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The geneticist Theodosius Dobzhansky famously declared, “Nothing in Biology Makes Sense Except in the
Light of Evolution.” In Al, we might say instead that “Nothing in Deep Learning Makes Sense Except in the
Light of Stochastic Gradient Descent”—and my goal is to make sense of deep learning.

Our world increasingly relies on neural networks, but like biologists before Darwin, we are still at the stage
of telling just-so stories to explain them. Supposedly interpretable artifacts are presented as explanations of model
behavior, but we often are unable to determine whether a given model property is required for network performance
or if it developed as a side effect of training. In biology, such non-functional properties might be vestigial traits or
randomly selected spandrels, but interpretability and science of deep learning lack a framework for discussing
similar phenomena.

I aim at a complete understanding of neural networks—primarily language models (LMs)—by characteriz-
ing how their internal mechanisms are constructed during training. This understanding can unlock many paths
forward. We could debug models, verify their outputs, or predict possible operational failures. We might inspire
improvements in architecture or optimization. Interpretation of generative models could also support new scien-
tific understanding of the real world behind their training corpus. A complete understanding of model behavior
would even enable simulation: Provided with training data and hyperparameter specifications, we could describe a
hypothetical model’s capabilities without having to train it.

My work, informed simultaneously by the sciences of linguistics and deep learning, has been at the forefront of
a new wave of progress in interpretability. In LMs, interpretability research asks questions like: How do models in-
ternally represent language and world structure? What generalization behaviors and inductive biases are they likely
to exhibit? What spurious shortcuts have they learned? Traditionally, these questions are asked of a fully trained
model, an approach I have also contributed to with new probing methods [33! 17, [25]. However, by analyzing
the training regime instead, my claims about structures and explanations hold beyond a single parameter setting;
we can study the training procedure. How do models learn language and world structure? What generalization
behavior does a training method exhibit? How are spurious shortcuts discovered and how can they be discouraged?

Past and current work

While many interpretability researchers ask what models learn, I ask why they learn. Every model behavior and
mechanism has its origins in training; my objective is to explain how those training conditions lead to the resulting
model. Given an architecture and optimizer, I view the training outcome as determined by three factors: (1) the
timescale of learning; (2) the composition of training data; and (3) random chance introduced by the initial
seed. Each of these factors has led me to new insights. By pursuing the complete picture, I have unlocked a new
understanding of training that finally allows us to understand how and why LMs work.

Time

My approach centers the training process, particularly the timing of learning events. I developed this focus during
my PhD, when I studied how the representations learned for next token prediction converged and diverged relative to
representations targeting similar tasks like part-of-speech prediction [29]]. I also attributed the powerful hierarchical
biases of LSTMs to their bottom-up learning process [30]. These early papers proved prescient, inspiring others to
study language model training.

Our more recent work on LM training has related abrupt phase transitions to specific model capabilities. We
have revealed that a prolonged steep drop in the loss of masked LMs is actually composed of two consecutive
breakthroughs [4]]: The model first learns to internally represent linguistic structure with specialized attention heads,
then learns to use that structure to follow complex grammatical rules (Figure[I)). This finding was the first evidence
of dependent conceptual breakthroughs in modeling real-world data, supporting my broad agenda of using training
dynamics to aid model interpretation. Such breakthroughs may also be more common than previously documented;
by decomposing changes in loss during training, we find [[11] that individual gradient directions are associated with
breakthroughs in specific skills, e.g., generating itemized lists, which are smoothed out by the aggregated training
curve. This work has revealed the interpretable nature and hidden ubiquity of these phase transitions.
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Figure 1: Phase transitions in language model training. In a masked LM, we discovered the multiple phase
transitions underlying a prolonged steep drop in loss. Each color represents a different random seed. The syntactic
structure onset (A) precipitates the grammar skills onset (@) when the model suddenly learns to use its new
internal structure to follow complex grammatical rules. Our findings confirm that specialized modules must form
before the model even begins learning to use complex grammar, providing the first evidence of discrete dependen-
cies in real-world artificial learning.

Data

What aspects of training data affect the final model? In addition to impacts from specific influential samples,
e.g., sequence memorization (another topic I have studied [18]]), overall data composition also affects whether a
trained model can generalize in new out-of-distribution (OOD) settings. In multimodal visual question answering
models, we showed that systematic compositionality, or the ability to combine atomic components in unseen ways,
is induced by the diversity of contexts in which each atomic component was seen during training [2l]. We even
showed that diversity permits models to surpass the skills of the humans behind their training corpus, demonstrating
theoretically and experimentally that diverse errors enable generative models to reflect the “wisdom of the crowds”
in domains like chess [34].

In LMs, meanwhile, our work [[19]] uses English grammar acquisition to characterize how data complexity and
diversity shape OOD behavior during training. As seen in Figure 2] LMs trained on syntactically homogenous
examples memorize patterns, while one trained on diverse examples will learn general rules—but an intermediate
level of diversity leads to unstable training, during which OOD behavior oscillates rather than committing to a
rule. Data complexity shows similar patterns; complex sentences—examples with center embeddings—induce a
correct hierarchical rule, while simple right-branching sentences induce n-gram-like linear rules. Mixing these
subsets, again, destabilizes training. As data availability overtakes compute as the main resource bottleneck in
training, further performance gains rely on data-efficiency. Whether that efficiency relies on data augmentation
or curation, understanding the effect of corpus composition will only become more critical.

Chance

In machine learning, random variation is often disregarded, but we have found it to influence important LM behav-
iors like social bias [22]. Our previously mentioned work on data mixtures [19] revealed that, when the training
data promotes an unstable regime, it also permits inconsistent generalization behavior across random seeds; stable
training runs cluster around the two rule-based solutions. In work on finetuned text classifiers [10], we associated
such clusters with different basins on the loss surface. These findings refuted the dominant belief that transfer
learning leads inevitably to a single basin [3]], a claim based solely on observations of image classifiers.

The clustering effects we observe in OOD generalization [10, [14} [19] |36] and training dynamics [32, [8] com-
plicate narratives of sudden breakthrough capabilities at particular scales or training times; if each run must fail or
succeed, with no continuous middle ground, then the associated capability can only emerge abruptly. In ongoing
work [36]], we reconcile the notion of continuous scaling laws in performance with sudden emergent breakthroughs
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Figure 2: Data determines OOD behavior. Using the synthetic English setting of McCoy et al. [[15], a model
learns grammar rules from ambiguous data, compatible with both the correct hierarchical rule (fop) and the n-
gram-based linear rule (bottom). Diverse data teaches the model to generalize rather than memorize. Complex data
induces the hierarchical rather than rule. Intermediate diversity or complexity leads to unstable OOD behavior.

on specific capabilities by studying continuous changes in the probability of a breakthrough across random seeds.
By articulating random effects, we can rigorously evaluate claims about the impact of controlled variables like
model size.

Next Steps

When I started asking these questions, there was little interest in understanding LM training. LM researchers
ignored training dynamics while training dynamics researchers ignored LMs; many still-celebrated claims from the
science-of-deep-learning literature apply only to image classifiers. But by advocating for LM analysis to include the
training process [27], I changed the NLP community’s cultureE] My arguments were cited [22, 26] as justification
when new LM releases first started including intermediate checkpoints for scientific study, now a standard open
source practice [7,3]]. My work has drawn even more interest during the current interpretability research boom—in
the last year alone, I have appeared on six workshop panels, often with hundreds in attendance.

Since I began publishing, there has been an explosion of papers on LM training. With the resulting new
understanding of training, we can now improve LMs and predict their behavior in new environments.

Improving the training process through principled insights.  Our understanding of the training process can
guide new training methods for safer models, robustness, or greater efficiency. I have already used these insights
to inform the design and evaluation of new methods for both pretraining [[1]] and finetuning [20} [23]. Next, I will
consider human feedback post-training, where we are developing schedules for injecting fresh training data based
on our recent counterintuitive findings about unstable phase transitions. Our existing findings also suggest that
one can improve performance under data constraints by manipulating early latent structures. Our work on data

"My interest in cross-discipline parallels does not just inform my core research questions based on lessons from evolutionary biology. It
has also inspired meta-scientific position papers aimed to stimulate debate and catalyze cultural change. Some document scientific history
with implications for current research, e.g., parallels between the current LM scaling boom and the n-gram-based translation era [28]]. Others
highlight disciplinary divisions shaped by subculture [31]] or geography [35]]. Still others editorialize on evaluation [21]] and epistemics [27].
These position papers are some of my most widely shared work; at least one has featured in a major conference keynote (EMNLP 2023).
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construction and diversity can inform data augmentation research as well, by suggesting axes of diversity and
complexity that most benefit the model when amplified. In the long term, I expect our scientific insights to yield
further material gains in performance by developing new data practices, training schedules, and optimizers.

Unifying interpretability and evaluation. One rarely-attempted challenge in interpretability is predicting
model behavior under specific distribution shifts. Although such an achievement would allow us to use interpre-
tation to assess model quality by anticipating possible edge cases and biases, it is subject to numerous hurdles.
Current interpretability methods cannot generalize OOD; even popular tools like sparse autoencoders can become
useless in new contexts [16].

How could we then hope to solve this intractable challenge? We have found that random variation can form
clusters in both model weights and OOD generalization behaviors [10], providing hope that by understanding
the underlying mechanisms in-distribution, we can also predict outlier behavior. As a starting point, we have
introduced a synthetic setting where random variation leads to different OOD behaviors as a testbed [14]. We
can find precise mechanisms in-distribution that correlate with generalization rules, and even find specific markers
that predict when these mechanisms will change their behavior on OOD data, potentially damaging the model’s
application of its rule [12]. When our synthetic work is complete, I will take on the challenge of predicting potential
failure conditions in real-world models based on their internal mechanisms. One possible tool for this objective is
information theory, which can anticipate reconstruction errors based on the model’s compressed representations.
With the resulting interpretability-based model evaluation, we could automatically identify potential deployment
issues before we encounter them.

Long term: Interpretability for scientific understanding.

When the 2024 Nobel prize in chemistry was awarded to the protein folding model AlphaFold, it represented a
broader recognition of Al as a method for scientific discovery. However, AlphaFold and other scientific discovery
tools—now used to model phenomena in biochemistry, physics, or neuroscience—act like blackbox systems, form-
ing predictions without providing any new human understanding. The goal of scientific discovery is distinct from
the goal of scientific understanding, but good enough discovery tools can empower understanding through
model interpretation. The interaction between LMs and the science of linguistics makes this promise clear.

Already, my work on LMs illuminates how language structure can be processed and learned, with consequences
for linguistics. Our analysis of speech models [25] reveals that nonlinear interactions between acoustic input
features align with how easily humans can understand a sound without its phonetic context. According to our work
on data composition [19]], exposure to syntactic center embeddings is necessary and sufficient for LMs to develop
a preference for hierarchical grammatical rules, amplifying a key argument in the debate over the poverty of the
stimulus, one of the oldest and most famous controversies in linguistics. LM analysis even provides insights into
the underlying human population behind the training corpus; we have found that ChatGPT’s guardrail system treats
a simulated user more like a conservative if they endorse a football team with a more conservative fanbase [13].

My approach, however, can also reach scientific domains outside of linguistics and the social sciences by
interpreting new scientific discovery models. These interpretations can be more principled if they are grounded in
our understanding of model behavior as well as the target phenomenon; such an understanding must be informed by
the training process. By referencing training, we can differentiate early simplistic heuristics from fully articulated
rules and compare each to our existing scientific models, to better focus on our gaps in understanding.

I have already begun collaborating with scientists who want to understand their neural network models. In
my collaboration with astrophysicists [6], we analyzed the internal representations of galaxy formation models to
predict when models trained under simulation conditions would fail to generalize OOD, with the ultimate goal
of improving generalization to real-world data. In my ongoing collaboration with neuroscientists and neuro-
ethologists [9} 24], we study models of weakly electric fish behavior to understand animal communication and
group foraging. In the long term, these collaborations are where I see my work having the greatest impact—
shedding light on natural phenomena we do not yet understand. Given that my thinking has been shaped by the
work of evolutionary biologists, I look forward to shaping the progression of the natural sciences as well.
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