developed at the time of our 2021 study, and
their knowledge cutoffs were close enough to the facts being predicted that it is difficult to confirm true
extrapolation to new knowledge. More recent work has integrated LMs into the scientific research pipeline
in various ways, including hypothesis generation, experimental design, and data analysis (Majumder et al.,
2025; Zhang et al., 2025). This includes work assessing models’ ability to make projections about novel
knowledge, with varying results depending on the experimental setup (Qi et al., 2023; Wang et al., 2025b;
Guo et al., 2025; Si et al., 2025). Notably, existing work either relies on the LMs’ parametric knowledge
alone or augments the model with tools such as search engines (Press et al., 2023) or retrieval from a
corpus (Lewis et al., 2020), but does not typically make use of structured representations of knowledge
like knowledge graphs or models trained on them. Our work on scientific knowledge graph completion
could be extended to test LMs’ potential for true scientific discovery via the same task, ensuring fair
evaluation by accounting for factors such as the LM’s knowledge cutoff. Extensions could also explore
how knowledge graph augmentation assists in this functionality, particularly if structured knowledge
representations provide any additional benefit to newer, more capable LMs that are typically trained on

and augmented with unstructured text.

Novel Experimental Design for Performance Prediction Our setup for predicting LM performance
from task instruction made use of datasets, models, and metrics that were current at the time the work
was done in early 2024, but with each having their own shortcomings. Metrics like ROUGE-L and Exact
Match that we used to evaluate task performance are automatic, deterministic, and transparent, but likely

too simple to properly assess complex instruction-following behavior. Other approaches for scoring model
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outputs such as reward models (Ouyang et al., 2022) or LLM-as-a-judge (Zheng et al., 2023) have now
become more widely used, and they may provide a signal that makes performance prediction a more
learnable task. Additionally, our organization of instances into tasks along with their instructions was
based on existing large-scale, human-developed instruction-following datasets (Wang et al., 2022; Wei
et al., 2022; Longpre et al., 2023). Various studies of NLP tasks have shown that their relatedness and
transferability is not necessarily intuitive based on the way they have been manually organized (Vu et al.,
2020; Kim et al., 2023; Jang et al., 2023a). Additionally, human-written instructions may not be the best
representations of a task or most predictive of an LM’s performance, since models can struggle to follow
those instructions (Jang et al., 2023b; Zhou et al., 2023b; Pyatkin et al., 2025). This motivates exploring
more automated ways of organizing examples into tasks, perhaps by using LMs to annotate instances with
their relevant skills and grouping them into tasks based on skill similarity (Zeng et al., 2025). This could
be combined with automated methods for writing and improving task instructions, to provide inputs that
boost the performance of both instruction-following LLMs and their performance predictors (Xu et al.,

2024; Agarwal et al., 2025).

Interventional Analyses on LM Post-training While our experiments in Chapter 4 only applied our
proposed interventional analysis recipe to pretraining, our recipe was designed to be generally applicable
in studying how any training data relates to a behavior of interest. An intriguing future direction could
apply it to studying procedural knowledge acquisition through interventions on the LM post-training
process that yields instruction-following behavior. Such an approach could disentangle which downstream
model behaviors are the result of examples seen during the supervised fine-tuning (Wang et al., 2022;
Wei et al., 2022; Sanh et al., 2022; Wang et al., 2023a) versus reinforcement learning (Stiennon et al.,
2020; Ouyang et al., 2022; Ivison et al., 2023b; Lambert et al., 2025) stages of post-training to determine
their comparative contributions. This could contribute to a growing body of work studying to what extent
post-training endows LMs with novel capabilities rather than surfacing skills learned during pretraining
(Zhou et al., 2023a; Yue et al., 2026; Shao et al., 2025), and would motivate the use of alternative matching
methods such as those used to select data for continued training to boost performance (Xia et al., 2024;
Ivison et al., 2025). On a more practical note, performing an interventional analysis on post-training is
dramatically more computationally feasible than it is for pretraining, allowing for interventions on entire

post-training datasets for more comprehensive control over the data-behavior relationship.
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Appendix A

Appendices for Chapter 2

A.1 Dataset Construction

A.1.1 Sources

RepoDB Drugs in RepoDB have statuses including approved, terminated, withdrawn, and suspended.

We restrict our KG to pairs in the approved category.

Hetionet was constructed using data from various publicly-available scientific repositories. Following
Alshahrani et al. (2021), we restrict the KG to the treats, presents, associates, and causes relation types.
This includes interactions between drugs and the diseases they treat, diseases and their symptoms, diseases
and associated genes, and drugs and their side effects. We use this subset of the full Hetionet dataset to
avoid scalability issues that arise when training large Transformer-based language models, inspired by

benchmark datasets such as FB15K (Bordes et al., 2013), a subset of the Freebase knowledge base.

MSI includes diseases and the proteins they perturb, drug targets, and biological functions designed to
discover drug-disease treatment pairs through the pathways that connect them via genes, proteins, and
their functions. We include all entities and relation types in the dataset.

We collect each of the datasets from the links listed in Table A.1. For missing entity names and all
descriptions, we write scripts to scrape the information from the resources listed above using the entity

identifiers provided by each of the datasets.

A.1.2 Transductive Splits

To construct transductive splits for each dataset, we begin with the complete graph, and repeat the

following steps:
1. Randomly sample an edge from the graph.
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Dataset | Link Sources

DrugBank
UMLS

RepoDB | http://apps.chiragjpgroup.org/repoDB/

DrugBank
Disease Ontology
Hetionet | https://github.com/hetio/hetionet Entrez

SIDER

MeSH

DrugBank

) ) ) Gene Ontology
MSI https://github.com/snap-stanford/multiscale-interactome
Entrez

UMLS

Table A.1: Links and sources of entity names and descriptions for each dataset.

2. If the degree of both nodes incident to the edge is greater than one, remove the edge.
3. Otherwise, replace the edge and continue.

The above steps are repeated until validation and test graphs have been constructed of the desired
size while ensuring that no entities are removed from the training graph. We construct 80%/10%/10%

training/validation/test splits of all datasets.

A.1.3 Inductive Splits

To construct inductive splits for each dataset, we follow the procedure outlined in the “Technical Details”
section of the appendix of Daza et al. (2021). We similarly construct a 80%/10%/10% training/validation/test

split of each dataset in the inductive setting.

A.1.4 Negative Validation/Test Triples

In order to perform a ranking-based evaluation for each dataset in both the transductive and inductive
settings, we generate a set of negative triples to be ranked against each positive triple. To generate negative
entities to replace both the head and tail entity of each validation and test positive, we follow the procedure

below:
1. Begin with the set of all entities in the knowledge graph.

2. Remove all entities that do not have the same entity type as the entity to be ranked against in the

positive triple.
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3. Remove all entities that would result in a valid positive triple in either the training, validation, or

test sets.
4. Randomly sample a fixed set of size m from the remaining set of entities.

We use a value of m = 500 for RepoDB and MSI, and a value of m = 80 for Hetionet (due to the
constraints above, the minimum number of valid entities remaining across positive triples for Hetionet
was 80). Using a fixed set of entities allows for fair comparison when assessing performance of subsets of
the test set, such as when examining the effect of subsets where descriptions are present for neither, one,

or both entities (Table A.3).

A.2 Training

A.2.1 Transductive Setting

For all individual models, we train the models on the training set of each dataset while periodically
evaluating on the validation set. We save the model with the best validation set MRR, then use that model
to evaluate on the test set. We also perform hyperparameter tuning for all models, and use validation set

MRR to select the final set of hyperparameters for each model.

Knowledge Graph Embeddings

We use the max-margin ranking loss for all KGE methods. We use a batch size of 512 for all models.
We train models for 10,000 steps (958 epochs) on RepoDB, 50,000 steps (205 epochs) on Hetionet, and
50,000 steps (66 epochs) on MSI. We evaluate on the validation set every 500 steps for RepoDB and
5,000 steps for Hetionet and MSI. We use the Adam optimizer for training. We perform a hyperparameter

search over the following values:
* Embedding dimension: 500, 1000, 2000
* Margin for max-margin loss: 0.1, 1
* Learning rate: le-3, le-4
* Number of negative samples per positive: 128, 256

» Parameter for L3 regularization of embeddings: le-5, 1e-6
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Language Models

Pretrained scientific LMs. We explore various pretrained LMs, with their initialization, vocabulary,
and pretraining corpora described below. In particular, we study a range of LMs trained on different

scientific and biomedical literature, and also on clinical notes.

* BioBERT (Lee et al., 2020) Initialized from BERT and using the same general domain vocabulary,

with additional pretraining on the PubMed repository of scientific abstracts and full-text articles.

* Bio+ClinicalBERT (Alsentzer et al., 2019) Initialized from BioBERT with additional pretraining

on the MIMIC-III corpus of clinical notes.

* SciBERT (Beltagy et al., 2019) Pretrained from scratch with a domain-specific vocabulary on a
sample of the Semantic Scholar corpus, of which biomedical papers are a significant fraction but

also papers from other scientific domains.

* PubMedBERT (Gu et al., 2021) Pretrained from scratch with a domain-specific vocabulary
on PubMed. We apply two versions of PubMedBERT, one trained on PubMed abstracts alone
(PubMedBERT-abstract) and the other on abstracts as well as full-text articles (PubMedBERT-

fulltext).

We also use ROBERTa (Liu et al., 2019) — pretrained from scratch on the BookCorpus, English Wikipedia,
CC-News, OpenWebText, and Stories datasets — as a strongly-performing general domain model for
comparison. For all LMs, we follow Kim et al. (2020) and use the multi-task loss consisting of binary triple
classification, multi-class relation classification, and max-margin ranking loss, with a margin of 1 for the
max-margin loss. For triple classification, given the correct label y € {0, 1} (positive or negative triple) we
apply a linear layer to the [CLS] token representation v to output the probability p of the triple being correct
as p = 0(Whiplev), and use the binary cross entropy loss Lisipie(z) = —ylog(p) — (1 — y) log(1 — p).
For relation classification over R relation types, we apply a linear layer to v to calculate a probability
distribution ¢ over relation classes with ¢ = softmax(Wv), and use the cross entropy loss with one-
hot vector y € {0,1}* as the correct relation label: Le(z) = — Zﬁl y; log ¢;. The final loss is the
equally-weighted sum of all three losses: £(2) = Lrank () + Luiple(x) + Ll ().

We train for 40 epochs on RepoDB, and 10 epochs on Hetionet and MSI. We evaluate on the validation
set every epoch for RepoDB, and three times per epoch for Hetionet and MSI. For RepoDB, Hetionet, and
MSI we use 32, 16, and 8 negative samples per positive, respectively. We use the Adam optimizer for

training. We perform a hyperparameter search over the following values:

e Batch size: 16, 32
* Learning rate: le-5, 3e-5, Se-5
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Integrated Models

Global weighted average. For the global weighted average, we compute ranking scores for positive and
negative examples as the weighted average of ranking scores output by all KG completion models being
integrated. Specifically, for a set of ranking scores s1, . . . , S, output by k£ models for an example, we learn
a set of weights o = [y, . .., ] to compute the final ranking score as s = Zle «;S;, where the same
weight vector « is used for all examples. We search for each «; over the grid [0.05, 0.95] with steps of
0.05, ensuring that all o;’s sum to 1. We choose values that maximize validation set MRR, then apply

them to the test set.

Router. For the router-based method, we train a classifier to select a single model out of a set of
KG completion models to use for computing ranking scores for a positive example and its associated
negatives. The class to be predicted for a particular example corresponds to which model performs
best on that example (i.e., gives the best rank), with an additional class for examples where all models
perform the same. We explore a number of different classifiers, including logistic regression, decision
tree, gradient boosted decision tree (GBDT), and multilayer perceptron (MLP), finding that GBDT
and MLP classifiers perform the best. As input to the classifier, we use a diverse set of features com-
puted from each positive example (listed in Table A.2) as well as each model’s ranking score for the
positive example. Classifiers are trained on the validation set and evaluated on the test set for each

dataset. We additionally perform hyperparameter tuning over the following values for each classifier:
Logistic regression:
e Penalty: L1, L2
* Regularization parameter: 9 values evenly log-spaced between 1le-5 and 1e3
Decision tree:
* Max depth: 2, 4, 8
* Learning rate: le-1, le-2, le-3
GBDT:
* Number of boosting rounds: 100, 500, 1000
* Max depth: 2,4, 8

* Learning rate: le-1, le-2, le-3
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MLP:

* Number of hidden layers: 1, 2
* Hidden layer size: 128, 256

e Batch size: 64, 128, 256

* Learning rate: le-1, le-2, le-3

We perform five-fold cross-validation on the validation set and use validation set accuracy to choose the
best set of hyperparameters for each classifier. We use Scikit-Learn (Pedregosa et al., 2011) to implement
the logistic regression and MLP classifiers, and XGBoost (Chen and Guestrin, 2016) to implement the

decision tree and GBDT classifiers, using default parameters other than the ones listed above.

Input-dependent weighted average. The input-dependent weighted average method of integrating KG
completion models operates similarly to the global weighted average, except that the set of weights can
vary for each positive example and are a function of its feature vector (the same set of weights is used for
all negative examples used to rank against each positive example). We train an MLP to output a set of
weights that are then used to compute a weighted average of ranking scores for a set of KG completion
models. The MLP is trained on the validation set and evaluated on the test set for each dataset. We use
the max-margin ranking loss with a margin of 1. In order to compare to the MLP trained as a router, we
train the MLP using the Adam optimizer (Kingma and Ba, 2015) for 200 epochs with early stopping on
the training loss and a patience of 10 epochs (the default settings for an MLP classifier in Scikit-Learn).
We perform a hyperparameter search over the following values (matching the values for the MLP router

where applicable):
* Number of hidden layers: 1, 2
* Hidden layer size: 128, 256
e Batch size: 64, 128, 256
* Learning rate: le-1, le-2, le-4
* Number of negatives (for max-margin loss): 16, 32

We select the best hyperparameters by MRR on a held-out portion of the validation set.

Features for integrated models. Both the router and input-dependent weighted average methods of
model integration use a function to outputs weights based on a feature vector of an example. A complete
list of the features used by each method can be found in Table A.2. We also use the ranking score for the

positive example from each KG completion model being integrated as additional features.
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entity type length of text in chars.

relation type presence of word “unknown” in name/desc.
head/tail node in-/out-degree missing desc.

head/tail node PageRank number/ratio of punctuation/numeric chars.
Adamic-Adar index of edge tokens-to-words ratio of entity name/desc.

edit dist. between head/tail entity names

Table A.2: Complete list of features used by router classifiers.

A.2.2 Inductive Setting
Knowledge Graph Embeddings and Language Models

For the KGE and LM models, we follow the same training procedure for the inductive splits as for
the transductive splits. We perform hyperparameter tuning over the same grids of hyperparameters,
periodically evaluate on the validation set and save the checkpoint with the best validation set MRR, and

use the set of hyperparameters corresponding to the highest validation set MRR to evaluate on the test set.

DKRL

In addition to the KGE and LM-based methods, we also train DKRL (Xie et al., 2016) for inductive
KG completion as another text-based baseline for comparison. DKRL uses a two-layer CNN encoder
applied to the word or subword embeddings of an entity’s textual description to construct a fixed-length
entity embedding. To score a triple, DKRL combines its entity embeddings constructed from text with a
separately-learned relation embedding using the TransE (Bordes et al., 2013) scoring function. The original
DKRL model uses a joint scoring function with structure-based and description-based components;
we restrict to the description-based component as we are applying DKRL in the inductive setting. We
use PubMedBERT subword embeddings at the input layer of the CNN encoder, encode entity names
and descriptions, and apply the same multi-task loss as for the LM-based models. To apply the triple
classification and relation classification losses, for head and tail entity embeddings h and t, we apply a

separate linear layer for each loss to the concatenated vector [h; t; |h —t

], following previous work on
models that use a bi-encoder to construct entity or sentence representations (Wang et al., 2021; Reimers
and Gurevych, 2019). We use the same number of training epochs and number of negatives per positive
for DKRL as for the LM-based methods on each dataset. We use a batch size of 64, and perform a

hyperparameter search over the following values:

* Learning rate: le-3, le-4, le-5
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Figure A.1: Test set MRR for the best KGE model compared to KG-PubMedBERT broken down by

relation type for Hetionet and MSI.

* Embedding dimension: 500, 1000, 2000

» Parameter for L2 regularization of embeddings: 0, 1e-3, le-2

A.3 Additional Results

A.3.1 Transductive Setting, Individual Models

Missing entity descriptions. Table A.3 shows test set MRR for KG-PubMedBERT on each dataset
broken down by triples with either both, one, or neither entities having available descriptions. Across

datasets, performance clearly degrades when fewer descriptions are available to provide context for the

LM to generate a ranking score.

#entities with
MRR

desc. in pair
RepoDB Hetionet MSI

None N/A 25.6 25.1
One 59.5 43.6 254
Both 63.7 52.6 37.3

Table A.3: Effect of descriptions on KG-PubMedBERT test set MRR.

Relation-level performance. Figure A.1 shows test set MRR broken down by relation for the datasets
with multiple relation types (Hetionet and MSI). KG-PubMedBERT performs better on all relation types

except compound-side effect for Hetionet, and on the function-function relation for MSI.
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RepoDB | Hetionet | MSI

Global avg. 70.4 55.8 42.1
Input-dep. avg. 65.9 70.3 40.6
Router 70.6 59.7 48.5

Table A.4: Test set MRR for the best pair of a KGE model and KG-PubMedBERT for different methods

of model integration.

ranking score, KGE model
ranking score, PUbMedBERT [ s
head out-degree =_
tail in-degree ___
PageRank, tail -=
head string length =_ mmm RepoDB
string edit distance =_ mmm  Hetionet
tail string length == ___ = MS|

0.00 005 010 015 020 025 0.30
feature importance (gain)

Figure A.2: Feature importances for GBDT router for a selection of most important features. Ranking
scores output by each model tend to be the most important, with other graph- and text-based features also

contributing.

A.3.2 Transductive Setting, Integrated Models

A.3.3 Inductive Setting
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Imputation Model Unseen KG-PubMedBERT PubMedBERT
with Better Ranking Entity nearest neighbors nearest neighbors
skin burning sensation, skin dis- .
PubMedBERT eye redness conjunctivitis, throat sore
comfort
ecchymosis gas, thrombophlebitis petechiae, macule
vitamin a,
estrone estriol, calcitriol
methyltestosterone
S conjunctivitis allergic, . .
KG-PubMedBERT keratoconjunctivitis enteritis, parotitis
otitis externa
meningism,
malnutrition dehydration, anaemia
wasting generalized
carcinoma breast,
congestive diastolic dysfunction,
hypertrophic
cardiomyopathy cardiomyopathy
cardiomyopathy

Table A.5: Samples of unseen entities and their nearest neighbors found by KG-PubMedBERT and
PubMedBERT, for test set examples in the Hetionet inductive split where the PubMedBERT neighbor
performs better than the KG-PubMedBERT neighbor (first three) and vice versa (last three). Each LM

offers a larger improvement per example when its nearest neighbor is more semantically related to the

unseen entity.
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Appendix B

Appendices for Chapter 3

B.1 Finetuning Details

We use the Huggingface transformers library to run all experiments (Wolf et al., 2020b). Details
for finetuning RoOBERTa-base and RoBERTa-large performance predictors can be found in Table B.1,
while details for the LLaMA-13B performance predictors can be found in Table B.2. We perform a
hyperparameter search over batch size and learning rate for all finetuning experiments. RoOBERTa models
are finetuned by updating all parameters, while LLaMA models are finetuned by adding and updating
LoRA adapters (Hu et al., 2022). All performance predictors use an additional linear layer applied to
either the [CLS] token (for ROBERTa) or the EOS token (for LLaMA) at the last layer to make the final
prediction. All models were evaluated on the validation set of instructions at every epoch, with early

stopping performed based on validation set RMSE.

Hyperparameter Assignment
number of epochs 20
batch size {4, 8, 16}

maximum learning rate  {1e-5, Se-5, le-4, 5e-4}

optimizer AdamW
epsilon le-8
betas (0.9, 0.999)
learning rate schedule constant
weight decay 0
warmup proportion none
learning rate decay none

Table B.1: Experiment settings for finetuning RoOBERTa performance predictor models.
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Hyperparameter Assignment

number of epochs 20
batch size {8, 16, 32}

maximum learning rate  {le-5, 2e-5, 5e-5, le-4}

optimizer AdamW
epsilon le-8
betas (0.9, 0.999)
learning rate schedule linear warmup
weight decay 0
warmup proportion 0.03
learning rate decay linear
LoRA rank 256
LoRA alpha 256
LoRA dropout 0.05

Table B.2: Experiment settings for finetuning LLaMA performance predictor models.

B.2 Details on BIG-bench

The full list of tasks included from BIG-bench can be found in Table B.3.
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Tasks
abstract_narrative_understanding, anachronisms, analogical_similarity, analytic_entailment, arithmetic,

ascii_word_recognition, authorship_verification, auto_categorization, auto_debugging, bbq_lite_json, bridg-
ing_anaphora_resolution_barqa, causal_judgment, cause_and_effect, checkmate_in_one, chess_state_tracking,
chinese_remainder_theorem, cifar1Q_classification, code_line_description, codenames, color, com-
mon_morpheme, conceptual_combinations, conlang_translation, contextual_parametric_knowledge_conflicts,
crash_blossom, crass_ai, cryobiology_spanish, cryptonite, cs_algorithms, dark_humor_detection,
date_understanding, disambiguation_qa, discourse_marker_prediction, disfl_qa, dyck_languages, ele-
mentary_math_qa, emoji_movie, emojis_emotion_prediction, empirical_judgments, english_proverbs,
english_russian_proverbs,  entailed_polarity, entailed_polarity_hindi, epistemic_reasoning, evaluat-
ing_information_essentiality, fact_checker, fantasy_reasoning, few_shot_nlg, figure_of_speech_detection,
formal_fallacies_syllogisms_negation, gem, gender_inclusive_sentences_german, general_knowledge, geo-
metric_shapes, goal_step_wikihow, gre_reading_comprehension, hhh_alignment, hindi_question_answering,
hindu_knowledge, hinglish_toxicity, human_organs_senses, hyperbaton, identify_math_theorems, iden-
tify_odd_metaphor, implicatures, implicit_relations, intent_recognition, international_phonetic_alphabet_nli,
international_phonetic_alphabet_transliterate, intersect_geometry, irony_identification, kanji_ascii, kan-
nada, key_value_maps, known_unknowns, language_games, language_identification, linguistics_puzzles,
logic_grid_puzzle, logical_args, logical_fallacy_detection, logical_sequence, mathematical_induction, ma-
trixshapes, metaphor_boolean, metaphor_understanding, minute_mysteries_qga, misconceptions, mnist_ascii,
modified_arithmetic, moral_permissibility, —movie_dialog_same_or_different, movie_recommendation,
mult_data_wrangling, navigate, nonsense_words_grammar, novel_concepts, object_counting, odd_one_out,
operators, paragraph_segmentation, parsinlu_qga, parsinlu_reading_comprehension, penguins_in_a_table,
periodic_elements, persian_idioms, phrase_relatedness, physical_intuition, physics, physics_questions,
play_dialog_same_or_different, polish_sequence_labeling, presuppositions_as_nli, qa_wikidata, question_selection,
real_or_fake_text, reasoning_about_colored_objects, repeat_copy_logic, rephrase, riddle_sense, ruin_names,
salient_translation_error_detection, scientific_press_release, semantic_parsing_in_context_sparc, seman-
tic_parsing_spider, sentence_ambiguity, similarities_abstraction, simp_turing_concept, simple_ethical_questions,
simple_text_editing, snarks, social_iqa, social_support, sports_understanding, strange_stories, strate-
gyqa, sufficient_information, suicide_risk, swahili_english_proverbs, swedish_to_german_proverbs, sym-
bol_interpretation, temporal_sequences, tense, timedial, topical_chat, tracking_shuffled_objects, understand-
ing_fables, undo_permutation, unit_conversion, unit_interpretation, vitaminc_fact_verification, what_is_the_tao,

which_wiki_edit, winowhy, word_sorting, word_unscrambling

Table B.3: List of BIG-bench tasks included when training performance predictors on additional tasks.
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Appendix C

Appendices for Chapter 4

C.1 Swapping Documents Between Batches

All of our interventions involve taking documents from another data batch and using them to replace
documents in the data batch that we wish to intervene on. We replace documents while matching total
token counts when possible to minimize altering the data batch. For over 96% of documents, the document
that replaces it has exactly the same number of tokens. In a few cases, the document being swapped in
is too long by a few tokens, which requires shifting the remaining tokens in the sequence to the right
and truncating at the end. Fig. C.1 shows a toy example of how this document-swapping operation is

performed with token IDs across two batches of tokens.

sequence length

2242 61 59 62 71|78 |17 45 | 47 182 76 64 4 35
3 53|22 6 56 27| 9 16| 5 35 62 | 44 68 98 10 | 60
% 76 39 6 42 61 5 64 28 96 29 1 80|69 43 24
3 36|79 30 37 1170 21 89 | 556 87 25 31 55 39
61 56 | 27 44 27 65 58 64 72 87 55 26|31 4 93

target document source document
22 42 6159 62|71 78 17
5322 6|56 27| 9 16 5
76 [SSB7HN25318558 61 | 5
3 79 30 37 1170 21
61 56 |27 44 |27 65 58 64

Figure C.1: Toy example that shows how token IDs in a batch of tokens are altered when replacing a target
document with a source document. Note how the token IDs to the right of the target document are shifted

to the right to accommodate the longer source document.
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Prompt Name

Template

correct answer

You will be given a question or question stem and its correct answer, along with a
document. Output “yes” if the document contains enough information to correctly
answer the question, and “no” otherwise. Only output “yes” or “no”.

Question: {question}

Answer: {answer}

Document: {document}

educated guess

You will be given a question or question stem and its correct answer, along with a
document. Output “yes” if the document contains enough information to make an
educated guess about the answer, and “no” otherwise. The document does not have
to have enough information to be able to correctly answer the question. Only output
“yes” or “no”.

Question: {question}

Answer: {answer}

Document: {document}

related topic

You will be given a question or question stem and its correct answer, along with
a document. Output “yes” if the document is topically related to the question and
answer, and “no” otherwise. The document does not have to have enough information
to be able to correctly answer the question. Only output “yes” or “no”.

Question: {question}
Answer: {answer}

Document: {document}

Table C.1: Prompt templates used for document relevance annotation with GPT-5.
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Item

| Prompt

Document with ‘“yes” annotation

Document with “no”” annotation

Question: What do herpetologists
study? Answer: Reptiles and amphib-

ians

correct answer

‘What Classes Do I Need to Take in High School
To Prepare for Getting a Zoology Degree? Zo-
ologists study the impact of the environment
on animal habitats... Some zoologists will spe-
cialize in a species, such as herpetologists,
who study reptiles and snakes. Taking science
courses while in high school will help you
determine in which area of zoology you will
specialize... This career may be physically de-
manding when spending long periods outdoors

in rough conditions while researching.

Amphibians vs Reptiles Reptile? Or amphib-
ian? Telling the difference. For most people,
these animals are pretty much the same....
Definition Amphibian means “living dou-
ble lives” on water and land. Reptile means
“creeping stealthily under cover of darkness.”...
Tetrafauna AquaSafe — The complete water

conditioner.

Question: The use of ’indentured
labour’ in the nineteenth century in-
volved: Answer: people being trans-
ported to the British colonies and
forced to work for one employer un-

der poor conditions

educated guess

History of Guyana Guyana history The
recorded history of Guyana can be dated back
to 1499, when Alonso de Ojeda’s first expe-
dition arrived from Spain at the Essequibo
River... Subsequently, in 1746, the Dutch au-
thorities opened the area near the Demerara
River to British immigrants because they were
eager to attract more settlers... By 1786 the
internal affairs of this Dutch colony were ef-
fectively under British control, though two-
thirds of the plantation owners were still Dutch.
Africans and Indians Africans were enslaved
and transported to Guyana as slaves; however,
East Indians came as indentured labourers who
worked in order to provide for their families

back home. By the 1660s, the enslaved

Banner Viadrina Keynote Lecture: Prof. Dr.
Andreas Eckert Blurred Frontiers. “Unfree”
and “Free” Labour since 1800 in a global per-
spective In the world of work relations and
labour policies, the distinction between “free”
and “unfree” labour has been crucial... This
lecture critically discusses widespread assump-
tions which link “unfree” or forced labour to
pre-industrial societies and instead argues that
there was a close and complex connection be-
tween definitions and practices of unfree labor
in Europe and in the colonies... The talk will
present various historiographical debates re-
lated to the issue of unfree/free labour, but will
also focus on what historical actors in different
parts of the world themselves understood by

unfree/free labour.

Question: When you squeeze an air-
filled party balloon, you increase its

Answer: density

related topic

hydrogen is 0.09 kg/m3. Two balloons are
inflated to the same size, one filled with air and
the other filled with hydrogen. Which balloon
experiences the greatest buoyant force? 6) A
ten kilogram brick is lowered into a tub of
water. A volume equal to two litres of water
is displaced. If the density of water is 1g/cm3
what is the reading of the scale when the brick
is fully submerged? Does the brick lose mass
when it is placed in water? Activity to measure

the buoyant force. Put-Put boats and buoyancy

The Quartet Machine My instrument is called
“The Quartet Machine.” It is a member of the
string and woodwind families. It is made out of
a wooden box, rope, string, beads, plastic bar,
rubber bands, balloon, barrette, “squeakies,”
and a pencil... The second is you can blow air
into the balloon and pinch it near the open-
ing and pull. The third is you can squeeze
the “squeakies.” To change the pitch of this
instrument you can do one of the following...
Finally, to change the dynamics or volume
of this instrument you can pluck the strings
harder, squeeze the balloon harder or pinch the

“squeakies” tighter.

Table C.2: A sample of items from MMLU with example documents matched by BM25 score that were

given “yes” and “no” annotations by GPT-3, for each of the three annotation prompts.
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Relation | # Items | Template Example

P17 928 [X] is located in [Y] Mezhdurechensky District is located in Russia

P27 966 [X] is a citizen of [Y] Marc Lavoie is a citizen of Canada

P36 681 The capital city of [X] is [Y] | The capital city of Greece is Athens

P127 687 [X] is owned by [Y] Colchester Community Stadium is owned by Colchester
P131 881 [X] can be found in [Y] Ryerson University can be found in Ontario

P138 604 [X] is named after [ Y] Great Britain is named after Britannia

P176 961 [X] is a product of [Y] Ferrari 365 is a product of Ferrari

P178 580 [X] is a product of [Y] Windows Embedded Compact is a product of Microsoft
P276 877 [X] is located in [Y] 1996 Summer Olympics is located in Atlanta

P495 907 [X] was created in [Y] Lancashire wrestling was created in England

P1376 216 [X] is the capital city of [Y] | Ottawa is the capital city of Canada

P1412 965 [X] communicated in [Y] Lon Chaney communicated in English

Table C.3: All relations we used from ParaRel along with number of items, query template, and an example

item for each.
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Figure C.2: Number of items learned per pretraining step, for each model size and dataset.
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Figure C.3: Varying the method of matching documents to items results in different levels of performance
reduction on ParaRel items. Selecting relevant documents using BM25 and DPR scores both lead to
similar or less reduction in performance compared to selecting based on term cooccurrence alone, when

removing the same number of documents per item or in total.
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Figure C.4: Modifying documents by replacing them with ones expressing the same ParaRel relation
type but without having the term cooccurrence has a similar effect to replacing with random unrelated

documents, indicating the importance of the specific entity pair being mentioned.

Normalization | Example

Dataset Subset(s) ‘ # Items

The Rhine River is an example of which type of boundary?
MMLU test 14,042 | char
(a) geometric  (b) artificial ~ (c) natural ~ (d) relict

‘What functions without contact between objects?
OpenBookQA | train, validation, test | 5,957 PMI
(a) weight  (b) friction  (c) opposites attracting  (d) pressure

In order to create food, what do photosynthetic protists use?
SciQ train, validation, test | 13,679 | char
(a) decayed matter  (b) thermal energy  (c) hydrocarbons  (d) light energy

Table C.4: Additional details on MMLU, OpenBookQA, and SciQ including subsets used, number of

items per dataset, and an example item.
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intervention model size steps |EEt | % docs | % tokens | JSD
1B 1500-2000 121 2.9% 6.1% 0.011
1B 2500-3000 367 4.7% 8.5% 0.017
suppress learning (coocc.)
7B 2000-2150 272 2.2% 4.7% 0.010
7B 3000-3150 62 0.5% 1.0% 0.003
1B 1500-2000 116 24.0% 37.3% | 0.052
1B 2500-3000 362 35.0% 50.4% | 0.085
suppress learning (occ.)
7B 2000-2150 272 43.7% 53.4% | 0.096
7B 3000-3150 62 17.3% 28.2% | 0.047
1B 1500-2000 162 3.2% 6.3% 0.011
1B 2500-3000 88 1.3% 2.5% 0.005
promote learning (coocc.)
7B 2000-2150 371 9.9% 18.3% | 0.031
7B 3000-3150 86 1.7% 3.2% 0.008

Table C.5: Detailed information on the ParaRel interventions for each intervention type (suppressing

learning by removing cooccurrences, suppressing learning by removing occurrences, and promoting

learning by adding cooccurrences), model size, and set of pretraining steps. Values include the number of

target items (|E%¥€!|), percentage of documents changed in the data batch (% docs), percentage of tokens

changed in the data batch (% tokens), and the Jensen-Shannon divergence between the token distributions

of the original and modified data batches (JSD, takes values between 0 and 1).

intervention model size steps |Ereet | %o docs | % tokens | JSD
1B 5500-6000 82 12.1% 0.6% 0.021
reduce pro-male bias
7B 2000-2150 29 7.7% 0.4% 0.014
1B 5500-6000 91 7.1% 0.7% 0.010
reduce pro-female bias
7B 2000-2150 18 4.5% 0.4% 0.006

Table C.6: Detailed information on the WinoBias interventions for each intervention type (reducing

pro-male bias, reducing pro-female bias), model size, and set of pretraining steps. Values include the

number of target items (|E'*"€!|), percentage of documents changed in the data batch (% docs), percentage

of tokens changed in the data batch (% tokens), and the Jensen-Shannon divergence between the token

distributions of the original and modified data batches (JSD, takes values between 0 and 1).
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dataset model size steps matching method | |E%€| | % docs | % tokens | JSD
BM25 15.4% 18.9% | 0.038
1B 2000-2500 424
DPR 10.5% 10.3% | 0.026
SciQ
BM25 21.3% | 26.0% | 0.041
7B 2000-2150 353
DPR 14.4% 14.3% | 0.032
BM25 3.8% 5.1% 0.010
1B 2000-2500 47
DPR 3.5% 3.2% 0.008
OpenBookQA
BM25 6.6% 8.4% 0.013
7B 2000-2150 50
DPR 5.6% 5.1% 0.011
BM25 10.2% 17.9% | 0.020
1B 1000-1500 160
DPR 11.1% 10.9% | 0.014
MMLU
BM25 10.0% 16.0% | 0.020
7B 2000-2150 77
DPR 9.3% 9.7% 0.013

Table C.7: Detailed information on the MCQA dataset interventions for each dataset, model size, set

of pretraining steps, and item-document matching method. Values include the number of target items

(|E12ree|), percentage of documents changed in the data batch (% docs), percentage of tokens changed

in the data batch (% tokens), and the Jensen-Shannon divergence between the token distributions of the

original and modified data batches (JSD, takes values between 0 and 1).

97



	Introduction
	Scientific Language Models for Biomedical Knowledge Base Completion: An Empirical Study
	Introduction
	Task and Methods
	KG Completion Task
	Methods
	Integrating KGE and LM: Model Averaging vs. Routing
	Inductive KG Completion

	Experimental Setup
	Datasets
	Pretrained LMs and KGE Integration
	Evaluation

	Experimental Results
	Transductive Link Prediction Results
	Model Averaging and Routing
	Inductive KG Completion

	Recent Work
	Conclusion and Discussion

	Third-Party Language Model Performance Prediction from Instruction
	Introduction
	Related Work
	Instruction Tuning
	Predicting Model Behavior

	Methods
	Instruction-Tuned Models (IMs)
	Evaluation Metrics
	Performance Predictors (PP)

	Results
	Performance Prediction is Challenging
	Effect of Various Factors on Predictability
	Predicting Loss

	Discussion
	Recent Work
	Conclusion

	Rewriting History: A Recipe for Interventional Analyses to Study Data Effects on Model Behavior
	Introduction
	Overview of Recipe
	Components
	Designing an Experiment
	Stage 1: Selecting Items and a Data Batch
	Stage 2: Identifying Relevant Documents
	Stage 3: Intervening

	Experimental Setup
	Model
	Evaluation
	Selecting Items
	Intervening

	Impact of Term Cooccurrences on Relation Fact Learning
	Experiment Setup
	Result: Removing Cooccurrences and Occurrences Suppresses Learning
	Result: Introducing Cooccurrences Promotes Learning

	Impact of Pronoun-Profession Cooccurrence on Gender Bias
	Experiment Setup
	Result: Swapping Gendered Pronouns Mitigates Gender Bias

	Impact of Retrieved Documents on Complex Knowledge Queries
	Experiment Setup
	Result: Removing Relevant Documents Suppresses Learning
	Result: Adding Relevant Documents Promotes Learning

	Determining Document Relevance
	Related Work
	Recent Work
	Discussion and Conclusions

	Conclusion
	Summary
	Future Work

	Appendices for Chapter 2
	Dataset Construction
	Sources
	Transductive Splits
	Inductive Splits
	Negative Validation/Test Triples

	Training
	Transductive Setting
	Inductive Setting

	Additional Results
	Transductive Setting, Individual Models
	Transductive Setting, Integrated Models
	Inductive Setting


	Appendices for Chapter 3
	Finetuning Details
	Details on BIG-bench

	Appendices for Chapter 4
	Swapping Documents Between Batches


