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Abstract

Model diffing studies the internal changes of a
model from training to reveal learning mech-
anisms. To enhance interpretability, existing
studies often strive for structural sparsity by
removing redundant model components. How-
ever, we emphasize that for most fine-tuning
methods, the fundamental source of internal
change, i.e., the parameter updates, is non-
sparse. The dense update mechanism con-
tradicts the structural sparsity sought by re-
searchers. Thus, we seek to bring sparsity
to fine-tuning via an interpretability-driven
method called circuit-tuning. It employs a
heuristic prune-then-tune paradigm, forcing the
model to optimize within a restricted subset of
parameters. To test our method, we designed
a novel task called Subject-Verb Disagreement
(SVD) and conducted comprehensive explo-
rations on it. Experimental results demonstrate
that, compared to other fine-tuning methods,
circuit-tuning achieves better sparsity in param-
eter updates, thus making it possible for faith-
ful model diffing. Based on this, we performed
stage-wise model diffing, revealing the evolu-
tion of model capabilities during fine-tuning
from a new view. Furthermore, experiments
on gender debiasing and larger models verify
the practical utility of our approach. Our work
provides a new methodology for model diffing-
based interpretability and its applications.1.

1 Introduction

Building upon the general capabilities of pretrained
large language models (LLMs), supervised fine-
tuning (SFT) has become a universal technique for
enhancing performance on specific downstream
tasks. Standard fine-tuning methods, such as
full fine-tuning and parameter-efficient fine-tuning
(PEFT) represented by LoRA (Hu et al., 2022), fo-
cus on performance gains while overlooking the

*Corresponding author.
1Code is available at https://github.com/

Siriuslala/circuit-tuning

underlying mechanisms. These methods treat the
model as an uninterpretable "black box". However,
alongside these performance gains, researchers
seek to understand the internal changes that occur
within the model during the fine-tuning process.

A line of research on fine-tuning mechanisms
focuses on mechanistic interpretability (Olah et al.,
2020; Elhage et al., 2021; Sharkey et al., 2025),
which aims to reverse-engineer a model to ex-
plain its behaviors. Within this field, model diff-
ing adopts a dynamic view to investigate changes
in model internals during training. Some studies
explore changes in task-related conceptual repre-
sentations by examining feature distributions or
task vectors (Bricken et al., 2024; Jack et al., 2024;
Lee et al., 2024). Others utilize causal intervention
techniques to identify and compare task-related cir-
cuits before and after fine-tuning (Prakash et al.,
2024; Jain et al., 2023; Wang et al., 2025b). These
model diffing studies assume that fine-tuning in-
volves more targeted changes than pretraining and
thus is more tractable to understand than trying to
reverse-engineer the full model.

While these studies explain fine-tuning well,
they overlook a critical issue: they focus on the
sparsity in activations in order to locate the key
components in a model, while the source of the
activations, i.e., the model parameters, undergoes
non-sparse changes during fine-tuning, as shown
in Figure 3. Specifically, full fine-tuning updates
all parameters within a model. Even PEFT meth-
ods like LoRA, which optimize within a parameter
subspace, ultimately affect all parameters when
the adapter is merged with the base model. This
dense parameter update mechanism hinders model
diffing, particularly for methods based on causal
intervention. Such methods simplify the internal
computations into a subgraph of the model’s com-
putational graph. Since parameter updates are dis-
tributed across the entire neural network, parame-
ters of the nodes outside the subgraph also change.
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Figure 1: The overall pipeline of our method (see Algo-
rithm 1). Circuit-tuning iteratively finds the circuit for a
specific task and updates the relevant parameters.

Consequently, previous methods only consider pa-
rameters within the subgraph while ignoring up-
dates outside of it, leading to potentially unreliable
conclusions. Thus, we argue that the difference
between the base model and the fine-tuned model
lies in parameter changes, which are independent
of model input. When researchers zoom in on
task-related subgraphs to pursue sparsity for better
interpretability, the essence of model change, i.e.,
the parameter updates, must not be ignored.

We thus ask: can we design a new fine-tuning
method that actively introduces sparsity in pa-
rameter updates, making model diffing analysis
more faithful to the changes in model parame-
ters? To this end, we incorporate the sparsity of
circuits relative to the computational graph into
the parameter space, and propose circuit-tuning,
an interpretability-driven fine-tuning method that
could achieve sparsity at the parameter-update level.
Our idea is intuitive: combining circuit discovery
with fine-tuning into a heuristic, iterative prune-
and-tune paradigm. Specifically, after each graph
pruning step, we fine-tune only the parameters
within the circuit. After K updates, we restore
the circuit to the initial computational graph and
repeat the process, as shown in Figure 1. The goal
of this dynamic fine-tuning paradigm is to allow
the model to learn to select critical parameters for
optimization under restricted update constraints,
thereby achieving parameter-update sparsity.

To demonstrate the effectiveness of our method,
we designed a new task called Subject-Verb Dis-
agreement (SVD). This task requires the model to
reverse standard English subject-verb agreement
rules (e.g., from "I eat" to "I eats"). Unlike previ-
ous fine-tuning tasks that merely enhance a specific
capability, SVD requires the base model to selec-
tively retain, adjust, or even reverse its abilities.
This provides more intriguing and richer content
for model diffing research. We conducted a series

of explorations of circuit-tuning and model diff-
ing on GPT-2, validating our method and offering
new findings into fine-tuning mechanisms via stage-
wise circuit analysis. Further, to test the practicality
of our method, we apply it to the gender debiasing
task and larger-scale models. Comparisons with
full fine-tuning and LoRA reveal its superiority in
both faithful model diffing and task performance.

In summary, we emphasize the necessity of seri-
ously considering and being faithful to model pa-
rameter changes in model diffing research. We pro-
pose circuit-tuning as a preliminary attempt to intro-
duce parameter-update sparsity during fine-tuning.
We have validated its effectiveness and provided
new discoveries regarding fine-tuning learning dy-
namics, offering a new perspective for the study of
fine-tuning mechanisms in the interpretability field.

2 Related Work

2.1 Model diffing

Model diffing aims to compare the representations
between models or investigate changes within a
single model before and after training (Shah et al.,
2023). In this work, we focus on the internal
changes of LLMs during fine-tuning, a process typ-
ically studied via mechanistic interpretability tech-
niques. Some studies utilize sparse autoencoders
(Bricken et al., 2024; Wang et al., 2025a; Naghash-
yar et al., 2025) and their variants, such as cross-
coders (Jack et al., 2024; Minder et al., 2025), to
observe feature distributions. These works identify
shared, acquired, or forgotten features through com-
parisons between base and fine-tuned models or via
stage-wise model diffing. Some approaches employ
causal intervention to simplify model computations
into circuits and study their evolution throughout
the fine-tuning process (Prakash et al., 2024; Jain
et al., 2023; Wang et al., 2025b). Other research
investigates the directional shift of task vectors dur-
ing fine-tuning (Lee et al., 2024; Khayatan et al.,
2025; Du et al., 2025; Ward et al., 2025). Distinct
from the aforementioned research, our work is not
limited to post-hoc explanations of fine-tuning. In-
stead, we aim to actively introduce sparsity during
training to make model diffing analysis more faith-
ful to model parameter updates.

2.2 Interpretability-driven training

Recent studies have sought to apply interpretabil-
ity findings to model training to pursue a priori
interpretability. Elhage et al. (2022) proposed re-
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placing Transformer activation functions with Soft-
max Linear Units to reduce neuron polysemantic-
ity. Kamath et al. (2025) trained transcoders to
replace model MLPs, thereby constructing attribu-
tion graphs capable of tracing internal mechanisms.
Golechha et al. (2025) introduced a clusterability
loss into the language model objective function to
make the model more modular. Concurrent with
our work, a study from OpenAI (Gao et al., 2025)
also emphasized that circuits selectively abstract
model computations into human-understandable
structures but do not reflect the actual internal
mechanisms. They trained a GPT-2 style toy model
with an AbsTopK activation function on 20 sim-
ple coding tasks to achieve intrinsic sparsity across
different tasks. We view this work as another suc-
cessful implementation of our motivation, yet our
approach differs: while their method introduces
activation sparsity during pre-training, our method
introduces parameter-update sparsity during fine-
tuning based on the model’s existing capabilities.

3 Method

We propose circuit-tuning, which incorporates the
activation-level sparsity of circuits into parameter
updates during fine-tuning. This approach enables
surgical fine-tuning through dynamic circuit discov-
ery, making model diffing research more faithful to
the changes in model parameters themselves.

3.1 Preliminaries

Causal intervention In this study, we focus on
mechanistic interpretability for Transformers, with
relevant notations detailed in Appendix A. For a
computational graph G, researchers aim to isolate
a minimal subgraph (circuit) responsible for a tar-
get task from either the activation space (Vig et al.,
2020; Meng et al., 2022; Nanda, 2023) or the pa-
rameter space (Braun et al., 2025; Bushnaq et al.,
2025) to reduce analytical complexity. A com-
mon approach involves using causal intervention
to identify a circuit C = {VT , ET } ⊆ G associated
with task T . Here, each node n ∈ VT represents
a model component (e.g., an attention head or an
MLP layer), and each edge e ∈ ET specifies the
information flow between node outputs and inputs.
Such graph pruning requires perturbing activations
associated with specific nodes or edges and mea-
suring their importance based on the magnitude of
change in the output quantified by a metric Lm. By
removing low-importance nodes and edges, we can

obtain a sparse, task-related circuit that serves as
an abstraction of the model’s internal computations.
Relevant methods are detailed in Appendix C.2.2.

Faithfulness of model diffing To clarify the con-
cept of faithful model diffing, we provide the fol-
lowing definition: Let P be the set of all param-
eters of a model. Given a training interval, we
define the Update Set U ⊆ P as the set of pa-
rameters that have undergone non-trivial changes:
U = {p ∈ P | ∆p ̸= 0}. Let S ⊆ P be the
Analysis Set, representing the subset of parameters
selected for investigation. A model diffing method
is said to satisfy strict faithfulness if and only if the
Analysis Set encompasses the Update Set: S ⊇ U .
In practice, we aim for S to encompass U as exten-
sively as possible to enhance faithfulness.

3.2 Circuit-tuning
Model parameters change completely before and
after fine-tuning (i.e., U = P), with many param-
eters showing similar magnitudes of change, as
illustrated in Figure 3. This dense parameter shift
requires that a faithful model diffing method main-
tains a focus on every parameter change in the fine-
tuned model relative to the base model, rather than
merely focusing on changes within local circuits.

Yet, to the best of our knowledge, no existing
model diffing method achieves this, as it requires
an extensive Analysis Set, and the loss of sparsity
greatly complicates interpretability analysis. There-
fore, rather than expanding the Analysis Set S , we
seek to reduce the size of Update Set U . Moving
beyond post-hoc analysis, we actively introduce
sparsity at the parameter-update level during fine-
tuning, ensuring that parameter changes before and
after the process are concentrated within the circuit.

Sparse fine-tuning Inspired by the idea of model
pruning and continual learning (Cheng et al., 2023;
Wang et al., 2023), we dynamically introduce
causal intervention into fine-tuning so as to encour-
age the sparsity in parameter updates. As shown in
Figure 1, given a base model Mbase with its com-
putational graph G and a target task T , our method
consists of a two-step iterative cycle: (1) graph
pruning, where we design a quantifiable metric Lm
for the specific model diffing target (e.g., a model
behavior) and isolate a circuit CT accordingly; (2)
circuit fine-tuning, where parameters outside the
circuit are frozen, and only those corresponding to
model components within the circuit are updated.
After K parameter updates, we reset the circuit to
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the initial full computational graph G and repeat
the process, as detailed in Algorithm 1.

Can circuit-tuning replace full fine-tuning in
model diffing? To make circuit-tuning suitable
for model diffing analysis in practice, we require
it to: (1) identify and update task-specific parame-
ters, and (2) maintain mechanistic and performance
alignment with full fine-tuning. Regarding (1),
circuit-tuning is based on the theory of Aghajanyan
et al. (2021) that pre-training implicitly minimizes
the average description length, allowing fine-tuning
with minor modifications on a relatively fixed set
of parameters. This enables circuit-tuning to con-
struct the target circuit for a target task from an
existing base circuit in a base model. Regarding
(2), circuit-tuning maintains mechanistic alignment
with full fine-tuning without introducing additional
mechanisms that deviate significantly from full fine-
tuning. It simply restricts updates to the causal path,
which could potentially suppress task-irrelevant up-
dates and stabilize training with even less computa-
tion, as validated in Section 4.2, 4.3 and 4.6.

4 Experiments

In this section, we introduce a novel task for study-
ing model diffing called Subject-Verb Disagree-
ment (SVD). We conduct comprehensive analyses
of circuit-tuning and model diffing on this task, pro-
viding new perspectives on the fine-tuning mech-
anisms. Furthermore, we perform experiments on
larger models and the gender debiasing task, further
demonstrating the practical value of our method.

4.1 The Subject-Verb Disagreement Task

Task definition The SVD task originates from
the Subject-Verb Agreement (SVA) task used in
syntactic evaluation research on language models,
which is also widely adopted in interpretability
studies (Lakretz et al., 2019; Finlayson et al., 2021;
Marks et al., 2024). Unlike the SVA task, our goal
is to fine-tune the model to pair a subject with a
verb that does not match its grammatical number
based on existing English grammar. Examples such
as "We does" and "The cow eat" illustrate this. We
created this task for two reasons: (1) it involves
a relatively singular model capability, making it
sufficiently simple and clear for model diffing anal-
ysis; (2) unlike typical fine-tuning tasks that target
the enhancement of a specific ability, the SVD task
requires the model to selectively maintain, adjust,

or even reverse task-related capabilities, providing
a novel scenario for model diffing research.

Formally, in each sentence, we focus on the sub-
ject, the verb, and the END token that is the token
before the verb. A mismatched verb, such as the
third-person singular "does" for the first-person
"we," is termed a flipped verb. Based on the prox-
imity of the subject and verb, we categorize the
sentence structures into two types: Type I, where
the subject and verb are adjacent (e.g., "They are"),
and Type II, where the subject and verb are sepa-
rated by other constituents (e.g., "The kid that is
holding an ice cream in hand is .."). This requires
the model to possess at least two abilities: subject
identification and subject-verb matching, which are
the core focus of our model diffing analysis.

The automatic evaluation metric for this task is
the logit difference between the flipped verb vflip
and the original verb vorig at the END token:

LD(vflip, vorig) = Logit(vflip)− Logit(vorig) (1)

where Logit(·) ∈ R denotes the logit of a pos-
sible next token at the END token. A larger
LD(vflip, vorig) indicates a higher probability of the
model outputting vflip over vorig.

Dataset construction Unlike previous studies
that used synthetic data from sentence templates,
we collected real-world data from the Pile dataset
(Gao et al., 2020) to ensure diversity and authentic-
ity, enabling the model to truly acquire new gram-
mar through fine-tuning. We extract 30k sentences
in the present tense in English and flip the forms
of the verbs according to a set of rules detailed
in Appendix C.1. The data is split into training
(24k), validation (3k), and test (3k) sets. We have
ensured the high quality of our dataset and believe
it is valuable for further research.

4.2 Implementation details
We use GPT-2-small (Radford et al., 2019) in this
task to simplify the analysis. We set the output of
the attention and MLP in each layer as upstream
nodes, and the input of the query, key, value, and
MLP in each layer as downstream nodes. We use
the logit difference described in Section 4.1 as the
metric Lm to quantify output changes during graph
pruning. Node and edge scores are averaged over a
batch of samples such that the circuit can capture
the commonalities across samples.

Choice of graph pruning method We consid-
ered various methods to identify the circuit: (1)
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Figure 2: The changes in indicators (calculated on the validation set) with various choices of N (number of edges)
during training. In 2c, the turning point at N = 1000 implies the minimal size of the circuit for a target task at this
point (also see Figure 11,12). Note that the parameter ratio depends on the granularity of nodes. Theoretically more
granular nodes result in lower parameter ratio because the attribution of the key parameters would be more precise.

activation patching methods such as AtP (Nanda,
2023); (2) path patching methods such as EAP
(Syed et al., 2024) and EAP-IG (integrated gradi-
ents) (Hanna et al., 2024). To improve efficiency,
we adopt attribution patching to simplify the com-
putation. Additionally, we use mean ablation for
intervention. Details of these algorithms are pro-
vided in Appendix C.2.2. In this case, graph prun-
ing requires only one forward and backward pass,
which takes the same as a normal training step and
thus enhances computational efficiency. Notably,
while using activations from corrupted prompts
would ideally provide a clearer supervisory signal,
it requires additional effort to construct. To ensure
the validity of mean ablation, we provide ablation
studies and detailed discussions in Section 4.5.

Choice of N We perform graph pruning by se-
lecting the top-N nodes or edges with the largest
attribution scores. As described in Section 3.2, we
assume that the SVA circuit of the pre-trained base
model and the SVD circuit of the fine-tuned model
share a significant portion of their structure. There-
fore, one method for selecting N is to test candi-
date values by identifying the circuit on a batch of
SVA data before training for each N , then calculat-
ing its faithfulness and completeness according to
Equation 2 and 3 (Marks et al., 2024). Faithfulness
tells how much performance a circuit gets, while
completeness tells how much performance a circuit
fails to capture. From this, we can plot curves with
N as the independent variable, and the value of N
at the elbow point is the ideal choice, as shown in
Figure 6. However, for the sake of rigor, we still
sweep over a range of N in circuit-tuning.

Other hyperparameters The update frequency
K is a flexible parameter. A larger K makes circuit-

tuning more efficient than full fine-tuning, yet may
hinder the formation of the circuit for the target task.
We set K = 8 in the main experiment and discuss
its impact in the ablation study in Section 4.5. Ad-
ditionally, we set batch size to 16 and learning rate
to 1e-3, and mini-batch SGD is used for optimiza-
tion. We train the model under each setting for 6
epochs where the performance almost converges.
More details can be found in Appendix C.3.1.

4.3 Main results

Training Dynamics Our analysis primarily fo-
cuses on EAP-based circuit-tuning, as experimen-
tal results show that activation patching and path
patching yield very similar outcomes, whereas path
patching provides a zoomed in understanding of
how model components compose together. As
shown in Figure 2a, the logit difference between
vflip and vorig flips from a negative value to a posi-
tive one, signifying that the model adjusts its gram-
mar from SVA to SVD. We find that as N increases,
the growth of the logit difference converges near
N = 1000, with circuit-tuning remaining largely
on par with full fine-tuning. The number of tunable
parameters is also saturated at this point, as shown
in Figure 2c, 11 and 12. This implies that when
N = 1000, almost all the necessary parameters for
the SVD task are included, suggesting the minimal-
ity of the circuit at this point. This aligns with the
elbow points on the faithfulness and completeness
curves and can be viewed as a further extension of
the research on intrinsic dimension. This point is
further elaborated in Appendix C.3.2.

Optimization Stability We tracked the Perplex-
ity (PPL) on the validation set during training. We
observed that the PPL for full fine-tuning fluctu-
ates significantly, whereas circuit-tuning achieves
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Figure 3: In 3a and 3c, the top and bottom rows correspond to full fine-tuning and circuit-tuning, respectively. In 3a,
heatmaps from left to right represent WQ,WK ,WV , and WO (12 heads across X-axis, 12 layers down Y -axis); 3c
follows the same layout. In 3b, the top and bottom rows of plots correspond to weights and bias, respectively.

stable convergence. Even when the learning rate
for full fine-tuning is reduced to 5e-4 for stable
training, its PPL rises after 5k steps, as shown in
Figure 2b. This implies that circuit-tuning provides
better training stability over full fine-tuning. This
is because under identical experimental settings,
circuit-tuning adjusts a smaller yet more critical
subset of parameters compared to full fine-tuning.
It improves target task performance by minimally
affecting the parameters corresponding to other
task-irrelevant capabilities. For training stability,
we also provide a simple proof from the perspective
of Lipschitz continuity in Appendix B.2.

4.4 Model diffing analyses

Finding 1: Sparsity in parameter updates, im-
proved model diffing faithfulness To verify that
our method achieves the expected sparsity and faith-
fulness in Section 3.1, we calculate the parameter
changes in the fine-tuned model Mft relative to the
base model Mbase. Specifically, we focus on the
weights WQ, WK , WV , WO, and biases within
the attention modules of each layer. For the j-
th attention head in the i-th layer (head.i.j), let
θbase and θft denote the parameters before and af-
ter fine-tuning, respectively. The relative change
is calculated as: ||θft−θbase||F

||θbase||F , where || · ||F de-
notes the Frobenius norm. Visualization results
for weights and biases under full fine-tuning and
circuit-tuning are shown in Figure 3a and 3c, re-
spectively. Clearly, our method concentrates pa-
rameter updates within a small subset with signifi-
cant changes. In contrast, while the full fine-tuning
visualization identifies several parameters with sub-
stantial changes, nearly all other parameters are af-
fected to varying degrees. We also plotted the distri-
bution of parameter changes using Kernel Density

Estimation (KDE) in Figure 3b. We can see that
the mode of the parameter distribution for circuit-
tuning is closer to zero, whereas the mode for full
fine-tuning is biased toward non-zero values with
significantly higher kurtosis. This indicates that
compared with full fine-tuning, our method more
closely follows the internal computational paths of
the target task, making subsequent model diffing
analysis more faithful to parameter changes.

Another finding is that parameter changes are
concentrated in WV , WO, and bV . This can be
explained by the theory of Elhage et al. (2021),
which states that the QK circuit in Transformers
determines which part of the context to attend to,
while the OV circuit determines how to write the at-
tended information into the residual stream. In our
scenario, the shift from SVA to SVD mainly stems
from changes in subject-verb matching rather than
subject identification. Thus, parameter changes
occur mainly in weights associated with the atten-
tion value and output. Similar findings have been
reported in previous work (Hu et al., 2022).

Finding 2: Dynamic circuits are generally sta-
ble Wang et al. (2025b) discovered that in tasks
involving only capability enhancement, the circuit
Cft of the fine-tuned model Mft is built upon the
circuit Cbase of the base model Mbase, thus sharing
many structures. We aim to investigate whether this
conclusion holds for the SVD task. We measure
the overlap between Cbase and Cft by calculating
the Intersection over Union (IoU): |Cbase∩Cft|

|Cbase∪Cft| . We
calculate the node-level IoUn and edge-level IoUe

separately. The edge scores used for graph pruning
are calculated on a batch of 32 randomly sampled
instances from the SVA/SVD tasks, averaged over
five repetitions. Results show that at N = 1000,
IoUn = 71.47%, indicating that Cft does not exhibit
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significant changes in terms of model components
compared to Cbase. This reflects the shared function-
ality between the SVA and SVD tasks. However,
IoUe = 37.55%, suggesting that while these model
components are largely shared between Cbase and
Cft, the relationships between them have changed.
This point, which has been overlooked in previous
work, will be discussed in Finding 4.

Finding 3: The flip in weights and activations
We further investigate the changes in specific func-
tional attention heads within the circuit. First, we
identify heads responsible for subject identification
by observing attention patterns at the END token
position. Since most attention patterns are diagonal,
where the END token primarily attends to itself, we
focus on Type II sentences discussed in Section 4.1.
In these cases, the subject is not the END token,
which helps identify heads that truly attend to the
subject. Results indicate that Mbase and Mft share
the same heads for subject identification, such as
head.8.5, 10.9, 11.8, as shown in Figure 13, 14, 15.
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Figure 4: Heatmaps of the dot-product described in
Finding 3 before (left) and after (right) fine-tuning,
demonstrating the flip in activations from SVA to SVD.

The above finding aligns with the expected QK-
circuit invariance, but how do the OV-circuits of
these heads evolve? To this end, we use direct
logit attribution to measure the contribution of each
head.i.j output to the final output via the dot prod-
uct: ⟨ln_final(Attni,j(x)),WU [vflip]−WU [vorig]⟩.
Here, ln_final denotes the LayerNorm between the
final layer output and the language model head,
and WU [·] represents the unembedding vector of a
token. The underlying principle is that the residual
stream in Transformers allows the final output to
be viewed as a linear superposition of outputs from
every module in each layer. We compute the dot
product from 128 samples in the test set. From Fig-
ure 4, we observe a significant directional reversal
in heads 8.5, 10.9, 11.8, etc., meaning their outputs
have flipped from SVA to SVD.

To delve deeper into the essence of this flip, we
move on to the parameters. We perform stage-wise
model diffing: for any checkpoint Mt at time t
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Figure 5: PCA visualization of the ∆θt in head.8.5,
demonstrating the flip in parameters from SVA to SVD.

between Mbase and Mft, we calculate the change
in the OV matrix for each head.i.j relative to the
previous state Mt−1, i.e., ∆θt = W i,j,t

OV −W i,j,t−1
OV .

Here, W i,j
OV = W i,j

O W i,j
V ∈ RDh×Dh , where Dh is

the head dimension. We use PCA to reduce these
changes to two dimensions and visualize them in
Figure 5. Interestingly, a distinct directional rever-
sal of ∆θt is observed at 3500 steps. We view this
as the source of the flip in Figure 4, since the shifts
in the principal directions of ∆θt signify a change
in the update direction of W i,j

OV , i.e., transitioning
from the SVA grammar toward SVD.

Finding 4: The evolution of functional path-
ways In Finding 2, we observed that the edge-
level overlap between Cbase and Cft is relatively low.
Therefore, we wonder how the relationships be-
tween nodes have evolved. We began by explor-
ing the interactions between upstream and down-
stream nodes. Specifically, for each attention head
in Finding 3 that directly impacts the final out-
put, we sequentially knocked out its upstream
nodes. We then quantified the change in the at-
tention pattern of these direct-impact heads to iden-
tify the upstream heads influencing their behavior,
e.g., identifying head.1.8 and head.2.11 as influ-
ential to head.10.9 (see Appendix C.3.4 for de-
tails). Then, we conducted a stage-wise analysis
of the edges by examining changes in edge scores.
As shown in Figure 17a, we surprisingly found
that the scores of edges between causally related
nodes increased continuously. For example, the
edge from head.1.8.out to head.10.9.key achieved a
Pearson correlation coefficient of 0.942 with train-
ing steps. This phenomenon is highly similar to
Hebbian Learning (Hebb, 2005), where the simul-
taneous activation of cells leads to pronounced in-
creases in synaptic strength between those cells.
By analogy, we conclude that during fine-tuning,
as components related to SVD are continuously ac-
tivated, the functional pathways between causally
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related nodes are progressively strengthened with
the guidance of the training data and objectives.
Simultaneously, we found that the scores of some
edges are negatively correlated with training steps,
as shown in Figure 17b. We found that the nodes
associated with these weakened edges are largely
irrelevant to the SVD task. This resembles lateral
inhibition (Jacobson, 1993), where one neuron fir-
ing reduces the amount other neurons fire. Such a
learning mechanism ensures that the task-irrelevant
structures fade out and sparsity emerges, making
the profile of the task-relevant circuit clearer.

4.5 Ablation and Discussions
Comparison of graph pruning methods
Through extensive comparative experiments, we
find that circuit-tuning is not sensitive to the choice
of graph pruning method. For AtP and EAP, there
is no significant performance difference except for
the required N values. Compared to EAP, EAP-IG
provides a slight performance boost by improving
the circuit faithfulness (Hanna et al., 2024). For
instance, when N = 500, the logit difference
of EAP-IG-based circuit-tuning reaches 1.559,
slightly higher than that of EAP (1.516). Further
comparisons are provided in Appendix C.2.2.
However, this advantage becomes less significant
as N increases and requires more computation.
Therefore, we recommend using EAP.

How does the value of K affect circuit-tuning?
For each N , we adjust the value of K within the
range [1, 4, 8, 16, 32, 64, 128]. We observe that
when K ≤ 32, the logit difference remains almost
unchanged. As K continues to increase, the logit
difference begins to decline, signifying a loss in
performance. We hypothesize that an excessively
large K leads to a lag in circuit updates, whereas
a smaller K introduces more dynamic changes,
which helps the model develop a circuit better
suited for the target task. Comparative experiments
are detailed in Appendix C.2.3.

Is mean ablation reliable? To demonstrate reli-
ability, we must verify that components outside
the circuit obtained via mean ablation are task-
irrelevant. We do this by randomly unfreezing a
certain percentage of nodes outside the circuit after
each graph pruning step, thereby introducing more
parameters into optimization. In practice, we set
N = 1000 and set the ratios of randomly activated
parameters outside the circuit to 0.05, 0.1, 0.2, 0.3,
and 0.4. For each ratio, we conducted four experi-

ments using different random seeds. As shown in
Figure 8, we observed that random activation fails
to provide additional performance gains. Instead,
it leads to a slight decline in performance. This
indicates that most nodes outside the circuit are
task-irrelevant, confirming that the circuit obtained
through mean ablation possesses high complete-
ness. In fact, another consideration for using mean
ablation is our goal to identify a circuit applica-
ble to the entire SVD task rather than one tailored
to specific samples. In this sense, mean ablation
can yield more complete circuits than using acti-
vations from corrupted prompts, a point supported
by the work of Gao et al. (2025). More details and
discussions are provided in Appendix C.2.2.

4.6 Is circuit-tuning applicable in practice?
Finally, we investigate whether circuit-tuning can
perform better on larger models and more prac-
tical tasks. We focus on the gender debiasing
task, which requires an LLM to develop an un-
biased perspective on genders. We use BUG (Levy
et al., 2021) for training, a large-scale dataset of
sentences sampled from real-world corpora that
could ensure balance between male and female en-
tities. For evaluation, we use WinoBias (Zhao et al.,
2018), a dataset for coreference resolution focused
on gender bias, and adopt the discrimination risk
(Liu et al., 2024) as the metric. Task settings and
data examples are detailed in Appendix D.1.

We test on GPT-2-small, Llama-3.2-1B/3B, and
Llama-3.1-8B (Dubey et al., 2024), using full fine-
tuning and LoRA as baselines. We plot the dis-
tribution of occupations w.r.t. the discrimination
risk of the fine-tuned model in Figure 18, and find
that circuit-tuning reduces risk to the lowest level,
proving the practical utility of our method for real-
world tasks. We also compare the distribution of
parameter differences between the base model and
models fine-tuned via circuit-tuning / LoRA under
comparable performance levels (Figure 19, 20, 21),
which further demonstrates that our method can
better concentrate the optimization on the key pa-
rameters for the target task. Experimental settings
and discussions are detailed in Appendix D.2.

Further, we evaluated on Llama-3.2-1B/3B and
Llama-3.1-8B across reasoning tasks (GSM8K
(Cobbe et al., 2021) (zero-shot), Contexthub
(Hua et al., 2024) (F1)) and reasoning-free tasks
(SQuAD 2.0 (Rajpurkar et al., 2018) (Exact
match)). To assess the preservation of general
capabilities, we tested general abilities (MMLU
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Table 1: Main experimental results on different tasks. “/” denotes the original baseline without fine-tuning.

Methods & Tasks Math Logical Reasoning Reading General Capabilities

Llama-3.2-1B-it 40.71 20.35 39.68 /
Llama-3.2-1B-it-full-tuning 45.47 26.89 36.73 0.14
Llama-3.2-1B-it-LoRA 44.58 22.51 34.30 -8.55
Llama-3.2-1B-it-AdaLoRA 44.90 24.40 36.12 -4.34
Llama-3.2-1B-it-BitFit 41.20 20.87 39.90 1.35
Llama-3.2-1B-it-circuit-tuning 45.56 27.06 41.78 2.33

Llama-3.2-3B-it 70.36 42.71 54.12 /
Llama-3.2-3B-it-full-tuning 75.44 47.32 55.63 -2.54
Llama-3.2-3B-it-LoRA 73.54 46.27 54.73 -3.92
Llama-3.2-3B-it-AdaLoRA 74.82 46.35 55.63 -1.95
Llama-3.2-3B-it-BitFit 71.52 44.01 53.92 -1.75
Llama-3.2-3B-it-circuit-tuning 75.35 47.59 56.58 -1.80

Llama-3.1-8B-it 76.19 46.41 58.92 /
Llama-3.1-8B-it-full-tuning 83.76 49.53 59.60 -2.76
Llama-3.1-8B-it-LoRA 80.21 47.64 58.97 -4.15
Llama-3.1-8B-it-AdaLoRA 81.50 47.82 59.14 -1.16
Llama-3.1-8B-it-BitFit 78.20 46.77 59.00 -0.83
Llama-3.1-8B-it-circuit-tuning 83.51 49.75 59.14 -0.94

(Hendrycks et al., 2020), Winogrande (Sakaguchi
et al., 2021), IFEval (Zhou et al., 2023)), reasoning
(GPQA) (Rein et al., 2023), coding (HumanEval)
(Chen et al., 2021), and multilingual skills (MGSM
(Shi et al., 2022)). We report relative performance
change ((x′ − x)/x).

As for the metric Lm for the quantification of a
model’s prediction during circuit discovery, gender
debiasing uses the logit difference between gen-
dered words (he/his vs. she/her), while other tasks
use the standard negative log-probability loss. We
focus on overall task performance rather than isolat-
ing specific sub-capabilities (e.g., addition in math),
as task behaviors span multiple tokens.

We compared circuit-tuning with full fine-tuning,
LoRA, AdaLoRA (Zhang et al., 2023) and Bit-
Fit (Zaken et al., 2022). AdaLoRA is a variant
of LoRA that uses an importance score to prune
the eigenvalues of SVD decomposition in order to
to encourage sparsity in parameter updates. Bit-
Fit is a sparse-fine-tuning method where only the
bias-terms of the model are being modified. We
set batch size to 16. Learning rates were 3e-
5 for full fine-tuning and 1e-4 for others. For
LoRA, we set optimal hyperparameters r = 32
and α = 64. For circuit-tuning, we set K = 8,
using N = 2000, 3000, 4000 for 1B, 3B, and 8B

models, respectively.
All results in the table are averaged over 10

runs with different seeds. Overall, circuit-tuning
shows no significant performance difference com-
pared to full fine-tuning, except for outperform-
ing it by 5.05% on Llama-3.2-1B reading com-
prehension. Since our goal is not boosting per-
formance, this comparable efficacy confirms that
circuit-tuning does not severely deviate from stan-
dard fine-tuning. The main difference is that circuit-
tuning better preserves general capabilities. Con-
versely, LoRA performs worse than standard fine-
tuning as it lacks explicit selection of task-related
parameters. Though AdaLoRA selects eigenvalues
via importance scores, its performance still lags
behind circuit-tuning due to the global impact of
the LoRA adapter on all parameters.

5 Conclusion

We propose circuit-tuning to make model diffing
research more faithful to changes in model parame-
ters. We introduce a novel SVD task for the study
of fine-tuning and conduct comprehensive experi-
ments and analyses on this task. Our work provides
a new methodology for studying and understanding
the mechanisms of fine-tuning via model diffing.
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6 Limitations

There are still several limitations that we reserve
for future work:

(1) Our experiments employ coarse-grained
nodes (attention heads or MLP layers) and primar-
ily focus on attention heads. However, MLPs also
contain significant potential. In practice, circuit-
tuning can be applied to graphs with finer nodes.
For instance, partitioning an MLP into multiple
"MLP heads” is an initial trial, as we have done
on Llama in the gender debiasing task. We be-
lieve future research could integrate circuit-tuning
with SAEs and attribution graphs. This would en-
able stage-wise model diffing research, such as that
conducted by Kamath et al. (2025), to achieve spar-
sity in both parameter updates and representation
spaces.

(2) While this study applies circuit-tuning specif-
ically to fine-tuning-based model diffing, we be-
lieve our method is applicable to model diffing in
reinforcement learning. We will explore this direc-
tion in future work.

7 Ethical considerations

This paper presents work whose goal is to advance
the field of Machine Learning. Since our work
concerns AI alignment and involves modifying a
model’s gender stereotype in Section 4.6, we expect
our work to be used under the guidance of human
values.
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A Transformer Architecture

The models we use in our experiments are all
decoder-only Transformers. We briefly introduce
the Transformer architecture from the mechanistic
view, together with its implementation.

A single input of Transformer is x0 ∈ RT , where
T is the length of the sequence. The input is firstly
embedded into a vector x ∈ RD×T via the embed-
ding matrix WE ∈ RD×V , where D is the model
dimension. Then x will go through l layers of
Transformer blocks for various processings. From
the view of (Elhage et al., 2021), we can think of
the residual stream as a communication channel
that simply receives the output of the attention and
MLP operations. Each operation reads information
from the residual stream and writes the processed
information into it. Thus the residual stream is ac-
tually the linear sum of various transformations of
x together with the original input x.

In each Transformer layer i(i ∈ [0, L)), we con-
sider the implementation of multi-head attention.
The model dimension is split into H parts, and the
attention operation is performed with H attention
heads in parallel. Each head is thought to be re-
sponsible for a specific function. Consider head.i.j
(j ∈ [0,H)), the input x is firstly projected into
query, key and value via W i,j

Q , W i,j
K and W i,j

V .

The projection matrices are all in shape R
D
H
×D,

thus x is projected into xjQ/K/V ∈ R
D
H
×T . Then

attention pattern Ai,j ∈ RT×T is computed via
(W i,j

Q xjQ)(W
i,j
K xjK)⊤ and some scaling and Soft-

max operations. After that, the weighted output
z ∈ R

D
H
×T is computed via (W i,j

V xjV )A
i,j . Fi-

nally, the output of head.i.j Attni,j(x) ∈ RD×T

is calculated via W i,j
O · z, where W i,j

O ∈ RD×D
H .

Thus, final output of the self-attention in layer i is
Attni(x) =

∑H
j=1Attn

i,j(x).
For the MLP in each layer, the input x is pro-

jected into xiin ∈ RDmlp×T via Win ∈ RDmlp×D,
and projected back to MLPi(x) ∈ RD×T via
Wout ∈ RD×Dmlp . In the Llama architecture (Tou-
vron et al., 2023), the input x is firstly projected

into xipre ∈ RDmlp×T via W i
gate ∈ RDmlp×D

and is applied with an activation layer, then a dot
product is performed between the activations and
xiin ∈ RDmlp×T which is the input projected by
Win ∈ RDmlp×D. Note that we can also split the
MLP into MLP heads, which is detailed in Ap-
pendix D.2.

The output of all the L layers are projected into
x ∈ RV×T by the unembedding matrix WU ∈
RV×D, which is called the logits. The logit at
the end of the sequence is further mapped into
a probability distribution with Softmax over the
vocabulary for predicting the next token.

B Further discussions on circuit-tuning

B.1 Algorithm details
We provide a detailed formulation of circuit-tuning
in Algorithm 1, which is the version with EAP as
the graph pruning method.

Algorithm 1 Circuit-tuning (based on EAP)

Input: dataset X , model M , the number of
edges to save N , the number of optimization
steps after graph pruning K.
Initialize graph G = {V, E} from M , circuit
C = G, and the iteration step i = 0.
for mini-batch XT = {x1, x2, ..., xt} in X do

Run a forward and backward pass on XT

if i mod K == 0 then ▷ Graph pruning
Reset: C ← G
Get the edge score for each edge via edge

attribution patching.
ET ← {e | e∈E with TopN scores }
C ← {VT , ET }, where VT = {n |n ∈

V ∧ n is incident to an edge e∈ET }
end if
Update the parameters corresponding to the

subgraph C ▷ Circuit fine-tuning
i = i+ 1

end for

B.2 Training stability
To demonstrate the stability of circuit-tuning, we
provide a simple proof of the training conver-
gence. Specifically, we consider the model as
a continuously differentiable function f(θ). Let
θ ∈ RD = (θ1, θ2, ..., θD), and suppose that f
satisfies the conditions for Lipschitz gradient conti-
nuity:

||∇θf(θ
′)−∇θf(θ)|| ≤ L||θ′ − θ||
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where L is a Lipschitz constant.
If we mask out a set of parameters θmask ⊂ θ,

then we have
||∇θ\θmask

f(θ′)−∇θ\θmask
f(θ)||

<||∇θf(θ
′)−∇θf(θ)||

≤L||θ′ − θ||
where || · || is the L2 norm of the vectors. This is
because for each masked parameter θi ∈ θmask, the
gradient of it equals to 0, which leads to a smaller
norm for gradient change. Thus a smaller Lipschitz
constant Lmask < L serves as the upper bound
for the change rate of gradients, which means the
training process would be more stable compared
with full fine-tuning. Note that we perform only a
simplified analysis for the most ideal case, which
may lack strict rigor. However, we regard this as
an explanation for the training stability of circuit-
tuning. Experimental results in Section 4.3 also
demonstrate this.

C Details of the SVD experiments

C.1 Dataset construction

We use the first 10k samples from Pile (Gao et al.,
2020), which consists of 22 smaller, high-quality
datasets. Firstly, in order to get relatively simple
and clean sentences, we filter out the content in
Github, ArXiv, PubMed Abstracts, PubMed Cen-
tral, StackExchange, USPTO Backgrounds, Pile-
CC, DM Mathematics, and FreeLaw. Thus we do
not include code or complex formulas in our data.
Secondly, we split the corpus with periods ’.’ as in-
tervals. We remove links to websites, images, and
other files. We also remove sentences that are too
short (less than 25 characters). Thirdly, we leave
only the sentences in the present tense in English
and ensure that each sentence is a complete sen-
tence with a punctuation like ’.’, ’?’, or ’!’ at the
end. Finally, for each verb in the present tense in a
sentence, we convert it to its opposite form. That
is, we convert a verb with a part of speech VBP
like go to VBZ like goes, and vice versa. For be
(am / is / are), we flip them as follows: am→ is, is
→ are, are→ am.

The dataset is available in our code repository.

C.2 Experimental settings

C.2.1 Choice of N
Faithfulness and completeness examine a circuit
from two different views. Faithfulness tells how
much performance a circuit gets, while complete-

ness tells how much performance a circuit fails to
capture. Consider a model M with its computa-
tional graph G, a circuit C for a specific task T and
a metric Lm for measuring the output of the model,
following the definition in (Marks et al., 2024), the
faithfulness of the circuit C is

Lm[M(C)]− Lm[M(∅)]

Lm[M(G)]− Lm[M(∅)]
(2)

in which M(∗) denotes the forward pass of model
M with the nodes outside ∗ mean-ablated, and
∅ denotes an empty circuit. The completeness is
defined as

Lm[M(G\C)]− Lm[M(∅)]

Lm[M(G)]− Lm[M(∅)]
(3)

where G\C denotes the complementary set of cir-
cuit C. The completeness of circuit C is actually
the faithfulness of circuit G\C.

In practice, we calculated the faithfulness and
completeness on GPT-2-small for the SVA task.
We randomly sampled a batch of 32 samples from
the training set and calculated the two metrics for
each value of N in [10, 15, 20, 50, 100, 500, 1000,
2500, 5000, 10000]. We plot the curves in Figure 6.
It can be seen that N = 1000 is the elbow point.
Therefore 1000 could be an ideal initialization of
N in circuit-tuning.
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Figure 6: The change of faithfulness and completeness
in the SVA task with the number of edges N . The
elbow point of the two curves corresponding to the ideal
initialization of N(= 1000).

C.2.2 Choice of graph pruning methods
In this section, we detail the basic concepts of
causal intervention and the circuit discovery meth-
ods used in the graph pruning stage of circuit-
tuning. As described in Section 3.1, we view the
model M as a computational graph G = {V, E},
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where V and E denote the sets of nodes and edges,
respectively. A node n represents a model com-
ponent, such as a neuron, an attention head, or an
MLP layer, depending on the granularity of the
analysis. An edge e : n1 → n2 describes the infor-
mation flow, specifically the path from the output of
an upstream node n1 to the input of a downstream
node n2.

We aim to extract a task-related circuit C by re-
moving redundant structures. This requires calcu-
lating an importance score for each element in the
computational graph to measure its contribution
to the final output, followed by pruning based on
these scores. The graph pruning employs causal
intervention (Neuberg, 2003), which involves per-
turbing an element and quantifying the resulting
change in output to calculate its attribution score,
or indirect effect (Pearl, 2001). For convenience,
we refer to these quantified contributions as scores,
denoted by c(·). After computing scores for all tar-
geted elements, we isolate the circuit by selecting
the top-N nodes or edges with the highest scores.
In circuit discovery, we typically design a metric
Lm to quantify the output for a target task, such as
the logit difference between vflip and vorig used in
the SVD task (Section 4.1).

Common circuit discovery methods include acti-
vation patching, which aims to remove redundant
nodes, and path patching, which targets redundant
edges. For clarity, we begin our discussion with
standard activation patching (Vig et al., 2020; Meng
et al., 2022; Conmy et al., 2023).

Activation patching Given an input xclean (e.g.,
a prompt), we aim to perturb a specific node n. The
recommended approach is to construct a corrupted
prompt xnoise with the same format as xclean but
with different or opposite predictive semantics. For
instance, if xclean is "The kids on the beach" and
the task is verb prediction, xnoise could be "The kid
on the beach". We first input xnoise into the model
to obtain the corrupted activation n(xnoise) at node
n. Then, we input xclean and, upon reaching node
n, apply the following intervention to compute the
score for node n:

c(n) =Lm
(
M

(
xclean|do(n← n(xnoise))

))

−Lm(M(xclean)) (4)

Here, we use do-calculus notation (Neuberg, 2003)
to represent the intervention process. We perform
this intervention for each node n ∈ V . Generally,
we take the absolute value of the scores and select

the top-N nodes along with their associated edges
to form the circuit.

Notably, node scores can also be calculated over
a batch (x1, . . . , xn) as:

c(n) = Exi∼D[|ci(n;xi)|] (5)

where D is the data distribution of the target task.

Attribution patching (AtP) Given |V| nodes in
the computational graph, the time complexity of
standard activation patching is O(|V|). To reduce
this complexity, (Nanda, 2023) proposed using a
first-order Taylor expansion as a linear approxi-
mation of c(n). Specifically, treating the corrupted
value n(xnoise) as the independent variable and c(n)
as the dependent variable, we take the first-order
Taylor expansion of c(n) at n(xnoise) = n(xclean):

c(n)

≈Lm(M(xclean)) + [n(xnoise)− n(xclean)]⊤·
∇nLm(M(xclean))|n=n(xclean) − Lm(M(xclean))

=[n(xnoise)− n(xclean)]⊤·
∇nLm(M(xclean))|n=n(xclean) (6)

This allows us to compute all node scores simul-
taneously using only one forward pass on xnoise and
one forward and backward pass on xclean, reducing
the time complexity to O(1).
Path patching Similar to activation patching,
path patching focuses on the relationship between
two nodes, represented as an edge. Specifically, the
residual stream in Transformers allows the output
of an upstream node n1 to be directly included in
the input of a downstream node n2. In this con-
text, we aim to measure the direct effect of n1 on
n2 (Neuberg, 2003). This requires intervening on
the upstream node n1 while keeping all other inter-
mediate nodes between n1 and n2 constant, then
observing how the resulting change in n2 affects
the final output.

Formally, when we intervene on the upstream
node n1, its contribution to the residual stream it
writes to becomes:

rn1
out(x

clean|do(n1 ← n1(x
noise))) (7)

The residual stream carries this intervened contri-
bution to the input rin of the downstream node n2.
Consequently, the input to n2 becomes:

rin(x
clean)− rn1

out(x
clean)+

rn1
out(x

clean|do(n1 ← n1(x
noise))) (8)
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As shown in Equation 8, the change in n2 origi-
nates solely from n1. Under this intervention, the
value of n2 is expressed as:

ndirectn1

2 (do(n1 ← n1(x
noise)))

=n2

(
xclean|do

(
n1 ← n1(x

noise)
)
,

do
(
n(n1→n2) ← n(n1→n2)(x

clean)
))

(9)

where n(n1→n2) denotes all intermediate nodes be-
tween n1 and n2. Equation 9 represents the pro-
cess of perturbing only n1 while keeping n(n1→n2)

fixed.
Therefore, we can then define the score of the

edge e : n1 → n2 based on its impact on the final
output:

c(e : n1 → n2) = Lm
(
M

(
xclean|do(n2 ←

ndirectn1

2 (do(n1 ←n1(x
noise))))

))
− Lm(M(xclean))

(10)

Edge attribution patching (EAP) (Syed et al.,
2024) applied the principles of attribution patching
to path patching, simplifying the calculation of the
edge score to:

c(e : n1 → n2) ≈ [n1(x
noise)− n1(x

clean)]⊤·
∇n2Lm(M(xclean))|n2=n2(xclean)

(11)

This reduces the time complexity to O(1).

EAP-IG (integrated gradients) If an activation
of a node has a zero gradient, then it will not
contribute to the attribution score. To deal with
this issue, Hanna et al. (2024) proposed EAP-IG
that cumulates the gradients along the straight-line
path from the corrupted prompt xnoise to the clean
prompt xclean in m steps. Specifically, the IG-score
is defined as:

c(e : n1 → n2) ≈ [n1(x
noise)− n1(x

clean)]⊤·
1

m

m∑

k=1

∇n2Lm(M(xclean))|n2=nIG
2

(12)

where

nIG
2 = n2(x

noise) +
k

m
[n2(x

clean)− n2(x
noise)]

(13)
This requires one forward pass on xnoise, and m
forward and backward passes on xclean. In terms

of the computation on xclean, the time complexity
of EAP-IG is O(m). In practice, we follow Hanna
et al. (2024) and set m to 5.

In practice, we find that EAP-IG provides a
slight performance gain over EAP in circuit-tuning,
though the improvement is marginal, as shown in
Figure 7.
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EAP-IG, Top-N=100
EAP-IG, Top-N=500
EAP-IG, Top-N=1000

Figure 7: The logit difference in circuit-tuning with EAP
and EAP-IG for graph pruning. We believe that circuit-
tuning is insensitive to the choice of graph pruning.

Mean ablation This operation is to replace tar-
geted activations with their dataset mean value
when doing intervention (Heimersheim and Nanda,
2024). In our circuit-tuning experiments, we use
the mean activation across all samples and token
positions within a batch as the corrupted value for
intervening at the END token position.

In our view, mean ablation serves as a random ac-
tivation to replace the corrupted activation in stan-
dard causal intervention. We believe that regardless
of how the corrupted activation is calculated, its ul-
timate goal is to find noise that disrupts the original
activation. This is equivalent to randomly sampling
an activation from the training data that approxi-
mates Gaussian noise at the current node, although
the resulting signals are less precise and prominent
than those derived from a carefully constructed
corrupted prompt.

We have provided a "random activation" exper-
iment in Section 4.5, in which we randomly un-
freeze some nodes outside the circuit after each
graph pruning step to involve some of the param-
eters outside the circuit in fine-tuning. As shown
in Figure 8, this operation does not bring any per-
formance gain, which means the circuit we find
using mean ablation for intervention is relatively
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complete: it ensures that no task-relevant nodes are
omitted from the circuit.
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(a) Logit difference
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Figure 8: We randomly unfreeze certain percentage of
nodes outside the circuit after each graph pruning step.
Results show that the PPL almost remains unchanged,
and the logit difference even drops a little when intro-
ducing extra parameters outside the circuit. This demon-
strates that the circuit found via mean ablation precisely
gets the key components inside and leave the irrelevant
components outside.

Gao et al. (2025) also claim that mean ablations
leads to much more complete circuits than standard
activation patching using pairs of clean and cor-
rupted prompts (in Appendix E in their paper). The
idea is that if there are parts of the circuit that are
critical for completing the target task, but the acti-
vations of which differ across prompt pairs rather
than within each pair, then activation patching will
fail to notice it. That is to say, when we only focus
on one prompt as the target task, then standard acti-
vation patching should be better. However, if we fo-
cus on a target task that has more than one prompts,

then we need to take into consideration the overall
data distribution of that task. Then mean ablation
could be better at finding the common parts across
samples.

C.2.3 Choice of K

As shown in Figures 9 and 10, we conduct compar-
ative experiments by setting N to 500 and 1000 and
varying K from 1 to 128 to investigate the impact
of K. As discussed in Section 4.5, circuit-tuning
is insensitive to the choice of K within a certain
range (K < 128). However, performance declines
when K > 128. This underscores the dynamic
nature of our approach: the circuit must adaptively
evolve from the task-related components of the
base model during fine-tuning to better align with
the data distribution of the new task.
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Figure 9: The change in logit difference with difference
choices of K when top-N=500.
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Figure 10: The change in logit difference with differ-
ence choices of K when top-N=1000.
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Table 2: The settings of the nodes and their correspond-
ing parameters in the subject-verb disagreement task.
The number of layers L = 12 and the number of at-
tention heads in each layer H = 12. The notations for
parameters are detailed in Appendix A.

Nodes
Upstream Downstream

Attni,j(x) MLPi(x) xi,jQ/K/V xiin

Parameters W i,j
O W i

out W i,j
Q/K/VW

i
in

Range i ∈ [0, L), j ∈ [0, H)

C.3 Additional results and discussions

C.3.1 Training details
We use GPT-2-small (Radford et al., 2019) for this
task. GPT-2-small is a decoder-only transformer
with 12 layers and 12 attention heads per attention
layer. We set the output of the attention and the
MLP in each layer as upstream nodes, and the input
of the query, key, value, and the MLP in each layer
as downstream nodes. This is because the query,
key, and value input for an attention head can only
affect downstream nodes via the attention output
of that head, so the upstream nodes can only be
attention head outputs, which is also discussed in
Kramár et al. (2024). The parameters to update
correspond to the upstream and downstream nodes
are shown in Table 2.

C.3.2 Dicussions about intrinsic dimension
In Section 4.3, we noted that model performance
saturates and the tunable parameter ratio also stabi-
lizes as N approaches 1000, indicating that most
task-relevant parameters are already included. We
connect this finding to the work on intrinsic dimen-
sion by Li et al. (2018). Specifically, they opti-
mized for specific tasks within a parameter sub-
space and observed performance changes while in-
creasing the subspace dimension from zero. Their
experiments on training fully connected and con-
volutional networks (via subspace optimization)
on the MNIST dataset revealed that performance
reaches 90% of the baseline once the subspace di-
mension reaches a value far smaller than the total
number of parameters.

In our study, N = 1000 can be regarded as
the intrinsic dimension within the computational
graph from the perspective of edges. The circuit
at N = 1000 represents the minimal subgraph
capable of completing the target task within an ac-
ceptable loss threshold. This is further reflected

in the faithfulness and completeness metrics of
the SVA task calculated before training started, as
shown in Figure 6. These results further demon-
strate that SVA and SVD tasks share a substantial
portion of model parameters, i.e., fine-tuning does
not "start from scratch" but rather makes minimal
possible adjustments to the existing parameters, a
point also discussed in prior literature (Aghajanyan
et al., 2021; Jain et al., 2023; Wang et al., 2025b).

Additionally, we plotted the curves of the logit
difference and average parameter ratio against N ,
as shown in Figure 11 and 12. The average param-
eter ratio represents the mean ratio of tunable pa-
rameters during training. Specifically, Every time
after graph pruning, we recorded the number of the
parameters ni in the circuit, where i the count for
graph pruning. After training, we calculated the
average parameter ratio as 1

M

∑M
i=1

ni
Np

, where M
is the total number of the times for graph pruning,
and Np is the total number of the parameters in the
model.

As illustrated in Figure 11, the growth of the
logit difference slows down significantly when
N ≥ 1000. In Figure 12, the inflection point of
the average parameter ratio curve appears relatively
smooth. We attribute this to the node granularity
used in our experiments. Treating attention heads
and MLP layers as the minimal nodes may limit
the precision in capturing the exact inflection point
of the parameter ratio, yet this does not undermine
the overall experimental conclusions.
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Figure 11: The relationship between the final logit dif-
ference and the value of N . The elbow point in the
curve implies the minimal of the circuit for the target
task.
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eter ratio and the value of N . The elbow point in the
curve implies the minimal of the circuit for the target
task.

C.3.3 The attention heads for subject
identification

In Finding 3, we first identify the attention heads
responsible for subject recognition by observing
the attention patterns of each head at the END to-
ken. We specifically selected Type II sentences
from the SVD dataset. This choice stems from the
fact that most heads direct their maximum atten-
tion to the current token, resulting in a diagonal
attention pattern. For Type I sentences, the subject
is located at the current token (the END token).
Thus, a head attending to the subject might merely
be a coincidence. Consequently, we chose Type
II sentences, where the subject precedes the END
token.As shown in Figure 13, 14 and 15, we found
that in heads such as head.8.5, 10.9, and 11.8, the
attention from the END token to the subject to-
ken is significantly prominent. This indicates that
these heads possess subject-localization capabili-
ties. This reflect the capabilities of the WQ and
WK within the attention module.

C.3.4 Dicussions about the evolution of
functional pathways

In Finding 4, we first calculate the Pearson correla-
tion coefficient between edge scores and training
steps. We find that the scores of numerous edges
correlate positively or negatively with the steps,
indicating that the strength of these edges either
intensifies or diminishes during fine-tuning. Fur-
thermore, we observe that a significant portion of
the downstream nodes for the intensifying edges
are the key attention heads identified in Finding 3.
Consequently, we hypothesize that the upstream
nodes of these strengthened edges exert a causal
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Figure 13: The attention pattern of head.8.5 demon-
strates that the head could locate the subject in a sen-
tence. Example sentence in the figure: "Every now and
then, the interaction between opponents presents hu-
morous to us."

influence on these key heads.
To verify this, we set the target of our patching to

the attention pattern of the key heads. For instance,
focusing on the downstream node head.8.5, we in-
tervene on its preceding nodes to observe changes
in the attention score from the END token to the
subject. As visualized in Figure 16a, nodes such
as head.0.8, head.1.3, head.2.10, and head.6.5 ex-
ert a substantial influence on head.8.5. Similarly,
in Figure 16b, we observe that head.0.8, head.0.9,
head.1.3, head.1.4, head.1.6, and head.6.5 signifi-
cantly affect head.10.9.

Next, we select edges connecting these influen-
tial upstream heads to the key downstream nodes
and monitor their scores across training steps. In
Figure 17a, we find a clear positive correlation be-
tween these edge scores and the number of steps.
This suggests that causal relationships between
task-relevant nodes are continuously strengthened
during fine-tuning. Conversely, relationships be-
tween task-irrelevant nodes (relative to the target
task performance) gradually weaken, as shown in
Figure 17b.

D Details of the gender debiasing task

D.1 Task definition and data preparation

According to Gallegos et al. (2024), there are var-
ious kinds of expressions in social bias. In this
study, we focus on the gender bias in occupations.
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Figure 14: The attention pattern of head.10.9 demon-
strates that the head could locate the subject in a sen-
tence. Example sentence in the figure: "Every now and
then, the interaction between opponents presents hu-
morous to us."

We aim to break down the binary gender stereotype
of a model. For example, given a sentence "the doc-
tor put on [PRP] coat" where [PRP] is a possessive
pronoun, we expect the model to choose his or her
with equal probabilities.

During fine-tuning, the model learns to predict
the next word in an auto-regressive way, thus we
expect the model to balance the probabilities be-
tween male attribute words (he/his/him/himself)
and female attribute words (she/her/herself) at the
END token when generating the next token. There-
fore, we use the logit difference between the male
attribute words and female attribute words at the
END token as the metric Lm for measuring the
output of the model. Specifically, for each sample,
we calculate the logit difference between the pro-
noun and the anti-pronoun, which is the pronoun in
the opposite gender. For example, in the case "the
doctor put on [PRP] coat", the logit difference is:

LD(her, his) = Logit(her)− Logit(his) (14)

where Logit(·) is the logit of a token at the END
token on.

We use BUG (Levy et al., 2021) for training,
which is a large-scale dataset of sentences sam-
pled from real-world corpora. Each sentence is
marked with an occupation and the pronouns re-
ferring to it. In practice, we use the "balanced
BUG" provided in the dataset which includes 2.5w
sentences randomly sampled from BUG to ensure
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Figure 15: The attention pattern of head.11.8 demon-
strates that the head could locate the subject in a sen-
tence. Example sentence in the figure: "Every now and
then, the interaction between opponents presents hu-
morous to us."

balance between male and female entities and be-
tween stereotypical and non-stereotypical gender
role assignments. We perform coreference resolu-
tion ourselves to filter out the samples in which the
coreference is not right, and leave 1.5w samples for
training, which contains 151 types of occupations
and each sentence only contains one (occupation,
pronoun) pair. Data processing details can be found
in our code.

Table 3: The 40 occupations in the WinoBias dataset.

Male (biased) Female (biased) Male (biased) Female (biased)

Driver Attendant Manager Counselor
Supervisor Cashier Lawyer Designer
Janitor Teacher Farmer Hairdresser
Cook Nurse Salesperson Writer
Mover Assistant Physician Housekeeper
Laborer Secretary Guard Baker
Construction Auditor Analyst Accountant
Chief Cleaner Mechanic Editor
Developer Receptionist Sheriff Librarian
Carpenter Clerk CEO Tailor

For evaluation, we use WinoBias (Zhao et al.,
2018) which is a classic dataset for coreference
resolution focused on gender bias. There are two
types of sentences in WinoBias. The Type 1 sen-
tences require world knowledge related to the con-
text to perform coreference resolution, e.g. "The
farmer knows [the editor] because [he] is really
famous". The Type 2 sentences can be resolved
using syntactic information, e.g. "The CEO called
[the hairdresser] and paid [her] over the phone".
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ity of head.8.5.

0 1 2 3 4 5 6 7 8 9 10 11
Attention Head

0

1

2

3

4

5

6

7

8

9

10

11

La
ye

r

Patching influence on Subject Number Heads from other heads
in the subject-verb agreement task

0.0000

0.0005

0.0010

0.0015

0.0020

(b) The upstream nodes that affect the functional-
ity of head.10.9.

Figure 16: We intervene on the preceding nodes of a key
attention head in Finding 3, and observe the changes in
the attention score from the END token to the subject in
the key attention head.

In practice, we only use the Type 2 sentences to
avoid ambiguity. The test set contains 40 types of
occupations in total, which are list in Table 3.

To better evaluate the performance of gender de-
biasing, we adopt the metric of discrimination risk
from (Liu et al., 2024) which is used to measure
the stereotype in large language models. Specifi-
cally, given an occupation x ∈ X , a binary gender
attribute y ∈ {male, female} and a context c ∈ C,
the stereotype of a model M against x about y in
the context c is:

sMy|x(c) =
pMy|x(c)

p∗y|x(c)
− 1 (15)

where p∗y|x(c)is the attribute prediction probability
of the unbiased model, thus p∗y|x(c) = 0.5 when
binary gender is considered. The definition of the
overall discrimination risk is:

R = Ex∼X(rx) (16)

where rx = Ec∼C(J(s
M
y|x(c))) is the discrimina-

tion risk of one occupation x, and J(sMy|x(c)) =

max
y∈Y
{max{sMy|x(c), 0}} is called the discrimina-

tion risk criterion. For details, please refer to Liu
et al. (2024).

D.2 Training and Evaluation details

We use Llama-3.2-1B-Instruct, Llama-3.2-3B-
Instruct and Llama-3.1-8B-Instruct (Dubey et al.,
2024) for this task. We set the output of the atten-
tion and the MLP in each layer as upstream nodes,
and the input of the query, key, value, and the MLP
in each layer as downstream nodes. Different from
GPT-2-small, an MLP layer in Llama is too big to
be a node, so we split the input and output of each
MLP layer into 64-dimensional "MLP heads", as
shown in Table 4. We do this to make an MLP layer
into finer nodes. However, the MLP heads are quite
different from attention heads. Attention heads in
Transformers operate independently, whereas MLP
heads do not. An MLP head could be viewed as a
large MLP neuron.

The batch size is set to 32 in all experiments. For
all fine-tuning methods (full fine-tuning, LoRA and
circuit-tuning), we tried our best to search for the
best hyper-parameters. We set the learning rate to
1e-5 for full fine-tuning, and 5e-5 for circuit-tuning
and LoRA. For circuit-tuning, we set K = 8 and
N = 5000/8000/15000 for Llama-3.2-1B / 3B
and Llama-3.1-8B, respectively. For LoRA, we set
r = 32, α = 32, and the modules to fine-tune in-
clude [q_proj, k_proj, v_proj, o_proj, up_proj,
gate_proj, down_proj]. Mini-batch SGD with a
momentum equal to 0.9 is used as the optimizer.
We train each model for 1 epoch.

After training, we compute the discrimination
risk of the base model and each fine-tuned model.
We find that circuit-tuning could achieve an overall
discrimination risk even lower than full fine-tuning.
For example, the discrimination risk of Llama-3.1-
8B is 0.554. For circuit-tuning, the result is re-
duced to 0.447, while full fine-tuning gets a result
of 0.477. As for LoRA, it only gets 0.489. To better
demonstrate this, we fit the evaluation results to a
normal distribution of occupation count over the
discrimination risk, as shown in Figure 18. This in-
dicates that circuit-tuning could achieve even better
fine-tuning results than full fine-tuning and LoRA.
By actively looking for the key components re-
sponsible for the target task, circuit-tuning could
concentrate the optimization on the task-relevant
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(a) The strengthened edges during circuit-tuning.
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Figure 17: We provide a stage-wise analysis on the scores of the edges in the computational graph during circuit-
tuning. As discussed in Finding 4, the strengthened edges (with increasing scores) often correspond to the key
components and the components that have a causal relationship with them. The weakened edges (with decreasing
scores) often correspond to the (SVD) task-irrelevant model components.

Table 4: The settings of the nodes and their corresponding parameters in Llama3. For model sizes 1B/3B/8B, the
number of layers L = 16/28/32, and the number of attention heads in each layer H = 32/24/32, and the number
of MLP heads in each layer H∗ = 128/128/224. The notations for parameters are detailed in Appendix A.

Nodes
Upstream Downstream

Attni,j(x) MLPi,k(x) xi,jQ/K/V xi,kpre xi,kin

Parameters W i,j
O W i,k

out W i,j
Q/K/V W i,k

gate W i,k
in

Range i ∈ [0, L), j ∈ [0, H), k ∈ [0, H∗)

parameters, instead of involving all the parameters
into fine-tuning.

To further investigate the parameter update, we
provide a similar analysis as in Finding 1. The pa-
rameter differences in WQ,WK ,WV ,WO between
the base model (Llama-3.2-1B) and the model fine-
tuned with LoRA / circuit-tuning are shown in
Figure 21. We visualize the distribution of the
parameter difference between the base model and
the model fine-tuned with circuit-tuning / LoRA
in Figure 19 and 20. It is obvious that the mode
of the parameter distribution for circuit-tuning is
closer to zero than LoRA, demonstrating its supe-
rior sparsity in parameter update. This also allows
for more faithful model diffing analysis with less
model parameters to study.
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Figure 18: The distribution of the number of occupa-
tions with respect to the prejudice risk for Llama-3.1-
8B-instruction and its fine-tuned versions with different
fine-tuning methods. We fit the evaluation results to a
normal distribution using Gaussian density estimation,
as Liu et al. (2024) do.
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Figure 19: The distribution of the parameter difference
in WO between the base model (Llama-3.2-1B) and the
model fine-tuned with LoRA / circuit-tuning.
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Figure 20: The distribution of the parameter difference
in WV between the base model (Llama-3.2-1B) and the
model fine-tuned with LoRA / circuit-tuning..
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Figure 21: The parameter difference in
WQ,WK ,WV ,WO (from left to right in X-axis)
between the base model (Llama-3.2-1B) and the model
fine-tuned with LoRA (top) / circuit-tuning (bottom).
The distributions of the parameter difference in WO

and WV are visualized in Figure 19 and 20 via KDE,
respectively. Compared with LoRA, circuit-tuning
could achieve superior sparsity: instead of affecting all
the parameters, it dynamically selects the task-relevant
parameters for fine-tuning.
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