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Abstract

Most currently deployed LLMs undergo continuous training or additional finetun-
ing. By contrast, most research into LLMs’ internal mechanisms focuses on models
at one snapshot in time (the end of pre-training), raising the question of whether
their results generalize to real-world settings. Existing studies of mechanisms over
time focus on encoder-only or toy models, which differ significantly from most
deployed models. In this study, we track how model mechanisms, operationalized
as circuits, emerge and evolve across 300 billion tokens of training in decoder-only
LLMs, in models ranging from 70 million to 2.8 billion parameters. We find that
task abilities and the functional components that support them emerge consistently
at similar token counts across scale. Moreover, although such components may
be implemented by different attention heads over time, the overarching algorithm
that they implement remains. Surprisingly, both these algorithms and the types of
components involved therein tend to replicate across model scale. Finally, we find
that circuit size correlates with model size and can fluctuate considerably over time
even when the same algorithm is implemented. These results suggest that circuit
analyses conducted on small models at the end of pre-training can provide insights
that still apply after additional training and over model scale.

1 Introduction

As LLMs’ capabilities have grown, so has interest in characterizing their mechanisms. Recent work
in mechanistic interpretability often seeks to do so via circuits: computational subgraphs that explain
task-solving mechanisms [71, 32, 48, 40]. Circuits can be found and verified using a variety of
methods, [20, 65, 33, 38, 23] with the aim of reverse-engineering models’ task-solving algorithms.

Though much circuits research is motivated by LLMs’ capabilities, the setting in which such research
is performed often differs from that of currently deployed models. Crucially, while most LLM circuits
work [71, 32, 48, 40, 67] studies models at the end of pre-training, currently deployed models often
undergo continuous training [55, 2, 66] or are fine-tuned for specific tasks [17, 34]. More generally,
models are trained with varying amounts of data and circuits can be sampled at any checkpoint; to
what extent do those circuits hold as training continues? Other subfields of interpretability have
studied model development during training [35, 13, 72, 16, 12], but similar work on LLM mechanisms
is scarce. Existing mechanistic work over training has studied syntactic attention structures and
induction heads [54, 14, 63], but has focused on small encoder or toy models. Prakash et al. [56]
examines circuits in 7-billion-parameter models post-finetuning, but the evolution of circuits during
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pre-training remains unexplored. This raises questions about whether circuit analyses will generalize
if the model in question is further trained on a wide distribution of data.

We address this issue by exploring when and how circuits and their components emerge during
training, and their consistency across training and different model scales.1 We study circuits in
models from the Pythia suite [5] across 300 billion tokens, at scales from 70 million to 2.8 billion
parameters. We supplement this with additional data from models ranging up to 12 billion parameters.
Our results suggest remarkable consistency in circuits and their attributes across scale and training.
We summarize our contributions as follows:

Performance acquisition and functional component emergence are similar across scale: Task
ability acquisition rates tend to reach a maximum at similar token counts across different model sizes.
Functional components like name mover heads, copy suppression heads, and successor heads also
emerge consistently at similar points across scales, paralleling previous findings that induction heads
emerge at roughly 2B-5B tokens across models of all scales [54].

Circuit algorithms often remain stable despite component-level fluctuations: Analysis of the IOI
circuit across training and scale reveals that even when individual components change, the overall
algorithm remains consistent, indicating a certain level of algorithmic stability. In addition to stability
across time, we find that the algorithm also tends to be similar for dramatically different model scales,
suggesting that some currently-identified circuits may generalize.

Graph-level circuit attributes vary across training but correlate with model size: Once primary
functionalities emerge, the circuit subgraph constituents tend to stabilize (with circuits in larger
models showing higher stability), but we also observe exceptions: constituents can shift significantly
even late in training. Circuits in larger models require more components, with circuit sizes positively
correlating with model scale.

Taken as a whole, our results suggest that circuit analysis generalizes well over both training and
scale even in the face of component and circuit size changes, and that circuits studied at the end of
training in smaller models can indeed be informative for larger models as well as for models with
longer training runs. We hope to see this validated for other circuits, especially more complex ones
and those based on SAE latents, confirming our initial findings.

2 Methods

2.1 Circuits

A circuit [53, 22, 71] is the minimal computational subgraph of a model that is faithful to its behavior
on a given task. At a high level, this means that circuits describe the components of a model that the
model uses to perform the task; in this paper, the components that we study, and thus the nodes in
our circuit, are the model’s attention heads and multi-layer perceptrons (MLPs). A task, within the
circuits framework, is defined by inputs, expected outputs, and a (continuous) metric that measures
model performance on the task. For example, in the indirect object identification (IOI, [71]) task,
the LM receives inputs like “When John and Mary went to the store, John gave a drink to”, and is
expected to output Mary, rather than John. We can measure the extent to which the LM fulfills our
expectations by measuring the difference in logits assigned to Mary and John.

Circuits are useful objects of study because we can verify that they are faithful to LM behavior on the
given task. We say that a circuit is faithful if we can corrupt all nodes and edges outside the circuit
without changing model behavior on the task. Concretely, we test faithfulness by running the model
on normal input, while replacing the activations corresponding to edges outside our circuit, with
activations from a corrupted input, which elicits very different model behavior. In the above case,
our corrupted input could instead be “When John and Mary went to the store, Mary gave a drink to”,
eliciting John over Mary. If the circuit still predicts Mary, rather than John, it is faithful. As circuits
are often small, including less than 5% of model edges, this faithfulness test corrupts most of the
model, thus guaranteeing that circuits capture a small set of task-relevant model mechanisms. For
more details on the circuits framework, see prior work and surveys [20, 33, 24].

1Though we do not study fine-tuning or other post-training techniques, observing the types of changes that
can occur over the course of pre-training may shed light on the changes that can occur in circuits more generally.
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Circuits have a number of advantages over other interpretability frameworks. As computational
subgraphs of the model that flow from its inputs to its outputs, they provide complete explanations for
a model’s mechanisms. Moreover, their faithfulness, verified using a causal test, makes them more
reliable explanations. This stands in contrast to probing [3], which only offers layer-representation-
level explanations, and can be unfaithful, capturing features unused by the model [21]. Similarly,
input attributions [62, 64] only address which input tokens are used, and may be unreliable [1, 7].

2.2 Circuit Finding

In order to find faithful circuits at scale over many checkpoints, we use efficient, attribution-based
circuit finding methods. Such methods score the importance of all edges in a model’s graph in a fixed
number of forward and backward passes, independent of model size; though other patching-based
circuit-finding methods [20] are more accurate, they are too slow, requiring a number of forward
passes that grows with model size. From the many existing attribution methods [50, 23, 38], we select
edge attribution patching with integrated gradients (EAP-IG [33]) due to its faithful circuit-finding
ability. Much like its predecessor, edge attribution patching (EAP [50]), EAP-IG assigns each edge
an importance score using a gradient-based approximation of the change in loss that would occur if
that edge were corrupted; however, EAP-IG yields more faithful circuits with fewer edges.

After running EAP-IG to score each edge, we define our circuit by greedily searching for the edges
with the highest absolute score. We search for the minimal circuit that achieves at least 80% of the
whole model’s performance on the task. We do this using binary search over circuit sizes; the initial
search space ranges from 1 edge to 5% of the model’s edges. The high faithfulness threshold we
set gives us confidence that our circuits capture most model mechanisms used on the given task.
However, ensuring that a circuit is entirely complete, containing all relevant model nodes and edges,
is challenging, and no definitive method of verifying this has emerged. The most notable existing
method, from Wang et al. [71], requires comparing circuit and model performance under a wide
variety of ablations, and is seldom used due to its complexity and computational cost.

2.3 Models

We study Biderman et al.’s [5] Pythia model suite, a collection of open-source autoregressive language
models that includes intermediate training checkpoints. Though we could train our own language
models or use another model suite with intermediate checkpoints [61, 42, 30], Pythia is unique in
providing checkpoints for models at a variety of scales and training configurations.2 Each model in
the Pythia suite has 154 checkpoints: 11 of these correspond to the model after 0, 1, 2, 4, . . . , and
512 steps of training; the remaining 143 correspond to 1000, 2000, . . . , and 143,000 steps. We find
circuits at each of these checkpoints. As Pythia uses a uniform batch size of 2.1 million tokens, these
models are trained on far more tokens (300 billion) than those in existing studies of model internals
over time. We study models of varying sizes, from 70 million to 12 billion parameters.

2.4 Tasks

We analyze the mechanisms behind four different tasks taken from the (mechanistic) interpretability
literature. We choose these tasks because they are simple and feasible for even the smaller models
we study. Moreover, as existing work has already studied them in other models, we have clues as to
how our models likely perform these tasks; to verify that our models use similar circuits we briefly
analyze our models’ indirect object identification and greater-than circuits in Appendix A. The other
task are MLP-dominant and do not involve much attention head activity; for these circuits, we verify
that this is still the case in Pythia models.

Indirect Object Identification The indirect object identification (IOI, [71]) task feeds models
inputs such as “When John and Mary went to the store, John gave a drink to”; models should prefer
Mary over John. Corrupted inputs, like “When John and Mary went to the store, Mary gave a drink
to”, reverse model preferences. We measure model behavior via the difference in logits assigned
to the two names (Mary and John). We use a small dataset of 70 IOI examples created with Wang
et al.’s [71] generator, as larger datasets did not provide significantly better results in our experiments
and this size fit into GPU memory more easily.

2We exclude OLMo from our analysis due to missing checkpoints at the time of writing.
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Figure 1: Task behavior across models and time (higher indicates a better match with expected
behavior). Across tasks and scales, model abilities tend to develop at the same number of tokens.

Gendered-Pronoun The Gendered-Pronoun task [69, 44, 15] measures the gender of the pronouns
that models produce to refer to a previously mentioned entity. Prior work has shown “So Paul is such
a good cook, isn’t"”, models prefer the continuation “he” to “she”; we measure the degree to which
this occurs via the difference in the pronouns’ logits. In the corrupted case, we replace the “Jack”
with “Mary”; we include opposite-bias examples as well. We craft 70 examples as in [44].

Greater-Than The Greater-Than task [32] measures a model’s ability to complete inputs such as
s =“The war lasted from the year 1732 to the year 17” with a valid year (i.e. a year > 32). Task
performance is measured via probability difference (prob diff); in this example, the prob diff is∑99

y=33 p(y|s)−
∑32

y=00 p(y|s). In corrupted inputs, the last two digits of the start year are replaced
by “01”, pushing the model to output early (invalid) years that decrease the prob diff. We create 200
Greater-Than examples with Hanna et al.’s [32] generator.

Subject-Verb Agreement Subject-verb agreement (SVA), widely studied within the NLP inter-
pretability literature [41, 52, 39], tasks models with predicting verb forms that match a sentence’s
subject. Given input such as “The keys on the cabinet”, models must predict “are” over “is”; a
corrupted input, “The key on the cabinet” pushes models toward the opposite response. We measure
model performance using prob diff, taking the difference of probability assigned to verbs that agree
with the subject, and those that do not. We use 200 synthetic SVA example sentences from [52].

Note that two tasks (IOI and Gendered-Pronoun) use logit difference as their metric, while the
other two (Greater-Than and SVA) use probability difference. In general, we prefer to compute
differences of logits rather than probabilities, as the former may be better at detecting important
negative components when performing patching [75]. However, Greater-Than and SVA have multiple
clean and corrupted answers, while logit difference, being unnormalized, is only compatible with one
clean and corrupted answer. We thus compute a difference in probabilities instead, as in prior work.

3 Circuit Formation

3.1 Behavioral Evaluation

We begin our analysis of LLMs’ task mechanisms over time by analyzing LLM behavior on these
tasks; without understanding their task behaviors, we cannot understand their task mechanisms. We
test these by running each model (Section 2.3) on each task (Section 2.4). Our results (Figure 1)
display three trends across all tasks. First, all models but the weakest (Pythia-70m) tend to arrive at
the same task performance at the end of training. This is consistent with our choice of tasks: they
are simple, learnable even by small models, and scaling does not significantly improve performance.
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Second, once models begin learning a task, their overall performance is generally non-decreasing,
though there are minor fluctuations; Pythia-2.8b’s logit difference on Gendered Pronouns dips slightly
after it learns the task. In general, though, models tend not to undergo significant unlearning. The
only marked downward trend (Pythia-70m at the end of SVA) comes from a weak model.

Finally, for each task we examined, we observed that there was a model size beyond which additional
scale did not improve the rate of learning, and sometimes even decreased it; task acquisition appeared
to approach an asymptote. We found this surprising due to the existence of findings showing the
opposite trend for some tasks: [37, 57]. On some tasks (Gendered Pronouns and Greater-Than), all
models above a certain size (70M parameters for Gendered Pronouns and 160M for Greater-Than)
learn tasks at roughly the same rate. On IOI, models from 410M to 2.8B parameters learn the task the
fastest, but larger models (6.9B and 12B) have learning curves more like Pythia-160m. We obtain
similar results on more difficult tasks like SciQ [73]; for these results, see Appendix E.

What drives this last trend, limiting how fast even large models learn tasks? To understand this, we
must delve into the internal model components that support these behaviors and trends.

3.2 Component Emergence

Prior work [54, 14, 63] has shown how a model’s ability to perform a specific task can hinge on the
development of certain components, i.e. the emergence of attention heads or MLPs with specific,
task-beneficial behaviors. Prior work has also thoroughly characterized the components underlying
model abilities two of our tasks, IOI and Greater-Than, at the end of training. We thus ask: is it the
development of these components that causes the task learning trends we saw before? We focus on
four main components, all of which are attention heads,3 which we briefly describe here:

Induction Heads [54] activate on sequences of the form [A][B]...[A], attending to and upweight-
ing [B]. This allow models to recreate patterns in their input, and supports IOI and Greater-Than.

Successor Heads [29] identify sequential values in the input (e.g. “11” or “Thursday”) and upweight
their successor (e.g. “12” or “Friday”); this supports Greater-Than behavior.

Copy Suppression Heads [45] attend to previous words in the input, lowering the output probability
of repeated tokens that are highly predicted in the residual stream input to the head. In the original
IOI circuit, copy suppression heads hurt performance, downweighting the correct name. In contrast,
we find (Appendix D) that they contribute positively to the Pythia IOI circuit by downweighting the
incorrect name; this is possible because both names are already highly predicted in the input to these
heads, and they respond by downweighting the most repeated one.

Name-Mover Heads [71] perform the last step of the IOI task, by attending to and copying the
correct name. Unlike the other heads described so far, this behavior is specific to IOI-type tasks; their
behavior across the entire data distribution has not yet been characterized.

Because the importance of these components to IOI and Greater-Than has been established in other
models, but not in necessarily in those of the Pythia suite, we must first confirm their importance
in these models. To do so, we find circuits for each model at each checkpoint using EAP-IG, as
described in Section 2.2; note that circuits found at early checkpoints, where task performance is
poor, are generally not meaningful. We omit Pythia-6.9b and 12b from circuit finding for reasons of
computational cost. We then verify via path patching [28] that these component types appear within
Pythia models’ tasks circuits; see Appendices A and B for details on our methods and findings.

For each component, prior work has developed a metric to determine whether a model’s attention
head is acting like that component type; see Appendix D for details on these. Using these metrics,
we score each of the heads in our models’ circuits at each checkpoint, evaluating the degree to
which each in-circuit head exhibits the aforementioned component behaviors. We then sum the
score for each component across all in-circuit heads at each checkpoint, measuring how strongly
the component behavior exists overall in the circuit at that checkpoint. We then normalize this sum
across checkpoints, to understand how this behavior develops over time.

Our results (Figure 2) indicate that many of the hypothesized responsible components do emerge
the same time as model performance increases. Most models’ induction heads emerge soon after

3Though past work on e.g. Greater-Than studied task-relevant MLPs and neurons, what generalizable
behavior they have is poorly understood, unlike the attention heads we study.
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Figure 2: The development of components relevant to IOI and Greater-Than, across models and time.
Each line indicates the degree to which attention heads in the circuit at each timestep exhibit the
relevant component behavior. The timesteps at which component behavior emerges parallel those at
which task performance emerges in Figure 1.

they have seen 2× 109 tokens, replicating the findings in [54]; immediately after this, Greater-Than
behavior emerges. The successor heads, also involved in Greater-Than, emerge in a similar timeframe.
Curiously, the behavior of these heads eventually decreases, while task performance does not. We
note that this could happen if the number of heads exhibiting successor behavior decreases, while the
impact of said heads (on the model’s logits) increases.

For IOI, the name-mover heads emerge at similar timesteps (2 - 8× 109 tokens) across models, with
a very high strength, during or just before IOI behavior appears. Copy suppression heads emerge
at the same timescale, but at varying speeds, and with varying strengths. Given that these heads
are the main contributors to model performance in each task’s circuit, and they emerge as or just
before models’ task performance increases, we can be reasonably sure that they are responsible for
the emergence of performance. The apparent ceiling on the speed at which these heads emerge, even
for larger models, may be responsible for the same ceiling on how fast model performance emerges,
underlain by these heads.

Throughout this section’s analyses, we note an unusual trend: though model performance (Figure 1)
does not decrease over time, the functional behavior of certain attention heads does. In the following
section, we explore how this occurs.

4 Algorithmic Stability and Generalizability in Post-Formation Circuits

We demonstrated in Section 3 that across a variety of tasks, models with differing sizes learn to
perform the given task after the same amount of training; this appears to happen because each task
relies on a set of components which develop after a similar count of training tokens across models.
However, in Figure 2, we observed that attention heads that performed a given functional behavior
at a given point in training may later perform that behavior more weakly or not at all. This raises
questions: when the heads being used to solve a task change, does the algorithm implemented by the
model change too? And how do these algorithms generalize across model scale?

4.1 Model Behavior and Circuit Components Post-Formation

To understand how model components change over time, we analyze components and their algorithmic
roles across training. We now zoom in on the components in one model, Pythia-160m, and study
them over the course of training; where we earlier plotted only the top component (e.g. the top
successor head), of each model, we now plot the top 5 of Pythia-160m’s heads that exhibit a given
functional behavior (or fewer, if fewer than 5 exist). By evaluating components and algorithms over
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Figure 3: The development over time of components relevant to IOI and Greater-Than in Pythia-160m.
Each line indicates the degree to which an attention head, denoted as (layer, head), exhibits a given
function; higher values imply stronger functional behavior. Heads often lose their current function;
as this occurs, other heads take their place.

Pythia-160m’s 300B token training span, we extend beyond previous work, which studies models
trained on relatively few (≤ 50M) tokens [14, 63]; in such work, components and task behaviors
appear constant after component formation.

By contrast, our results (Figure 3) show that over the longer training period of Pythia models, the
identity of components in each circuit is not constant. For example, the name-mover head (4,6)
suddenly stops exhibiting this behavior at 3× 1010 tokens, having acquired it after 4× 109 tokens.
Similarly, Pythia-160m’s main successor head (5,9) loses its successor behavior towards the end of
training; however, (11,0) exhibits more successor behavior at precisely that time. Such balancing may
lead to the model’s task performance remaining stable, as we observed in the prior section (Figure 1).
It seems plausible that self-repair [46, 58] contributes to this behavioral stability, but we leave the
question of the exact “load-balancing” mechanism to future work. Nevertheless, models can clearly
compensate for losses of and changes in individual circuit components.

4.2 Circuit Algorithm Stability Over Training

This instability of functional components raises an important question—when attention heads begin or
cease to participate in a circuit, does the underlying algorithm change? To answer this, we examined
the IOI circuit, as it is the most thoroughly characterized [71] circuit algorithm of our set of tasks.
Our investigation follows a three-stage approach: first, we analyzed the IOI circuit at the end of
training, reverse-engineering its algorithm; next, we developed a set of metrics to quantify whether
the model was still performing that algorithm; finally, we applied these metrics across checkpoints, to
determine if the algorithm was stable over training.

At each checkpoint, we identified relevant heads through two criteria:

1. The head’s effect on model performance when ablated via path patching

2. The head’s score on component-specific functional tests (e.g., copy suppression score for
name-mover heads)

Heads were included in our analysis only if they both: scored above a 10% threshold on their
respective functional tests, and showed a negative effect on the logit difference when ablated. For
S2-inhibition heads, we additionally verified that ablating positional information while preserving
token information reduced both logit difference and name-mover head attention to the indirect object
while increasing attention to the subject.
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Figure 4: A: Pythia-160m’s IOI circuit at the end of training (300B tokens). The remaining plots show
the percent of model IOI performance that is explained by the Copy Suppression and Name-Mover
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edge is indeed important. Each of plots B-D verifies the importance of an edge from diagram A.

The first stage of our analysis is to analyze the IOI circuit at the end of training. Here, we present
only the results of our analysis, but see Appendix B for details of this process, which follows the
original analysis [71]. Figure 4A shows the circuit that results from our analysis; it involves three
logical “steps,” each of which involves a different set of attention head types. Working backwards
from the logit predictions, the direct contributors towards the logit difference are name-mover heads
and copy suppression heads. The former attend to the indirect object in the prompt and copy it to
the last position; the latter attend to and downweight tokens that appear earlier in the input. In the
next step, the name-mover heads (but not the copy-suppression heads) use on token and positional
information output by the S-inhibition heads to attend to the correct token. Finally, S-inhibition heads
rely on information from induction heads and duplicate-token heads.

Next, we quantify the extent to which the circuit depends on each of these three steps, via path
patching [28]. When using path patching, we intervene on a node H (e.g., S-inhibition heads), route
the change through an intermediate node or set of nodes R that depends on H (e.g., name-mover
heads), and finally measure how the change in R affects the model output. For each step, our metric is
the effect (on logit difference) of ablating the targeted components (through any intermediate nodes)
divided by the effect of ablating all components that could affect R. For example, when measuring
S-inhibition heads’ importance to name-mover heads, the denominator is the ablation effect of all
heads upstream of the name-mover heads. Higher ratios (0-100%) indicate greater relative importance
of the targeted components. More details on path patching can be found in Appendix B, while details
on the algorithm experiment itself can be found in Appendix A.

Finally, we compute each of these metrics for each model from 160M to 2.8B parameters in size.4
We run them on each checkpoint post-circuit emergence (that is, when all component types appear
in the circuit); for Pythia-160m, we test every checkpoint, and for the larger models we space out
checkpoints to save compute, using approximately 1/3rd of the available checkpoints). We find
(Figure 4B-D) that the behavior measured by these metrics is stable once the initial circuit has formed.
Notably, in no model or metric are there dramatic shifts in algorithm corresponding to functional
component shifts within the circuit. Moreover, all scores are relatively high, generally above 50%;
the core solvers of the algorithm, copy suppression and name-mover heads, have scores above 70%.
This suggests that analyses of circuits in fully pre-trained models may generalize well to other model
states, rather than being contingent on the particular checkpoint selected.

4We omit Pythia-70m, as it does not learn the task; due to computational constraints, we omit Pythia-6.9b/12b.
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Generalization across model scales also seems promising, as IOI circuit metrics from Pythia-160m
are also high in larger Pythia variants. However, there is variation: while the name-mover, copy-
suppression, and S-inhibition heads are at work in all models’ circuits, the Pythia-160m circuit does
not involve duplicate-token heads, while others do. So small differences exist amid big-picture
similarity. Moreover, we stress that these algorithmic similarities might not hold for more complex
tasks, for which a greater variety of algorithms could exist.

5 Graph-Level Circuit Analysis

We have now examined circuits over the training process from component and algorithmic perspec-
tives. But how do the circuit subgraphs themselves change over time and scale? In Section 2.2, we
explain how these subgraphs are collected; we applied this method to Pythia-70m through Pythia-2.8b
for the tasks listed in Section 2.4. The result is a set of nodes and edges for each model, checkpoint,
and task. Here, we briefly examine some trends we identified in the analysis of this data.

Figure 5: Exponentially-weighted moving average Jaccard similarity for circuit node sets over training
token count. In general, larger models tend to have both higher average EWMA-JS and fewer abrupt
fluctuations, indicating higher stability in the circuit constituents.

We first examine the consistency of the nodes in circuits over training. To measure this, we compute
the Jaccard similarity (intersection over union) xt between the circuits at each given checkpoint and
those at all previous checkpoints. In order to smooth out local fluctuations and observe longer-term
trends, we apply an exponential weighting with a decay factor α = 0.5, such that the value at a
given checkpoint is the exponentially-weighted Jaccard similarity with the complete set of previous
checkpoints. We calculate the weighted Jaccard similarity x̂t at checkpoint t: x̂t = 0.5 ˆxt−1 + 0.5xt,
Our results (Figure 5) suggest that larger models tend to form more stable circuits (with both higher
average values and fewer sharp fluctuations); EWMA-Jaccard is more volatile for Pythia-70m/160m.
In the Gendered-Pronoun circuit, we observe that significant changes can occur even late in training.
We also computed how similar the circuit is during training with respect to the final circuit in Figure
7. we see more fluctuations, indicating that components swap during training at every checkpoint.
Meanwhile, the upward trend indicates that circuits grow more and more similar to the final circuit
during training.

We also compare the sizes (node counts) of the circuits over training. Across all four of our tasks, we
find that the circuit size is positively correlated with the size of the models. We averaged node count
across all the checkpoints for all the models on four tasks and calculated the pairwise correlation
between the sizes of the models and the average node sizes. The Pearson correlation is r =0.72
for IOI and SVA, 0.9 for Greater-Than, 0.6 for Gender Pronoun. We also find a high degree of
variability—circuit sizes can remain stable or fluctuate significantly, with no clear pattern based on
the model or the task. We leave further exploration of why this is the case to future work, but present
our size metrics in Appendix C, Figure 6.
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6 Discussion

Implications for Interpretability Research While our findings are based on a limited set of
circuits, they hold significant implications for mechanistic interpretability research. Our study was
motivated by the fact that most such research does not study models that vary over time, like currently
deployed models. However, the stability of circuit algorithms over the course of training suggests
that analyses performed on models at a given point during training may provide valuable insights into
earlier and later phases of training as well. Moreover, the consistency in the emergence of critical
components and the algorithmic structure of these circuits across different model scales suggests
that studying smaller models can sometimes provide insights applicable to larger models. This dual
stability across training and scale could reduce the computational burden of interpretability research
and allow for more efficient study of model mechanisms. However, further research is needed to
confirm these trends across a broader range of tasks and model architectures.

Quantization Model of Neural Scaling Our findings suggest evidence for the quantization model
of neural scaling [49], which suggests that models learn tasks in order of decreasing use frequency.
This model may explain why we observed models learning tasks (and sub-tasks, represented by
circuit functional components) at similar times despite model size. As all Pythia models are trained
on the same dataset, the same distribution of data (and thus task frequency) would be presented to
each model, leading to acquisition of those common tasks.

Limitations and Future Work Our analysis was limited to a narrow range of tasks feasible for
small models. This limits in turn the scope of the claims that we can make. We believe it to be
very possible that more complex tasks, not solvable by small models, which permit a larger range of
algorithmic solutions, may show different trends from those that we discuss here. Such work would
be valuable, though computationally expensive due to the model sizes required. Our analysis also
studied models only from one model family, Pythia. It is thus not possible to tell if our results are
limited to the specific model family we have chosen, which shares both architecture and training
setup across model scale. Such work is in part hampered by the lack of large-scale model suites
such as Pythia; future work could provide these suites to enable this sort of analysis. Finally, future
work would do well to explore more complex phenomena, such as the self-repair and load-balancing
mechanisms of LLMs, which ensure consistent task performance despite component fluctuations.

7 Related Work

Interpretability Over Time LLMs’ development over the course of pre-training has been studied
with various non-mechanistic interpretability techniques, particularly behavioral interpretability,
which characterizes model behavior without making claims about its implementation. Such lon-
gitudinal analyses have studied LLM learning curves and shown that models of different sizes
acquire capabilities in the same sequence [74, 13], examined how LLMs learn linguistic information
[72, 16, 12] and even predicted LLM behavior later in training [35, 4]. Nevertheless, behavioral
studies alone cannot inform us about model internals. Prior work has studied the development of mech-
anisms in smaller models [51, 54], and suggests that model mechanisms can change abruptly, even as
models’ outward behavior stays the same. Other previous studies have examined the pre-training
window where acquisition of extrinsic grammatical capabilities occurs [14].

Mechanistic Interpretability We build on previous work in mechanistic interpretability, which
aims to reverse engineer neural networks. Circuits are a significant paradigm of model analysis that
has emerged from this field, originating with vision models [53] and continuing to transformer LMs
[47, 71, 32, 68, 48, 40, 67]. Increasingly, research has tried to characterize the individual components
at work within circuits, not only at the level of attention heads [54, 14, 63, 29, 45], but also neurons
[69, 25, 59, 31, 70] and other sorts of features [9, 36, 43]. Recent work has also tried to accelerate
mechanistic research via automated techniques [20, 6, 65, 33]. Though mechanistic interpretability is
a diverse field, it is often tied together by a reliance on causal methods [69, 10, 26, 27, 47, 71, 11, 19],
which provide more faithful mechanistic explanations.
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A Analysis of Task Circuits

A.1 IOI Circuit & Algorithmic Criteria

To determine algorithmic consistency for the IOI circuit, we apply path patching as described in
Appendix B in addition to using the component scores described in Appendix D. These are used to
set thresholds for classifying attention heads. Though component score thresholds can be arbitrary,
applying them consistently across all model checkpoints allows us to see the degree of similarity
involved with model behavior.

Concretely, we use the following metrics and thresholds:

Direct-effect heads We initially perform path-patching on all model attention heads, measuring
their impact on the logit different after the final layer of the model. We then classify attention heads
as name-mover heads (NMHs), negative name-mover heads, and copy suppression heads (CSHs)
based on copy score (for NMHs) or CPSA (for CSHs) of > 10%, which yielded a small set of heads
responsible for most of the direct effect. We measure the ratio of the absolute direct effect on logit
difference for these heads vs. the total direct effect of all heads (including several unclassified heads)
to obtain our first value.

Next, we conduct path-patching with NMHs as the receivers. This yields a set of heads that we then
test for S2-inhibition (S2I) behavior, using Wang et al.’s [71] test for the effect of token signal vs.
positional signal: does the ablation of these positional signal heads A). reduce the logit difference
through the NMHs, B). reduce NMH attention (which determines what they copy) to the indirect
object token, and C). increase attention to the subject tokens? If a head meets all of these conditions,
we classify it as an S2I head, as it emits a signal used by the NMHs to decide what to copy. The total
absolute effect of these heads on the NMHs is then divided by the total absolute effect of all heads on
the NMHs, producing our second measurement.

Finally, we conduct path-patching with S2I heads as receivers. Here, we apply a simpler test since
these heads can be quite diffuse throughout the model: Do the heads involved have above-average
induction or duplicate-token scores? If so, we classify them as induction heads or duplicate token
heads (confirming via manual examination of attention patterns and behavior), and divide the total
absolute effect of these heads by the total absolute effect of all heads on the S2I heads, producing our
third measurement.

These three metrics capture the extent to which known and classifiable model components contribute
at each of the three primary levels of the IOI circuit. If the degree to which unknown or unclassified
components contribute to any part of the circuit, we will see the corresponding score drop. As we see
that in practice they tend to stay level, we conclude that there is a high degree of stability for this
circuit.

B Other Circuit-Analysis Methods

Circuit analysis can be conducted via a number of different methods; the method used to find the
original IOI circuit (and that we use to verify algorithmic consistency in this task) is Wang et al.’s [71]
path-patching. Path patching is a specialized form of activation patching, used to isolate and analyze
the influence of individual model components on a given task. Starting with two datasets (identical
except for the key detail we want to base our circuit on, such as the correct and incorrect names in the
IOI task), xorig and xaltered, where xaltered is a counterfactual version of xorig, the technique involves a
sender attention head h and a set of receiver nodes R ⊆ M within the model’s computational graph
M . Initially, activations are recorded from both datasets. Subsequently, all attention heads except
h are locked to their activations from xorig, while h is updated with its activation from xaltered. This
configuration allows for a forward pass on xorig, capturing intermediate activations for nodes r ∈ R.
A final forward pass on xorig then patches R to these stored values, facilitating the assessment of h’s
impact on the model’s output.

Path patching aims to gauge the significance of the path h → r by comparing the model’s logit
differences across multiple pairs (xorig, xnew). By averaging these differences over many pairs, the
method effectively measures the impact of specific paths on model performance, providing insights
into the contributions of individual components to the overall task. The process is iterative, such that
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Figure 6: Number of Nodes in the circuits

Figure 7: Node Jaccard Similarity of intermediate circuits with the circuit at the final checkpoint.
Compared with the exponential weighted moving average (Figure 5, main text), we see more
fluctuations, indicating that components swap during training at every checkpoint. Meanwhile, the
upward trend indicates that circuits grow more and more similar to the final circuit during training.

a practitioner would start by observing which nodes impact the logits directly, and then proceeding
backwards to see what nodes affect those first direct-effect nodes, and so on.

C Additional Size, Similarity & Change Rate Results

We graph out the number of nodes needed to generate faithful circuits across different checkpoints on
all of the four tasks. Here we can observe that the number of nodes is positively correlated to the
sizes of the models. When the model size increases the model needs more heads of the same kind to
complete the same tasks. In the case of IOI, we can see the pink line for pythia-70m is at the bottom
with the least number of nodes and the green line of 2.8b is at the top with the most number of nodes.
This signifies a diffusion of the roles in attention heads. Increases in model size do not necessarily
help heads become more specialized in their roles; rather, in these circuits more heads will take on
the same roles.
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Figure 8: Edge Weighted Jaccard Similarity of the intermediate circuits with the circuit at the final
checkpoint. The similarity slowly climbs and remains high at the end. Compared with the exact
nodes, the weighted Jaccard Similarity of edges yields a smoother graph. It aligns with the conclusion
that the model slowly drifts towards the final circuit along with components swapping during training

D Component Metrics

In this paper, we follow the metrics from previous literature in Wang et al. [71] for name-mover heads,
McDougall et al. [45] for copy suppression heads, [54] for induction heads, and [29] for successor
heads.

Copy Score Following Wang et al. [71], we check if the Name Mover Heads copy over the names
across training time by using the same metrics- copy score. To validate the Name Mover Heads, we
studied what values are written via the head’s OV matrix. We take the state of the residual stream
after the first layer of MLP on the specific name tokens. Then we multiply it with the OV matrix
of the given heads, multiplied with the unembedding matrix and also the final layer norm. This
simulates what will happen if the head attended perfectly to that token. We define copy score as the
proportion of samples that contain the input name token in the top 5 logits.

CSPA Score McDougall et al. [45] introduced a novel approach named copy suppression-preserving
ablation (CSPA), designed to ablate all behaviors of a specified attention head except for those related
to copy suppression. This method involves two distinct types of ablation: OV ablation and QK
ablation. In the OV ablation process, the output of an attention head at a destination token D is
represented as a weighted sum of result vectors from source tokens S, with the weights corresponding
to the attention probabilities from D to S [22]. These vectors are then projected onto the unembedding
vectors of their respective source tokens S, retaining only their negative components. Meanwhile,
QK ablation involves mean-ablating the result vectors from each source token S, except for the top
5% of source tokens that are most likely to be predicted at the destination token D based on the logit
lens. For instance, in the phrase “All’s fair in love and war,” if the destination token D is “and” and
the token “love” is a highly predicted follower of D and appears as a source token S, the result vector
from S is projected onto the unembedding vector for “love,” and everything else is mean-ablated.
This demonstrates how the attention head in question suppresses the prediction of “love.” To evaluate
the impact of the ablation, the token distribution output by the model for a given prompt (π) is
compared with the distribution following an ablation (πAbl) using KL divergence DKL(π||πAbl).
By averaging these values over the OpenWebText dataset, DCSPA for CSPA and DMA for a mean
ablation baseline are obtained. The proportion of the effect explained is then calculated as 1− DCSPA

DMA
,

with KL divergence chosen because a value of 0 indicates that the ablated and clean distributions are
identical, implying that 100% of the head’s effect is explained by the preserved components.
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Previous Token Score The Previous Token Score measures how effectively each attention head
attends to the immediately preceding token. To compute this, we use a diagonal extraction on the
attention pattern matrices, offset by one position. This captures the attention weights directed to the
token that precedes each token in the sequence. The scores are averaged over all batches and tokens,
providing a mean score for each attention head across all layers.

Duplicate Token Score The Duplicate Token Score evaluates the propensity of each attention head
to focus on duplicate tokens within a sequence. We achieve this by creating input sequences where
the original tokens are repeated consecutively. The attention pattern matrices are then examined for
their focus on tokens that are exactly a sequence length apart, indicating duplicate attention. The
scores are calculated by averaging the attention weights along the specified diagonal, representing the
attention paid to duplicate tokens.

Induction Head Score Based on the prefix matching score described by Olsson et al. [54], the
Induction Head Score is designed to assess the ability of attention heads to engage in induction, where
they predict the next token in a repeated sequence based on previously encountered patterns. To
measure this, we generate sequences where a segment is repeated and compute the attention pattern
matrices. We extract the diagonals offset by one less than the sequence length, capturing the attention
from the end of the first segment to the start of the repeated segment. The mean attention scores along
this diagonal provide the Induction Head Scores, averaged over all batches and tokens.

Succession Score The succession score [29] measures the degree to which an attention head
performs succession, upweighting “2” in response to “1”, or “May” given the input “April”. As Gould
et al.’s [29] code is not publicly available, we re-implement their successor score as follows. We create
a dataset of successor, consisting of numbers (in digit and written form), days of the week, and months.
Then, we perform the following procedure from [29]. Letting WE and WU denote the embedding and
unembedding matrices of the model under study, MLP0 denote the first (zero-indexed) MLP layer,
and WOV be the OV matrix of the head under study. Then M = WUWOV MLP0(WE) is a square
matrix whose size is that of the model vocabulary; each row thereof indicates, for the corresponding
word x in the vocabulary, the degree to which an output word y is upweighted by the head under study,
when x is in the input. For each (x, y) pair in our dataset (e.g. (3,4) or (Tuesday, Wednesday)) we
verify that M [x][y] > M [x][y′] for all y′ ̸= y in our dataset; that is, we ensure that the correct answer
is more highly upweighted than any of the other possible answers in our dataset. The succession
score is the proportion of examples in which that is the case.

E Additional Evidence for Task-Dependent Learning Ceilings

In addition to evaluations we performed ourselves, we also re-examined data collected during the
Pythia training runs [5] on the SciQ [73], PIQA [8], WinoGrande [60], and ARC Easy [18] datasets.
Each of these consist of a wide range of questions with multiple-choice answers, and accuracy was
evaluated on the basis of the top choice logit produced by the model. We find that performance
acquisition rates on these tasks followed the same pattern we detected with our simpler task datasets–
that is, task learning rate seemed to approach an asymptote as the models increased in size. We
describe the datasets below and present the results in Figure 9.

SciQ The Science Questions (SciQ) dataset [73] consists of 13,679 crowdsourced multiple choice
science exam questions ranging across physics, chemistry, biology, earth science, astronomy, and
computer science. The questions cover a variety of complex reasoning skills such as causal reasoning,
multi-hop inference, and understanding paragraph descriptions.

PIQA The Physical Interaction Question Answering (PIQA) dataset [8] contains a total of 21k
(across different subsets) multiple choice questions probing reasoning about basic physical com-
monsense knowledge. The questions test intuitive understanding of concepts like mass, volume,
rigid objects, containment, stability, orientation, and more through grounded scenarios. Answering
correctly requires applying physical reasoning.

ARC Easy The AI2 Reasoning Challenge (ARC) dataset [18] is a collection of 7,787 multiple
choice science exam questions compiled from various grade-level sources, including a research
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partner of AI2. The questions cover diverse science topics and are structured as text-only prompts
with 4 answer options. The ARC Easy subset consists of 5,197 of the relatively easier reasoning
questions.

Winogrande The WinoGrande dataset [60] was inspired by the original Winograd Schema Chal-
lenge (WSC) and consists of 44k problems generated through crowdsourcing and systematic bias
reduction algorithms. Most of these are relatively easy for humans, but often difficult for LLMs.
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Figure 9: Accuracy over training for four different datasets. Step numbers each represent approxi-
mately 2M tokens, so Step 1000 would be 2B tokens. We see that the rate of capability acquisition
tends to approach an asymptote as models become larger.

F Compute

Experiments were conducted over two months a pod of 8 A40 GPUs, each with 50 GB of GPU RAM.
As an upper bound, our experiments would require all of these GPUs to operate for a month to run all
of our experiments, but in practice we did not require all GPUs running simultaneously. We estimate
that 0.25 utilization of this pod would be required in practice to run these experiments.

G Licenses of Artifacts Used

The Pythia model suite is made available with an Apache 2.0 license. Wang et al.’s [71] IOI dataset
and Newman et al.’s [52] SVA dataset are released under an MIT license. The remaining datasets
(Greater-Than and Gendered-Pronouns) are released without any license specified.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: Our primary claims are included in the abstract and Section 1, and these claims
correctly reflect the results we discuss in Section 3, Section 4, and Section 5.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Discussion of limitations is provided in Section 6.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA]
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Justification: We confine our work to empirical experiments, and do not include theoretical
results.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We fully describe the models, datasets, and methods we used to obtain our
results. This information is located in Section 2, Appendix A, Appendix B, and Appendix D.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We have included the full code used to run the experiments, along with a
readme file, zipped into a file as supplemental material.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental Setting/Details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We did not conduct model training, but our experiments are described to the
necessary level of detail in our Section 2 and Appendices.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment Statistical Significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [No]

Justification: Our study focuses on the qualitative analysis of circuit emergence and stability,
where traditional statistical error bars are not applicable. The trends and patterns observed
are consistent and reproducible, minimizing the need for statistical significance measures.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments Compute Resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: We provide this information in Appendix F.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code Of Ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: We did not perform experiments on human subjects or collect any datasets,
and the datasets we did generate are described in the appropriate Methods and Appendices
(along with appropriate credit to any creators of datasets or code we used). We have also
read through the code of ethics and considered potential harms, societal impact, and impact
mitigation.
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [NA]
Justification: We consider our work to be part of foundational research in interpretability,
and not tied to any particular application.
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Guidelines:
• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: We do not train any models or create any datasets for release.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: We include credit and references to all creators/owners of assets throughout
the text and document the licenses in Appendix G.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
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• For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

• If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New Assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]

Justification: We do not release new assets.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and Research with Human Subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: We do not perform any experiments with crowdsouring or human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: We do not perform any experiments with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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