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Abstract

Transformer language models reliably achieve
high accuracy on many reasoning tasks; how-
ever, their internal mechanisms are not fully
understood. Mechanistic interpretability seeks
to remedy this gap by identifying task cir-
cuits within individual models, but it is unclear
whether such circuits generalize across model
families and scales. In this work, we study the
universality of circuits through the lens of nu-
merical comparisons, a simple and controlled
task that enables clean and causal interventions.
We conduct experiments on a set of transformer
models spanning different families and sizes
from 1.7b to 9b parameters. We find that mod-
els within the Qwen family exhibit a highly
consistent circuit structure across architecture
and scale, featuring localized attention heads
that write a task relevant signal. In contrast,
models from other families show qualitatively
different implementations, where task relevant
information emerges much earlier and is dis-
tributed across components as opposed to be-
ing concentrated within a small set of attention
heads. These results serve as evidence that task
behavior similarities do not imply mechanis-
tic universality and highlight the necessity for
cross model comparisons to claim generaliza-
tion of internal circuits.1

1 Introduction

Transformer models have demonstrated broad ca-
pabilities, including emergent behaviors that arise
primarily from scale rather than task-specific ar-
chitectural changes (Brown et al., 2020; Wei et al.,
2022). There has been a prevalent motivation to
understand how these models implement computa-
tions internally beyond just purely behavioral eval-
uation. In this field of research, mechanistic inter-
pretability aims to reverse engineer transformers by

1The code and data for this work is available
at https://github.com/KarenMkrtchyan/Mechanistic_
Analysis_of_Universality

identifying internal representations that implement
specific algorithmic behaviors (Elhage et al., 2021;
Olah et al., 2022b,a). Recent work has also devel-
oped practical intervention based tools for localiz-
ing and validating such circuits (Heimersheim and
Nanda, 2024; Wang et al., 2023). In the context of
numerical reasoning, previous results have shown
that small models can implement structured inter-
nal mechanisms for “greater than" tasks (Hanna
et al., 2023), suggesting that numerical comparison
behaviors may be driven by interpretable internal
structures instead of blunt memorization and pat-
tern matching.

A separate but related line of work questions
whether these internal representations and circuits
are generalizable across models: that is, whether
neural networks, trained with different objectives
on different data and modalities, have converging
representations. Prior work on neural network rep-
resentations suggests that different models are capa-
ble of having shared internal spaces despite differ-
ences in training dynamics (Kornblith et al., 2019).
More recent hypotheses propose that high level
features may be shared across architectures (Huh
et al., 2024). As such, there has been growing in-
terest in whether mechanistic circuits generalize
across different settings (Wang et al., 2024; Räuker
et al., 2023; Zhao et al., 2024; Ferrando and Costa-
jussà, 2024). In this work, we investigate numerical
comparison as a controlled setting for testing mech-
anistic universality, using causal interventions to
localize greater-than computation and compare the
extent to which analogous circuits emerge across
multiple transformer families.

2 Setup

To identify adequate models, we constructed a 4-
digit comparison prompt benchmark in the follow-
ing format: “Is 1923 > 1987? Answer:”. This
differs from other approaches such as “The war
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Model Accuracy (%) Number of Layers Number of Heads

Qwen3-1.7b 99.8 28 16
Qwen2.5-3b 99.8 36 16
Qwen3-4b 99.7 36 32
Qwen2.5-7b 99.7 28 28
Llama3-8b-instruct 98.1 32 32
Gemma2-9b-instruct 99.8 42 16

Table 1: Model benchmark results with architecture details (layers and heads) compiled from TransformerLens
documentation (Nanda et al., 2023). Models include Qwen2.5-3b and Qwen2.5-7b (Qwen et al., 2025) Qwen3-1.7b
and Qwen3-4b (Yang et al., 2025). Llama3-8b-instruct (Grattafiori et al., 2024), and Gemma2-9b-instruct (Team
et al., 2024)

started from 1923 and ended in 19. . . .”(Hanna et al.,
2023), but benefits us in finding a more algorithmic
boolean circuit rather than induction-like behavior.
Because the models we analyze do not tokenize
whitespace individually at the end of our prompts,
we focus on the output tokens “ Yes” and “ No”.
The benchmark consists of 1000 randomly gener-
ated prompts and a prediction is considered correct
if the model assigns a higher logit to the correct
truth value token rather than the incorrect token.
The models selected for analysis have achieved at
least 98% accuracy on this benchmark.

For our subsequent experiments, using the same
format as listed below, we create contrastive clean
and corrupt prompt pairs by swapping the numbers.
Clean prompts are designed to have truth values of
“ Yes", while corrupt prompts are the opposite with
truth values of “ No".
Clean - “Is XXXX > YYYY? Answer:”.
Corrupt - “Is YYYY > XXXX? Answer:”

3 Methodology

We first establish the notation for the transformer
architecture. A transformer layer consists of an
attention layer and a feedforward network block
(FFN). We adopt the notation and architectural de-
scription from Ferrando et al. (2024), where at a de-
coding step i each attention reads from the residual
streams at previous positions (≤ i). The attention
block is composed of multiple attention heads, and
each head computes

Attnl,h(X l−1
≤i ) =

∑

j≤i

al,hi,jx
l−1
j Wl,h

OV (1)

where Wl,h
OV is the combined value and output ma-

trices, xl−1
≤i is the residual stream at the previous

layer, and al,hi,j are the attention weights.
The attention block output is the sum of individ-

ual attention heads, which is subsequently added

back to the residual stream.

Attnl(X l−1
≤i ) =

H∑

h=1

Attnl,h(X l−1
≤i ), (2)

xmid,l
i = xl−1

i +Attnl(X l−1
≤i ) (3)

The FFN block is composed of two learnable
weight matrices: W l

in ∈ Rd×dffn and W l
out ∈

Rdffn×d. W l
in reads from the residual stream state

xmid,l
i , and its result is passed through an element-

wise non-linear activation function g, producing
the neuron activations. These get transformed by
W l

out to produce the output FFN(xmid
i ), which is

then added back to the residual stream.

FFNl(xmid,l
i ) = g(xmid,l

i Wl
in)W

l
out (4)

A mathematical framework formalizes circuit
discovery as tracing information flow through trans-
formers, linking representation transforms with
emergent behaviors (Elhage et al., 2021). We begin
looking for a circuit in Qwen2.5-3b to solve the nu-
merical comparison task by focusing on three com-
plementary approaches: activation patching, path
patching, and direct logit attribution (All experi-
ments were implemented using the Transformer-
Lens library (Nanda et al., 2023). Each method
provides a way of quantifying the causal or func-
tional role of a component in producing the correct
output token.

3.1 Activation Patching
Activation patching (Heimersheim and Nanda,
2024) is a causal intervention technique that we use
to identify which internal components of the trans-
former are responsible for promoting the correct
token output. Let xclean and xcorrupt be clean and
corrupt prompts, respectively, and let hℓ(x) denote
the intermediate activations of some component in
the layer ℓ. During a forward pass on a corrupt
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input, we can intervene on a model component by
replacing the intermediate activations produced by
the corrupt input hℓ(xcorrupt) with the correspond-
ing activations from the clean input hℓ(xclean). We
then measure how much the prediction changes
between the two runs by recording a normalized
logit difference between the correct and incorrect
answer tokens

∆zt =
zt(xpatched)− zt(xcorrupt)

zt(xclean)− zt(xcorrupt)
. (5)

where zt(x) is the logit of the token t given input
x. Normalizing the equation ensures that values
are comparable across prompts. If patching a com-
ponent shifts the model’s prediction on the corrupt
prompt toward the clean prompt’s answer token
(indicated by a positive ∆zt), then the component
may play a causal role in the task.

3.2 Direct Logit Attribution (DLA)
Direct Logit Attribution (DLA) is a decomposition
technique to measure the contribution of individual
internal components to the final logits of specific
output tokens by rearranging the traditional for-
ward pass formulation as shown in Equation (6).
(

L∑

l=1

H∑

h=1

Attnl,h(Xl−1
≤n ) +

L∑

l=1

FFNl(xmid,l
n ) + xn

)
WU

(6)

This allows us to measure the direct contribution
of every model component to the logits of the pre-
dicted token (Ferrando et al., 2024). Given a target
token t we can record the contribution of a vector,
hℓ, to the logit of t by projecting its output onto
the unembedding matrix WU to compute its direct
influence.

DLA(hℓ, t) = h⊤ℓ WU [:, t] (7)

This provides a means by which we can evaluate
how much a component directly increases or de-
creases the logit of a specific candidate token.

3.3 Path Patching
Path patching (Wang et al., 2023) is a technique
used to trace and quantify how information flows
through specific components of a model. In this
method, we identify a sender attention head that
influences one or more receiver heads. We can
perform causal interventions on the sender atten-
tion head which interacts with the key, query or
value inputs of other receiver attention heads while
freezing intermediate layers.

∆zt =
zt(xpatched patch)− zt(xcorrupt)

zt(xclean)− zt(xcorrupt)
. (8)

By measuring the resulting change in the model’s
output logits, we can determine the causal effect of
a pathway on the model’s behavior.

4 Circuits

A natural question that arises is if the models have
different internal representations for solving the
numerical comparison task when the length of the
digits in comparison differs. That is to say, does
comparing only digits in the range of 10-99 dif-
fer from comparing digits between 1000-9999 or
10000000-99999999. To address this we perform
activation patching on 100 pairs of corrupt and
clean prompts and display the average logit dif-
ference in Figure 1. We observe that regardless
of the digit length, patching the first digit in each
of the two numbers (pos 3 and pos 7 for 2-digit,
pos 3 and pos 9 for 4-digit, and pos 3 and pos 11
for 8-digit respectively) produces some measurable
change in the model’s logits (Figure 1). Notably,
this change aligns with the influence of the most
significant digit on the task. Furthermore, in all
three digit lengths, information seems to flow from
the attention block in layer 24 to the later down-
stream residual layers in the last position (Figure
1). These similarities between the activation patch-
ing results of the different digit lengths lead us
to only use the 4 digit length comparison dataset
moving forward. We get a deeper understanding of
the relevant attention layer components upon doing
patching on the head outputs of each layer at the
last position (Figure 1).

We identify two relevant heads to be
Layer24Head5 and Layer24Head7 due to
their high logit diff scores in comparison to the
rest of the heads (see Figure 1 for visualization
and Table 3 for exact scores). To provide further
evidence of the role of these two heads we make
use of principal component analysis (PCA).
Through PCA we are able to project the high
dimensionality vectors on lower dimensions
called principal components (PC), that capture the
important patterns of variation. In this setting we
apply PCA on the output vectors of the 2 selected
heads to project it into two dimensions (PC1 and
PC2) as seen in Figure 2. We observe that the PC1
vectors of both heads are able to clearly distinguish
between the corrupt and clean prompts that differ
in truth values.

To verify this observation, we perform PCA on
the input vector of these two heads, specifically the
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Figure 1: Activation patching results for Qwen2.5-3b on 2-digit (top), 4-digit (middle) and 8-digit (bottom)
comparison prompts on the residual stream, attention block outputs, MLP outputs, and attention heads at the last
position

residual stream input to Layer 24. When projecting
the residual input vectors onto the two leading prin-
cipal components, we observe that the two classes
are not yet clearly separable, as seen in Figure
3. This indicates that prior to the computations
of the attention heads at Layer 24 the model does
not encode class discriminative information. This
lack of separation suggests that Layer24Head5 and
Layer24Head7 are not simply reading and amplify-

ing information from other components in the resid-
ual stream. Instead, these heads themselves are
causally contributing to the appearance of “greater
than" signals. In contrast, when we apply PCA to
the input vectors of downstream residual layers,
such as Layer 25, we can see a clear separation be-
tween the two classes as demonstrated in Figure 3,
indicating the signal does indeed emerge at Layer
24.
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Figure 2: Projections of the 4 digit comparison dataset
onto the top 2 principal components of layer 24 head
5 (left) and layer 24 head 7 (right) vector outputs of
Qwen2.5-3b

Figure 3: Projections of the 4 digit comparison dataset
onto the top 2 principal components of layer 24 (left)
and layer 25 (right) residual stream vector inputs of
Qwen2.5-3b

Figure 4: Activation steering on layer 24 head 5 (left)
and layer 24 head 7 (right) principal component 1 vec-
tors of Qwen2.5-3b

To test the extent to which the relevant attention
heads exert causal influence, we perform activation
steering (Turner et al., 2024) along each head’s
principal activation direction using the PC1 vec-
tor of its output activations as shown in Figure 4.
During inference, we inject a copy of this direction
scaled by a magnitude of ±a to the head’s output
and measure the resulting change in a decision mar-
gin, denoted as log p(“ Yes")−log p(“ No"), which
records the logarithmic difference in the model’s
logit predictions towards the two output tokens of
interest. Steering produces a consistent, approxi-
mately linear shift in the decision margin. Negative
steering (−a) amplifies the existing margin, while
positive steering (+a) suppresses it and often flips
the model’s prediction (Figure 4).

Importantly, this behavior demonstrates that the
attention head is not merely correlating with the

final decision, but actively contributing to it. In-
jecting the head’s activation direction directly al-
ters the model’s confidence and, in many cases, its
output, providing causal evidence that this direc-
tion encodes decision-relevant information (Figure
4). The approximately linear relationship between
steering strength and margin shift further suggests
that the head contributes additively to the decision
signal rather than acting as a hard threshold or gat-
ing mechanism.

In order to identify the most causally impor-
tant edges within the previously identified set of
relevant attention heads, we perform path patch-
ing between sender and receiver heads. Specifi-
cally, we iterate over all attention heads and treat
them as potential senders, then for each sender,
we patch its contribution into each of the receiver
heads. In doing so we are able to isolate which di-
rected interactions between the heads are responsi-
ble for model behavior in the numerical comparison
task. We select Layer24Head5 and Layer24Head7
as receiver heads because of their already estab-
lished causal importance. Among the evaluated
edges, the path from Layer20Head12 to the re-
ceiver heads emerges as the most significant. Patch-
ing the edge Layer20Head12 → Layer24Head5
produces a logit difference of 0.14 while patch-
ing Layer20Head12 → Layer24Head7 produces
a logit difference of 0.10, both of which are no-
ticeably larger than the differences observed from
other connections (see Table 10). These results in-
dicate that Layer20Head12 is the primary writer to
both Layer24Head5 and Layer24Head7 suggesting
it plays an important downstream role in the circuit.

To further localize where task relevant compo-
nents may appear, we apply DLA at the neuron
level. We first compute a direction in the output
space by taking the difference between the unem-
bedding vectors for the yes and no tokens: “ Yes”, “
No”. We then project the output of each individual
neuron to get a scalar attribution score. A positive
score indicates that the neuron contributes to the
“ Yes” token, while a negative score indicates that
it contributes to the “ No” token. Analyzing the
identified most important neurons, we perform path
patching from every head to the important neuron.
We find that Layer24Head5 is the dominant contrib-
utor to the Layer30Index9475 neuron which has a
strong positive attribution score and thus promotes
the “ Yes" token. Conversely, Layer24Head7 is the
dominant contributor to the Layer31Index8338 neu-
ron which has a strong negative attribution score
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and promotes the “ No" token (see Appendix A.6
for full results).

Combining these findings with our earlier re-
sults, we know that Layer20Head12 writes to both
Layer24Head5 and Layer24Head7. This suggests
that Layer20Head12 serves as a branching point
in the circuit of two distinct downstream pathways
that support the “ Yes" and “ No" token predic-
tions separately. In this sense, the circuit appears
to be split into separate sub circuits routed through
attention heads that later reach the neuron level.

5 Universality of Circuits

To see how well our findings generalize, we re-
produced the experiments to other models across
different architectures and scales. We first look
at models of similar parameter size, specifically
Qwen3-1.7b and Qwen3-4b. Following the same
methodology used with Qwen2.5-3b, we begin by
running activation patching on the two new models
(Figure 5 and Figure 31). Our results show great
consistency across these models. Notably, we see
that there is the same measurable change in the
model’s logits when patching the position of the
first digit in the two numbers. Similarly, there is
the presence of an attention block with a high logit
diff that seems to be feeding information to later
downstream residual layers in the last position.

For Qwen3-1.7b, we see this attention block
present in Layer 17 (Figure 5) and head patching
reveals Layer17Head1 and Layer17Head11 as po-
tentially relevant heads in this circuit, analogous
to Layer24Head5 and Layer24Head7 in Qwen2.5-
3b. Applying PCA to these 2 heads confirms our
assumptions as we discover that there is a "greater
than" signal encoded in the first principal compo-
nent of the 2 heads’ output, indicated by the sep-
aration between the corrupt and clean data points
(Figure 6).

Figure 6: Projections of the 4 digit comparison dataset
onto the top 2 principal components of layer 17 head
1 (left) and layer 17 head 11 (right) vector outputs of
Qwen3-1.7b

Applying PCA on the residual stream vector in-
puts to Layer 17 (Figure 7) shows that the two
classes are not yet clearly distinguishable, like
Layer24Head5 and Layer24Head7. These heads
are not reading and amplifying a signal from other
model components, but are rather causally relevant
themselves. Furthermore, PCA on the inputs to the
downstream residual layers elicits clear separation
between the two classes. Steering on PC1 vectors
also yields similar causal intervention results as
previously done(Figure 8).

Figure 8: Activation steering on layer 17 head 1 (left)
and layer 17 head 11 (right) principal component 1 vec-
tors of Qwen3-1.7b

We then apply path patching and neuron DLA
to Qwen3-1.7b. We iterate on all heads identified
by activation patching as senders and receivers (see
Appendix A.6). Two of the most significant edges
are from Layer15Head9 to Layer17Head1 (0.25
logit diff) and Layer17Head11 (0.15 logit diff) (Ta-
ble 12). These two receiver heads are the two most
causal heads identified through path patching at the
last residual stream position. Again, we see a mid
to late layer serving as the primary sender to both
causal heads, similar to the role of Layer20Head12
in Qwen2.5-3b.

We then applied neuron DLA and identified the
Layer22Index310 neuron as having the strongest
positive attribution score (promotes the “ Yes" to-
ken), and Layer21Index806 as having the most
negative attribution score (promotes the “ No" to-
ken). Path patching from every head into these
neurons shows that these causal heads contribute
meaningfully to these top-token-promoting neu-
rons, though the contributions are more distributed
than in Qwen2.5-3b, it indicates a similar branch-
ing structure where a main circuit is split into “
Yes" and “ No" sub-circuits. This structure is con-
sistent among all Qwen models tested.

When looking at Qwen3-4b, we see that now,
instead of there being two relevant heads in the
attention block layer that produces a high logit dif-
ference, there is only one in Layer22Head5 (Table
6). However, the role of this single head still mim-
ics that of the other relevant heads, as we can see a
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Figure 5: Activation patching results for Qwen3-1.7b on 4-digit comparison prompts on the residual stream, attention
block outputs, MLP outputs, and attention heads at the last position

Figure 7: Projections of the 4 digit comparison dataset
onto the top 2 principal components of layer 17 (left)
and layer 18 (right) residual stream vector inputs of
Qwen3-1.7b

“greater than" signal encoded in the first principal
component of the head’s output (Figure 9). Simi-
larly, PCA on the input of Layer 22 does not show
separation, whereas PCA on other downstream lay-
ers do (Figure 13). The activation patching results
for the 4 digit comparison dataset in Qwen3-1.7b
(Figure 5) and Qwen3-4b (Figure 31) closely re-
semble what was seen in Qwen2.5-3b (Figure 1).

We now extend our analysis to models that ex-
ceed 3b parameters, namely Qwen2.5-7b (Figure
32), Llama3-8b-instruct (Figure 33), and Gemma2-
9b-instruct (Figure 34). Like before, all 3 mod-
els demonstrate a noticeable change in the logit
diff when patching at the position the most signif-
icant digit of each number (positions 3 and 9 for
Qwen2.5-7b and Gemma2-9b-instruct, positions 3
and 7 for Llama3-8b-instruct).

In Qwen2.5-7b, Layer18Head5 yields the largest
logit difference (Table 7), and the PCA of its out-
put reveals a clear separation between clean and
corrupt prompts (Figure 10), consistent with the
findings of the “greater than" signal. PCA applied

to the residual stream input of Layer 18 shows no
separation, while downstream residual layers do
(Figure 14), suggesting that this head is causally
relevant and not just reading from an existing sig-
nal. Activation patching for Llama3-8b-instruct
alludes to Layer15Head4 being a candidate head
(see Figure 33 for visualization and Table 8 for
exact score). The candidate head for Gemma2-9b-
instruct is Layer25Head8 (see Figure 34 for visu-
alization and Table 9 for exact score). However,
unlike the Qwen models, for Llama3-8b-instruct
and Gemma2-9b-instruct, PCA reveals that the sep-
arable class structure is already present in the resid-
ual stream inputs to the layers of the candidate
attention heads. In Llama3-8b-instruct, separabil-
ity emerges as early as Layer 13 (Figure 16), while
in Gemma2-9b-instruct partial separation begins
around Layer 18 (Figure 18) and strengthens pro-
gressively in later layers. In particular, although
certain heads achieve the highest logit difference
scores in comparison to the rest of the heads, (see
Table 8 for Llama3-8b-instruct and Table 9 for
Gemma2-9b-instruct) these scores are not sharply
distinguished from other heads. This reduced con-
trast suggests that the computation is no longer
localized to a small subset of attention heads but
is instead distributed across many heads. For this
reason we restrict our path patching and neuron
level DLA analyses to the Qwen models. Path
patching requires a well defined set of relevant
heads to be used as receivers for testing causal
edges, and neuron DLA is best interpretable when
specific heads responsible for driving high attribu-
tion neuron scores can be isolated. The results of
Llama3-8b-instruct and Gemma2-9b-instruct show-
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case that the candidate heads via activation patch-
ing are propagating and amplifying an existing sig-
nal rather than generating it.

Taken together, these results indicate that while
sensitivity to the most significant digit is preserved
across model scales, the localized head level circuit
in the Qwen models does not generalize cleanly to
other architectures. Instead, the numerical compar-
ison signals in models of different families appear
to emerge earlier than what activation patching al-
ludes, and are not tied down to one or two causally
relevant attention heads. These results suggest that
circuit localization may be dependent on model
family or training approaches, and that head level
mechanisms in one family may not transfer cleanly
to others.

6 Conclusion

In this work, we investigate the internal circuits
used by transformers when performing numeri-
cal comparison tasks to see if they were universal
across model families and scales. Using a combina-
tion of causal interventions and attribution methods,
including activation patching, path patching, and
direct logit attribution, we localized a set of model
components that drive a “greater than” signal and
traced how these signals propagated through the
model. Within the Qwen family we found strong
circuit consistency. Numerical comparison was im-
plemented by a localized circuit in which a small
set of attention heads played a causal role in writ-
ing a linearly separable “greater than" signal that
was routed through downstream layers and neu-
rons before reaching the output. However, this
structure did not generalize across different model
families. In Llama3-8b-instruct and Gemma2-9b-
instruct, task relevant information was encoded
earlier in the residual stream, and we failed to iden-
tify a set of sharply distinguished causal attention
heads, suggesting a more distributed internal im-
plementation. These results indicate that high task
accuracy or similar performance alone does not
imply mechanistic universality. An interesting di-
rection for future work would be to test whether the
“greater than" signal is applicable to non numerical
comparison settings, such as between objects in
size, weight, or quantity, rather than simply being
limited to digit level comparisons. More broadly,
our findings motivate interpretability efforts that
compare circuits across architectures, rather than
treating single model findings as representative of

how transformers compute tasks.

7 Limitations

In our analysis of circuits, we use activation patch-
ing and PCA to find representations. These tools
rely on models to learn sparse, localized features
which can be interpreted by humans. This ex-
poses a limitation of our mechanistic interpretabil-
ity toolkit as some models could not be reliably
studied. Our experimental results for Llama3-8b-
instruct and Gemma2-9b-instruct did not yield spe-
cific components to run path patching and DLA on.
So, a circuit for greater-than comparison might ex-
ist in these models, but could be highly distributed,
polysemantic, or operating in superposition. Our
result for non-universality apply, despite this limi-
tation. In future works, using sparse auto encoders,
a more diverse set of prompts, or a wider range of
models might address these limitations. Further
research could investigate whether the identified
numerical comparison signal generalizes to other
settings, helping determine if models learn a gen-
eral greater than representation, rather than a task
specific signal.
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A Attention Heads Ranking

Rank Layer Head Logit Diff

1 24 5 0.2715
2 24 7 0.1350
3 26 1 0.0476
4 24 0 0.0428
5 26 0 0.0344
6 24 4 0.0288
7 34 14 0.0269
8 35 12 0.0264
9 28 2 0.0244

10 28 5 0.0215

Table 2: Top 10 attention heads by logit diff
impact on Qwen2.5-3b 2 digit length
comparisons

Rank Layer Head Logit Diff

1 24 5 0.3706
2 24 7 0.2041
3 24 0 0.0731
4 26 1 0.0475
5 35 12 0.0341
6 26 0 0.0339
7 28 2 0.0297
8 24 4 0.0290
9 34 14 0.0247

10 28 5 0.0215

Table 3: Top 10 attention heads by logit diff
impact on Qwen2.5-3b 4 digit length
comparisons

Rank Layer Head Logit Diff

1 24 5 0.4653
2 24 7 0.2871
3 24 0 0.0933
4 28 2 0.0690
5 26 1 0.0681
6 35 12 0.0672
7 24 4 0.0652
8 26 0 0.0645
9 34 9 0.0560

10 34 14 0.0534

Table 4: Top 10 attention heads by logit diff
impact on Qwen2.5-3b 8 digit length
comparisons

Rank Layer Head Logit Diff

1 17 1 0.3174
2 17 11 0.2769
3 15 9 0.1665
4 17 0 0.1296
5 24 9 0.1296
6 18 15 0.1111
7 19 6 0.1091
8 23 6 0.1057
9 17 2 0.0956

10 18 14 0.0869

Table 5: Top 10 attention heads by logit diff
impact on Qwen3-1.7b 4 digit length
comparisons

Rank Layer Head Logit Diff

1 22 5 0.3320
2 23 0 0.1682
3 27 8 0.1606
4 23 25 0.0806
5 35 25 0.0624
6 26 25 0.0580
7 34 28 0.0551
8 22 15 0.0501
9 22 7 0.0418

10 23 2 0.0331

Table 6: Top 10 attention heads by logit diff
impact on Qwen3-4b 4 digit length
comparisons
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Rank Layer Head Logit Diff

1 18 15 0.2166
2 20 1 0.1261
3 18 4 0.1176
4 20 3 0.1163
5 19 23 0.1029
6 18 18 0.0900
7 23 27 0.0823
8 19 24 0.0623
9 26 26 0.0592

10 19 21 0.0564

Table 7: Top 10 attention heads by logit diff
impact on Qwen2.5-7b 4 digit length
comparisons

Rank Layer Head Logit Diff

1 15 4 0.2322
2 13 21 0.0896
3 31 3 0.0654
4 14 24 0.0600
5 30 27 0.0479
6 15 8 0.0468
7 13 12 0.0437
8 31 14 0.0322
9 26 23 0.0316

10 12 21 0.0314

Table 8: Top 10 attention heads by logit diff
impact on Llama3-8b-Instruct 4 digit length
comparisons

Rank Layer Head Logit Diff

1 25 8 0.0830
2 38 14 0.0697
3 31 3 0.0681
4 26 9 0.0539
5 40 10 0.0539
6 41 10 0.0518
7 36 0 0.0393
8 41 0 0.0359
9 24 3 0.0298

10 25 9 0.0275

Table 9: Top 10 attention heads by logit diff
impact on Gemma-2-9b-Instruct 4 digit length
comparisons

B PCA Head Outputs

Figure 9: Projections of the
4 digit comparison dataset
onto the top 2 principal
components of layer 22
head 5 vector output of
Qwen3-4b.

Figure 10: Projections of
the 4 digit comparison
dataset onto the top 2 prin-
cipal components of layer
18 head 15 vector output of
Qwen2.5-7b.

Figure 11: Projections of
the 4 digit comparison
dataset onto the top 2 prin-
cipal components of layer
15 head 4 vector output of
Llama3-8b-Instruct.

Figure 12: Projections of
the 4 digit comparison
dataset onto the top 2 prin-
cipal components of layer
25 head 8 vector output of
Gemma2-9b-Instruct.

C PCA Layer Input Vectors

Figure 13: Projections of the 4 digit comparison dataset
onto the top 2 principal components of Layer 22 (left)
and Layer 23 (right) residual stream vector inputs of
Qwen3-4b
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Figure 14: Projections of the 4 digit comparison dataset
onto the top 2 principal components of layer 18 (left)
and layer 19 (right) residual stream vector inputs of
Qwen2.5-7b

Figure 15: Projections of the 4 digit comparison dataset
onto the top 2 principal components of layer 15 residual
stream vector input of Llama3-8b-Instruct

Figure 16: Projections of the 4 digit comparison dataset
onto the top 2 principal components of layer 12 (left)
and layer 13 (right) residual stream vector inputs of
Llama3-8b-Instruct

Figure 17: Projections of the 4 digit comparison dataset
onto the top 2 principal components of layer 25 residual
stream vector input of Gemma2-9b-Instruct

Figure 18: Projections of the 4 digit comparison dataset
onto the top 2 principal components of layer 17 (left)
and layer 18 (right) residual stream vector inputs of
Gemma2-9b-Instruct

D Activation Steering

Figure 19: Activation steering on Layer 22 Head 5
principal component 1 vector of Qwen3-4b

Figure 20: Activation steering on layer 18 head 15 prin-
cipal component 1 vector of Qwen2.5-7b

Figure 21: Activation steering on layer 15 head 4 prin-
cipal component 1 vector of Llama3-8b-Instruct
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Figure 22: Activation steering on layer 25 head 8 prin-
cipal component 1 vector of Gemma2-9b-Instruct

E Path Patching and DLA

Figure 23: Qwen2.5-3B results of path patching each
head as the sender node into the the final residual
stream position to capture the direct effect of each
one of our heads. -1 would mean performance is de-
stroyed(noising).

Figure 24: Qwen2.5-7B results of path patching each
head as the sender node into the the final residual
stream position to capture the direct effect of each one
of our heads. -100% would mean performance is de-
stroyed(noising).
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Figure 25: Qwen3-1.7B results of path patching each
head as the sender node into the the final residual
stream position to capture the direct effect of each one
of our heads. -100% would mean performance is de-
stroyed(noising).

Figure 26: Qwen3-4B results of path patching each head
as the sender node into the the final residual stream posi-
tion to capture the direct effect of each one of our heads.
-100% would mean performance is destroyed(noising).

Table 10: Top path patching edges for Qwen2.5-3b

Edge Logit Diff

20.12 → 24.5 0.1494
20.12 → 24.7 0.1045
19.0 → 20.12 0.0791
24.5 → 28.2 0.0311
24.5 → 28.5 0.01697
24.7 → 28.2 0.01697
24.7 → 28.5 0.0085

Table 11: Top path patching edges for Qwen2.5-7b

Edge Logit Diff

18.4→ 19.23 0.0617
0.3 → 18.15 0.0429
0.6 → 7.13 0.0349
18.15 → 20.3 0.0322
18.15 → 20.1 0.0322

Table 12: Top path patching edges for Qwen3-1.7b

Edge Logit Diff

13.11 → 15.9 0.4043
15.9 → 17.1 0.2461
15.9 → 17.11 0.1533
12.1 → 13.11 0.1123
0.7 → 13.11 0.03662

Table 13: Top path patching edges for Qwen3-4b

Edge Logit Diff

22.6 → 23.0 0.01883
22.6 → 27.8 0.01014
16.17 → 22.6 0.00660
0.22 → 22.6 0.00164
19.11 → 27.8 0.00131
19.11 → 23.0 0.00084

Table 14: Top neurons by DLA score for Qwen2.5-3b

Layer Neuron Score Abs Score

30 9475 2.3410 2.3410
31 8338 −2.2328 2.2328
30 1114 2.0075 2.0075
34 7828 1.7659 1.7659
31 5155 1.5099 1.5099
33 6614 −1.4895 1.4895
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Figure 27: Path patching from every attention head to
neuron layer 30 index 9475 in Qwen2.5-3b (layer 24
head 5 is the head with the most contribution)

Figure 28: Path patching from every attention head to
neuron layer 31 index 8338 in Qwen2.5-3b (layer 24
head 7 is the head with the most contribution)

Table 15: Top neurons by DLA score for Qwen3-1.7b

Layer Neuron Score Abs Score

22 310 3.1884 3.1884
21 806 −2.9877 2.9877
26 2520 −2.8126 2.8126
26 4698 −2.7594 2.7594
24 3520 2.4793 2.4793
26 3946 2.4279 2.4279

Figure 29: Path patching from every attention head to
neuron layer 22 index 310 in Qwen3-1.7b (layer 17 head
11 is the head with the most contribution)

Figure 30: Path patching from every attention head to
neuron layer 21 index 806 in Qwen3-1.7b (layer 17 head
9 is the head with the most contribution)

F Activation Patching
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Figure 31: Activation patching results for Qwen3-4b on 4-digit comparison prompts on the residual stream, attention
block outputs, MLP outputs, and attention heads at the last position

Figure 32: Activation patching results for Qwen2.5-7b on 4-digit comparison prompts on the residual stream,
attention block outputs, MLP outputs, and attention heads at the last position

Figure 33: Activation patching results for Llama3-8b-Instruct on 4-digit comparison prompts on the residual stream,
attention block outputs, MLP outputs, and attention heads at the last position

966



Figure 34: Activation patching results for Gemma2-9b-instruct on 4-digit comparison prompts on the residual
stream, attention block outputs, MLP outputs, and attention heads at the last position
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