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Abstract
Large Language Models (LLMs) have shown impressive per-
formance across a wide range of tasks. However, the size
of LLMs is steadily increasing, hindering their application
on computationally constrained environments. On the other
hand, despite their general capabilities, there are many situa-
tions where only one specific task is performed, rendering all
other capabilities unnecessary and wasteful. This leads us to
the following question: Is it possible to extract the minimal
subset from an LLM that is able to perform a specific task in
a faster, standalone manner? Recent works on Mechanistic
Interpretability (MI) have shown that specific tasks are per-
formed by a localized subset of components, or circuit. How-
ever, current techniques used to identify the circuit cannot be
used to extract it for its standalone usage. In this work, we
propose a novel approach to automatically extract the subset
of the LLM that properly performs a targeted task requiring
no additional training and a small amount of data samples.
We evaluate our approach on different tasks and show that
the resulting models are (i) considerably smaller, reducing
the number of parameters up to 82.77% and (ii) more inter-
pretable, as they focus on the circuit that is used to carry out
the specific task, and can therefore be understood using MI
techniques.

1 Introduction
Large Language Models (LLMs) based on the Transformer
architecture (Vaswani et al. 2017) have recently shown im-
pressive performance across a wide range of tasks (Brown
et al. 2020; Achiam et al. 2023). These models are character-
ized by having a large amount of parameters as well as being
trained on large amounts of broad data in a self-supervised
manner (e.g predicting the next token). In fact, it has been
empirically shown that the performance of LLMs increases
with the number of parameters, as well as training dataset
size and amount of training (Kaplan et al. 2020). Therefore,
we expect the next generation of LLMs to improve their per-
formance even more as they continue growing even larger.

However, the computational cost can become prohibitive
in many situations. As an example, it takes around 130.4GB
of memory just to load the largest Llama2 model (Touvron
et al. 2023a) (70 billion parameters in 16-bit precision), to-
taling up to two A100 80GB GPUs. This clearly shows that
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the use of LLMs can be a challenge in resource-constrained
environments.

Because of this, the field of model compression has be-
come crucial, specially on LLMs (Zhu et al. 2023). In
short, model compression techniques aim to reduce either
the space required to load a model, the computational cost of
performing the forward pass for inference, or both. Current
model compression techniques can be grouped in four types:
(i) Quantization-based techniques involve reducing the pre-
cision of the parameters and/or activations (Liu et al. 2023;
Kim et al. 2024; Yao et al. 2022; Park et al. 2022). (ii) Prun-
ing techniques, first introduced in LeCun, Denker, and Solla
(1989), consist on reducing the size of the model by remov-
ing parameters or components of the model. These tech-
niques can be divided into unstructured (Frantar and Alis-
tarh 2023; Zhang et al. 2023; Sun et al. 2023) and structured
approaches (Ma, Fang, and Wang 2023; Santacroce et al.
2023), where the main difference is that unstructured ap-
proaches remove individual parameters, leading to a sparse
model, whereas structured approaches remove connections
or hierarchical structures, therefore preserving the overall
network structure. (iii) Knowledge distillation aims to trans-
fer knowledge from a complex (teacher) model, into a sim-
pler (student) model (Hinton, Vinyals, and Dean 2015; Gu
et al. 2024; Agarwal et al. 2024; Huang et al. 2022; Shrid-
har, Stolfo, and Sachan 2023). (iv) Low-rank factorization
are techniques that try to approximate a parameter matrix by
a product of two lower-dimensional matrices, hence reduc-
ing the number of parameters (Povey et al. 2018; Idelbayev
and Carreira-Perpiñán 2020).

Although these works on model compression have
achieved great results, they generally focus on reducing the
computational size/cost of the model while maintaining the
general performance as much as possible. However, this
leads us to the following question: What if we want to take
advantage of the capabilities that an LLM has on a specific
task? In other words, is it possible to extract the minimal
subset from an LLM that is able to perform a specific task in
a faster, standalone manner?

Recent Mechanistic Interpretability (MI) works have
shown that specific tasks are indeed carried out by a number
of components that can be localized. The field of MI aims to
reverse-engineer neural networks to explain their behaviors
in human-understandable components (Elhage et al. 2021,
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2022; Olsson et al. 2022). The current workflow for most
of the works is to locate a circuit (Olah et al. 2020) (i.e. a
subset of the model) that is responsible for a specific task
by performing a series of causal interventions. For exam-
ple, Wang et al. (2023) show that the task of Indirect Ob-
ject Identification (IOI) in GPT-2 Small is performed by a
circuit composed of 26 attention heads grouped in 7 dif-
ferent classes, according to their role in the circuit. Like-
wise, Hanna, Liu, and Variengien (2023) apply different MI
techniques to show how GPT-2 Small performs the greater-
than operation. Similarly, Garcı́a-Carrasco, Maté, and Car-
los Trujillo (2024) localize the circuit responsible for three-
letter acronym prediction, as well as interpreting how the
different components of the circuit work.

There are already starting to appear automatic circuit dis-
covery (ACD) methods (Conmy et al. 2023; Bhaskar et al.
2024; Hanna, Pezzelle, and Belinkov 2024) that are able
to automatically identify the underlying circuit for specific
tasks with good performance. However, the focus of these
works has been solely on interpretability (i.e. localizing the
circuit or components that are relevant for a specific task)
whereas the potential for model compression has not been
explored, as these methods do not enable the extraction of
the discovered circuit for its independent usage. In fact, the
authors of Conmy et al. (2023) remark that their techniques
generally slow the forward pass of the LLM.

In this work, we propose a novel model pruning approach
that automatically extracts the subset of the model respon-
sible for carrying out a given task on an LLM, enabling its
standalone usage without any further training or fine-tuning.
Given a dataset that elicits the behavior or task of interest,
our approach will automatically identify the relevant com-
ponents and properly prune the LLM so that we obtain the
subset of components that are able to efficiently perform
the task. The resulting submodel/circuit will be (i) consider-
ably smaller in terms of the number of parameters, reducing
the required storage, (ii) require a lower number of opera-
tions, thus reducing the inference time and (iii) focused on
the components that perform the specific task under study,
improving our ability to understand it via MI techniques,
thereby increasing the model’s trustworthiness. We believe
that incorporating MI into model pruning approaches will
enable us to fully leverage the potential of LLMs across
a wide range of applications, yielding smaller, faster, and
more interpretable models. In summary, our contributions
are:

• We propose a novel MI-based pruning method that au-
tomatically extracts the subset of an LLM that is able to
properly perform a specific task of interest. Our approach
does not require any extra fine-tuning and leads to mod-
els with significantly lower size and inference time.

• We perform an exhaustive evaluation on three different
tasks whose circuits have been already manually iden-
tified on GPT-2 Small to (i) study the effect of the hy-
perparameters on the resulting pruned model (ii) evaluate
their accuracy, size and speed and (iii) show if the pruned
model contains the important components that were man-
ually identified in previous works.

The rest of the paper is structured as follows: Section 2
presents the required background. Section 3 describes our
approach to automatically extract task-specific circuits from
LLMs. Section 4 showcases the approach by performing an
exhaustive evaluation across different tasks and models. Fi-
nally, the conclusions are presented in Section 5.

2 Background
In this section, we will briefly present the required back-
ground and techniques that will be used to efficiently extract
task-specific circuits from LLMs.

Transformer Architecture
Practically all LLMs such as GPT (Radford et al. 2019;
Brown et al. 2020), Llama (Touvron et al. 2023a,b) or
LaMDA (Thoppilan et al. 2022) are based on the same trans-
former architecture (Vaswani et al. 2017). We will adopt and
briefly present the mathematical formulation of the trans-
former architecture presented in Elhage et al. (2021), as it
provides a better framework when it comes to our approach.

Essentially, the input to the model is a sequence of N con-
secutive tokens which are encoded into x0 ∈ RN×d via a
learned embedding matrix WE ∈ RV×d, V being the size
of the vocabulary and d the internal dimension of the model.
Now, the vector x0 is defined as the initial value of the resid-
ual stream, where all the components of the model read from
and write to. We can think of the residual stream as a main
channel which components can read and modify its contents.

There are two main types of components: attention heads,
and Multi-Layer Perceptrons (MLPs). The definition of
components depends on the level of granularity that we want
to achieve: we could break an MLP into several neurons, or
merge the different attention heads into an attention layer. In
our work, we decided to take individual attention heads and
MLPs as components.

Following this convention, an attention layer will be com-
posed by nhead different heads that will independently read
from the residual stream xi, perform the self-attention mech-
anism and write the result into the residual stream. Hence,
the value of the residual stream after this operation will be
the sum of each contribution and the previous value of the
residual stream:

xi+1 = xi +

nhead∑
j=0

hj(xi) (1)

where hj represents the output of the jth attention head,
which performs self-attention (Vaswani et al. 2017) on xi.
An MLP layer m will project the input to a larger space, ap-
ply a non-linearity, and project back into the residual space:

xi+2 = xi+1 +m(xi+1)

= xi+1 +W2(σ(W1xi+1 + b1)) + b2
(2)

Therefore, a sequence of an attention layer followed by
an MLP will be consecutively applied until the final residual
stream vector xL is unembedded via a unembedding matrix
WU ∈ Rd×V . Performing this unembedding operation leads
to the vector y ∈ RN×V where yij represents the logits of
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the jth token of the vocabulary for the prediction following
the ith token of the sequence.

Furthermore, the computational graph of any model can
be represented as a Directed Acyclic Graph (DAG), where
nodes represent activations and edges represent computa-
tions between these activations. Most of the works on MI
represent the models as a DAG and identify a subgraph that
is responsible for the task under study, i.e. the underlying
circuit.

Activation Patching
Activation patching, first presented in Meng et al. (2022),
consists on patching (i.e. replacing) the activations of a given
component with other values that disrupt its behavior. If
patching the activation of a given component does not cause
a significant drop in performance, it implies that such com-
ponent is not relevant to the task under study, hence enabling
us to locate the circuit.

There are several versions of patching that have been used
across the MI literature. In our work, we focus on two of
the most common, namely zero and mean ablation. Zero
ablation, which has been suggested as a gold standard for
interpretability research (McGrath et al. 2023), consists on
simply setting the activations of a given component to zero,
whereas mean ablation (Wang et al. 2023) replaces the acti-
vations with their average value across some reference dis-
tribution.

3 Extracting Task-Specific Circuits from
Large Language Models

As previously-mentioned, the aim of our approach is to ex-
tract a submodel from an LLM that is able to properly per-
form a specific task of interest. Even though there are al-
ready automated circuit discovery algorithms (ACDs) which
are able to identify most of the underlying circuit for a spe-
cific task, these approaches fail to extract it so that it can be
used in a standalone manner. In fact, the forward pass is typ-
ically slower than the vanilla LLM when the circuit has been
identified, and naı̈vely pruning every component outside of
the identified circuit yields disastrous results.

In this section, we present how to leverage these discovery
algorithms for extracting the identified circuits enabling its
independent usage. In other words, obtaining the minimal
submodel (that includes the circuit) that is able to perform
the specific task with a greatly reduced number of parame-
ters and increased speed.

The pseudocode of our approach is presented in Algo-
rithm 1. Essentially, given a LLM fθ and a dataset that elicits
the specific task of interest1 (which is split into a patching
and validation datasets Da and Dv), our method is able to
automatically obtain a pruned model gθ that is able to per-
form such task. This process will be controlled by several
hyperparameters, namely the threshold α, the type of abla-
tion used (either zero or mean ablation) and whether or not
to prune MLPs.

1Refer to Appendix A for a further discussion on the nature and
curation of this dataset.

More specifically, we first initialize gθ as the initial model
fθ and start traversing the different components of the LLM
starting at the last layer. At each step, the current component
is patched (using the patching dataset Da), yielding a tem-
porarily patched model g′θ. Then, we evaluate both g′θ and gθ
by computing the KL divergence between their predictions
and the original ones from fθ on the validation dataset Dv .

The difference between the computed KL divergences
KL(fθ ∥ g′θ)− KL(fθ ∥ gθ) quantifies the effect that patch-
ing the current component has on the performance of the
specific task. In other words, if the difference is large it im-
plies that the component had an important role on the spe-
cific task, whereas a small difference implies that the com-
ponent did not have a relevant impact, thus it can be dis-
carded. Therefore, we can specify a threshold α and if the
difference between the KL divergences is not larger, we can
permanently prune the current component and update gθ.

This operation is performed for every component, but we
can choose to prune only attention heads or include MLPs in
the pruning process as well. Unlike current ACD methods,
our approach truly prunes the model, obtaining a consider-
ably smaller and potentially faster submodel that is able to
perform the specific task under study. This was made possi-
ble by including the following modifications that differ from
current ACD methods:

• If we describe the LLM as a DAG where nodes are acti-
vations and edges are operations among these activations,
typical ACD methods work by patching edges instead of
nodes: this enables to identify the circuit at a finer level.
However, given that current accelerators excel at parallel
operations, when it comes to obtaining smaller and faster
submodels, it is better to prune nodes instead of edges.
Even though patching nodes instead of edges provides
us with a less precise circuit, ACD methods can still be
applied to the resulting submodel for its interpretability.

• As previously-mentioned, current ACD methods patch
different edges, but this does not translate to actually
pruning parts of the LLM. Our approach truly prunes
the components that are not relevant to the specific task,
yielding a smaller and potentially faster submodel.

Notice that other MI works use metrics different from
the KL divergence, typically derivations of the logit differ-
ence. For example, to identify the IOI circuit (Wang et al.
2023), the logit difference between the indirect object (cor-
rect name) and the subject (incorrect name) is used. How-
ever, it has been shown that the KL divergence is also able
to identify the circuit (Conmy et al. 2023), with the advan-
tage that it is a general metric that can be applied to any
single-token prediction task a generally yields more robust
results.

A more detailed discussion of the design choices is pre-
sented in Appendix B.

Patching vs. Pruning a Component
Current implementations of ACD methods work by adding
hooks into the LLM to modify (or patch) specific activa-
tions. This is really convenient when it comes to identifying
a circuit because it enables easy and precise manipulation
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Algorithm 1: Automatic Task-Specific Circuit Extraction
Data: Model fθ, patching dataset Da, validation dataset Dv ,evaluation threshold α, ablation scheme, include mlps
Result: Pruned model gθ
gθ ← fθ
for layer ← [num layers(fθ), ...0] do

for head← [num heads(fθ), ...0] do
g′θ ← gθ
// Temporarily ablate head
ablate head(g′θ, layer, head, ablation scheme,Da)
if kl div(fθ, g′θ, Dv)− kl div(fθ, gθ, Dv) < α then

// The node is not relevant, truly prune it
prune head(gθ, layer, head, ablation scheme,Da)

end
end
// Optionally prune MLPs
if include mlps = True then

g′θ ← gθ
// Temporarily ablate MLP
ablate mlp(g′θ, layer, head, ablation scheme,Da)
if kl div(fθ, g′θ, Dv)− kl div(fθ, gθ, Dv) < α then

// The node is not relevant, truly prune it
prune mlp(gθ, layer, head, ablation scheme,Da)

end
end

end
return gθ

of the internal activations. However, ablating a component
via a hook is not the same as pruning it: when patching, the
component is still in the model. This implies that a patched
model will have the same size as the unpatched model, and
the forward pass will even be slower due to the hooks.

On the other hand, pruning a component implies its re-
moval from the original model, resulting in a smaller model
with typically a faster forward pass. Our pruning approach
depends on the type of ablation that is being used: patch-
ing with zero ablation implies replacing the activations of a
component with a vector of zeros. As presented in Section
2, every component in the transformer architecture reads
from and writes to the residual stream in an additive manner,
therefore, zero ablation is equivalent to completely remov-
ing the component. Similarly, mean ablation replaces the ac-
tivations with their mean value across a reference distribu-
tion. Thus, this is equivalent to replacing the component by
adding a bias term to the residual stream, greatly reducing
the number of parameters and computational cost. Figure 1
shows a diagram of both types of pruning.

This enables us to remove 4d · dhead parameters for each
attention head and 2d · dmlp parameters for each MLP,
where d is the dimension of the residual vector space, dhead
is the dimension where the head operates (typically d =
nheaddhead, where nhead is the number of heads per layer,
and dmlp is the internal dimension of the MLP (typically
dmlp > d). Also, the inference time would also be reduced,
as the computational costs are O(Ndheadd + N2d) and
O(Nd · dmlp) for an attention head and MLP respectively,

where N is the size of the sequence. A more detailed mathe-
matical formulation of each pruning method is presented in
the Appendix C.

4 Evaluation
In order to evaluate the effectiveness of our proposal, this
section will be guided by the following questions:

• RQ1: How do the value of the threshold α, the type of
ablation and whether to prune MLPs or not affect the re-
sulting model?

• RQ2: How much smaller is the pruned model? Is the re-
sulting pruned model able to perform the specific task?

• RQ3 Does the resulting pruned model include the circuit
that performs the task under study?

• RQ4: How does our approach compare to a baseline dis-
tillation method?

Specifically, we will use our proposal to extract the under-
lying circuit of three different tasks whose circuit has been
studied and manually identified in previous works:

• Acronym Prediction (Garcı́a-Carrasco, Maté, and Car-
los Trujillo 2024): The authors studied the task of 3-letter
acronym prediction, e.g. "The Chief Executive
Officer (" → CEO. Despite this being a multi-
token task, we focus on the prediction of the third letter to
provide a more illustrative comparison to the other tasks.

• Indirect Object Identification (IOI) (Wang et al.
2023): The authors studied the task of predicting the
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Figure 1: High-level diagram of pruning a component with zero (center) and mean (right) ablation respectively, compared with
the original (left).

indirect object, e.g. "When Mary and John went
to the store, John gave a drink to "
→ "Mary".

• Greater-than (Hanna, Liu, and Variengien 2023): The
authors studied the ability to take in sentences such as
"The war lasted from the year 1732 to
the year 17", and predict valid two-digit end years
(years > 32).

We have chosen these tasks because their circuits have
been manually identified, therefore enabling us to compare
our approach to a ground truth. Similarly, we will focus on
GPT-2 Small (Radford et al. 2019), as the previous works
were focused on that model.

Our method is implemented on PyTorch (Paszke et al.
2019) by using the TransformerLens (Nanda and Bloom
2022) and HuggingFace transformer (Wolf et al. 2020) li-
braries. The experiments were performed on a RTX4090
GPU, on an estimated total of 72 hours of compute. 2

RQ1: Studying the Effect of the Hyperparameters
In this section, we study and provide evidence about how
the different hyperparameters affect to the resulting model,
namely the value of the threshold α, whether to perform zero
or mean ablation, and whether to include MLPs or not in the
process. We focus on the task of acronym prediction, but
the same analysis for the other two tasks can be found in
Appendix D.

Figure 2 shows the impact of the threshold α on the size3

of the resulting pruned model. The colors indicate the abla-
tion scheme used during the extraction process (e.g. mean
or zero ablation) whereas the solid/dashed lines represent
whether the MLPs were not included in the pruning process
(i.e. all the MLPs remain in the final submodel) or are in-
cluded, respectively.

The first thing to notice is that, as expected, the size of the
resulting submodel decreases as α is set to a larger value: a
larger threshold implies that for a component to be included

2The code and data required to reproduce the experiments and
figures, as well as the supplementary materials, can be found in
https://github.com/jgcarrasco/circuit-extraction

3From now on, we do not include the parameters of the embed-
ding/unembedding matrices, as these can be thought of as lookup
tables and should not be ablated.
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Figure 2: Impact of α in the resulting model size on the
acronym task.

in the final submodel it has to cause a larger increase in the
KL divergence when patched.

Another interesting fact is that, for the same value of
α, the resulting model when mean-ablating will be gener-
ally smaller than the obtained when zero-ablating. This can
be explained by the fact that zero-ablation is more likely
to send other components off-distribution; as every compo-
nent reads from and writes into the residual stream, com-
ponents that are at higher layers might be affected by the
zero-ablated component, but not by the mean-ablated, as it
is more likely to stay in-distribution. In other words, zero
ablating a component generally causes a larger increase in
KL divergence, hence more components are included into
the final submodel.

When it comes to including the MLPs or not into the prun-
ing process, it can be seen that there is no difference for
lower values of α, implying that in both cases, the attention
heads are pruned first. Then, as α is increased, it reaches
a certain point where the size of the resulting model drops
abruptly, hinting that MLPs are starting to get pruned. In
other words, this provides evidence that irrelevant attention
heads are prioritized in the pruning process, and MLPs are
starting to get pruned after all the irrelevant heads have been
pruned.

Figure 3 shows the relationship between the size reduc-
tion w.r.t the unpruned model and accuracy for different hy-
perparameter setups. The first thing to notice is that pruning
with zero ablation does not lead to any considerable size re-
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duction without a large drop in accuracy: we can only obtain
a proper submodel with up to 20% size reduction, as a larger
reduction hastily drops the accuracy to zero. Moreover, the
results show that zero ablation yields less consistent results
and are more noisy, as different executions with a fixed α
can give models with different size and/or accuracies.

On the other hand, when the pruning is performed via
mean ablation, we are able to obtain smaller submodels that
are able to preserve the accuracy and even improve it. For
example, in the case where MLPs are not included in the
pruning process, we are able to obtain a submodel that is
33% smaller, which contains just 2 attention heads and all
the MLPs and has 100% accuracy in the validation set. If
MLPs are included in the pruning process, we are able to
reduce the size by a large margin, but at the cost of some
accuracy. For example, we are able to obtain a model that is
66% smaller, which contains 3 attention heads and 6 MLPs
and has 83.6% accuracy on the validation set.
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Figure 3: Accuracy vs. size of the resulting submodel on the
acronym task.

Overall, the results suggest that zero ablation might be too
aggressive, requiring a large amount of components to be in-
cluded in the pruned model and therefore yielding larger and
slower models than when using a mean ablation scheme. On
the other hand, we found out that including MLPs into the
pruning process can greatly reduce the size of the resulting
model, but often at the cost of performance.

RQ2: Performance and Size Comparison
Table 1 shows the accuracy as well as the reduction in
the number of parameters compared to the baseline for the
pruned models obtained on the three different tasks. For each
task, we provide two results, one where MLPs are not in-
cluded in the pruning process and one where they are. The
thresholds were selected according to the results of the pre-
vious section, and mean ablation is used across all runs. In
order to provide more consistent results, we report the aver-
age values over five different runs with different batches of
data. The size of the batches are 250 for the acronyms and
greater-than tasks and 150 for IOI. A Table with extra in-
formation about the resulting size and inference time can be
found in Appendix E.

The results show that our approach yields models that are
able to perform the specific tasks while preserving or even

improving the performance of the original LLM (see Ap-
pendix E for extended results) while having a drastically re-
duced size and inference time. In general, including MLPs
in the pruning process gives even better size and time re-
ductions with negligible drops in performance. However, it
seems that some tasks might be more affected than others,
as we found that submodels with a reduction size of more
than 60% on the acronyms task gave a considerably lower
performance of 78.64% on average.

RQ3: Comparison to Manually Identified Circuits
One important aspect to take into account is to check
whether the pruned submodel contains the circuit that per-
formed the specific task in the original LLM. Specifically, as
shown on Table 1, we compare the attention heads present
in the pruned model with the heads that were manually iden-
tified in previous MI works and computed the True Positive
Rate (TPR) and False Positive Rate (FPR).

Interestingly, the TPRs are not very high, implying that
there are attention heads what were manually identified as
important that are not present in the pruned model. This
is most likely caused by the following facts. First, there
are manually identified heads that contribute very small
amounts to the performance, hence they can often be dis-
carded. For example, the authors of Garcı́a-Carrasco, Maté,
and Carlos Trujillo (2024) show that almost all the perfor-
mance on the acronyms task can be recovered with just 2/3
heads, where the circuit is composed by 8 heads. Second,
previous works might also use other kinds of ablation (e.g.
resampling ablation), whereas we use mean ablation. This
implies that heads that were deemed as important via other
ablation schemes can be approximated by their mean out-
put across a reference distribution (e.g. mean ablation) and
therefore discarded. There are also other factors that have
an effect such as the metric choice, the order of ablation,
or the human factor. However, the FPRs are extremely low,
suggesting that the pruned models contain the most impor-
tant heads that were also discovered manually in previous
works, which is actually what matters. Appendix F provides
a further discussion on this, including the ROC curves for
each task.

RQ4: Comparison to a Baseline
Even though our approach is built upon a completely differ-
ent motivation (i.e. extracting interpretable task-specific cir-
cuits from an already pretrained model), it is interesting to
compare our results with a baseline involving task-specific
model compression. Specifically, we will focus on the tech-
nique of model distillation (Ba and Caruana 2014), which
enables transferring information from a teacher, larger net-
work, to a student, smaller network.

We adopt a similar setup to Tang et al. (2019). Essentially,
they train the student model to output the same same log-
its than the teacher model across a given training dataset of
samples:

Ldistill = ||z(T ) − z(S)||22 (3)
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Task α MLP acc (%) ∆param (%) TPR (%) FPR (%)

Acronyms 8.86 · 10−2 False 99.92± 0.17 32.88± 0.00 20.00± 6.85 0.30± 0.40
3.50 · 10−2 True 78.64± 5.16 63.70± 3.10 40.00± 5.59 0.59± 0.33

IOI 8.53 · 10−3 False 100.00± 0.00 28.66± 0.50 57.40± 1.94 5.95± 0.69
1.88 · 10−2 True 96.53± 1.52 72.31± 2.98 35.65± 1.94 0.99± 0.37

Greater-than 8.53 · 10−2 False 100.00± 0.00 32.65± 0.00 37.50± 0.00 0.00± 0.00
8.53 · 10−2 True 99.84± 0.36 82.77± 0.13 25.00± 0.00 0.00± 0.00

Table 1: Evaluation of the pruned models obtained on each of the tasks for different values of α, as well as their recovery rates
when compared with the manually identified circuits. The reported results are averaged across five repetitions.

where z(T ) and z(S) are the teacher and student logits,
respectively. To provide a fair comparison, the teacher net-
work will be the same GPT-2 Small pretrained model as on
the previous experiments. Regarding the student network,
it will have the same transformer architecture, but with a
smaller number of layers. The model is trained by minimiz-
ing Ldistill for a total of 20000 epochs with the Adam opti-
mizer (Kingma 2014) and a learning rate of 10−3.

Distillation Ours
Task ∆param (%) acc (%) acc (%)

A 32.88± 0.00 12.53± 6.27 99.92± 0.17
63.70± 3.10 10.66± 2.89 78.64± 5.16

IOI 28.66± 0.50 2.40± 0.33 100.00± 0.00
72.31± 2.98 2.13± 0.65 96.53± 1.52

GT 32.65± 0.00 77.60± 32.11 100.00± 0.00
82.77± 0.13 93.20± 2.84 99.84± 0.36

Table 2: Comparison of the performance and size of the
pruned model obtained with our approach and the perfor-
mance of a student network with a similar size obtained by
knowledge distillation from GPT-2 Small.

Table 2 presents the results of our approach versus the
knowledge distillation approach for each of the three tasks of
study. Specifically, for each of the previous pruned models
obtained with our approach, we initialize the student model
as an N -layer transformer such that N is the largest num-
ber such that the size of the student model is less or equal
than the size of our resulting pruning model. Then, we start
the knowledge distillation procedure and report the largest
accuracy obtained in the validation dataset.

The results clearly show that the smaller models obtained
by distillation are unable to perform the specific task, with
the exception of the greater-than task. The main factor be-
hind this result is that we have used a small amount of data
samples, which are not enough for training a model from
scratch but sufficient to properly extract the subcircuit via
our method.

5 Conclusion
Recent works in MI have made impressive advances in
circuit identification to localize task specific behaviors on

LLMs. However, current methods ae not able to extract such
circuits to enable its standalone usage, thereby missing the
benefits of reduced size and inference time.

In this work, we proposed a novel circuit extraction
method that, given a datset that elicits a specific task of
interest, automatically prunes the LLM to obtain a mini-
mal subset capable of performing the task without additional
training or fine-tuning. We extensively evaluated our method
on three tasks, whose underlying circuits have already been
manually identified, demonstrating that the pruned models
obtained with our method are (i) able to properly perform
the specific task, often better than the original LLM (ii) con-
siderably smaller than the original LLM, with up to 82.77%
reductions in size and (iii) align with most results from pre-
vious literature on circuit identification, as they do not in-
clude components that were deemed as irrelevant on previ-
ous works. We also compared our approach with a distilla-
tion method and showed that the models obtained via dis-
tillation were not able to properly perform the tasks due to
requiring larger amounts of training data, whereas our ap-
proach is able to extract circuits with small amounts of data.

To the best of our knowledge, this is the first work
that tries to automatically extract task-specific circuits from
LLMs for its standalone usage as well as the first work that
proposes a MI-based pruning approach. In an era where the
size of the models is getting exponentially larger, the abil-
ity to distill task-specific subsets capable of performing with
significantly reduced computational overhead becomes in-
creasingly vital. Moreover, deploying entire LLMs not only
incurs unnecessary computational costs but also retains irrel-
evant components, exacerbating their black-box nature and
potentially introducing security vulnerabilities. Our work
tries to pave the way into leveraging the power of LLMs
by extracting task-specific circuits that are able to perform
faster, as well as being more interpretable. We believe this
to be a crucial step towards more efficient, trustworthy and
efficient AI systems.

Our work is limited to just one model and three fixed
sequence length, single-token prediction tasks, in order to
evaluate it on the current MI literature. However, these re-
sults show that extracting task-specific circuits from LLMs
is possible. Future work includes extending the evaluation
to more complex tasks such as multi-token prediction, gen-
erative tasks or sentiment analysis as well as using larger,
production-grade LLMs.
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