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Abstract

Recent work has increasingly explored neuron-
level interpretation in vision-language models
(VLMs) to identify neurons critical to final
predictions. However, existing neuron anal-
yses generally focus on single tasks, limiting
the comparability of neuron importance across
tasks. Moreover, ranking strategies tend to
score neurons in isolation, overlooking how
task-dependent information pathways shape
the write-in effects of feed-forward network
(FFN) neurons. This oversight can exacerbate
neuron polysemanticity in multi-task settings,
introducing noise into the identification and
intervention of task-critical neurons. In this
study, we propose HONES (Head-Oriented
Neuron Explanation & Steering), a gradient-
free framework for task-aware neuron attribu-
tion and steering in multi-task VLMs. HONES
ranks FFN neurons by their causal write-in con-
tributions conditioned on task-relevant atten-
tion heads, and further modulates salient neu-
rons via lightweight scaling. Experiments on
four diverse multimodal tasks and two pop-
ular VLMs show that HONES outperforms
existing methods in identifying task-critical
neurons and improves model performance af-
ter steering. Our source code is released at:
https://github.com/petergit1/HONES.

1 Introduction

Large vision-language models (VLMs) have
demonstrated strong multi-task capabilities across a
wide range of vision-language applications, includ-
ing visual question answering (VQA) (Liu et al.,
2023; Dai et al., 2023), optical character recog-
nition (OCR) (Ye et al., 2023; Hu et al., 2025),
and image captioning (Li et al., 2023; Liu et al.,
2025). Despite their impressive performance, the
internal decision-making process of these models
remains opaque, as multiple capabilities are en-
tangled within shared parameters, hindering error
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attribution and limiting reliability and controlla-
bility in real deployments. To address this gap,
recent studies have increasingly focused on model
interpretability, particularly neuron-level analysis,
which offers fine-grained and actionable insights
for model diagnosis and editing (Lin et al., 2025;
Shu et al., 2025; Meng et al., 2022).

Existing neuron analysis largely focuses on large
language models (LLMs) (Zhao et al., 2024; Tang
et al., 2024; Yu and Ananiadou, 2024). Recently,
this line of work has begun to extend to multimodal
settings (Huang et al., 2024; Huo et al., 2024; Pach
et al., 2025). Research in this area primarily fol-
lows two strands: (1) ranking neurons to identify
those most salient to model prediction (Wang et al.,
2025a; Dang et al., 2024), and (2) analyzing the se-
mantic information encoded by individual neurons
(Pach et al., 2025; Sajjad et al., 2022).

Despite remarkable progress, existing neuron
analysis methods face two key limitations. First,
they typically focus on interpreting neurons within
a single task (e.g., VQA), leaving the comparability
of these interpretability methods across tasks un-
derexplored. This issue becomes particularly pro-
nounced for tasks with distinct characteristics and
heterogeneous outputs, such as question answer-
ing versus image–text matching. Second, many
approaches analyze neurons in isolation, which
leads to high computational cost, especially in large
VLMs with expansive FFN layers, and becomes
even more prohibitive in long-context multimodal
settings. Moreover, treating neurons independently
while overlooking task-relevant routing context
from attention heads may exacerbate polyseman-
ticity in multi-task VLMs (Oikarinen and Weng,
2024; Haider et al., 2025). As a result, neurons
participating in multiple routing paths can receive
inflated importance scores, ultimately leading to
noisier identification of truly task-relevant neurons.

To address the aforementioned issues, we pro-
pose HONES (Head-Oriented Neuron Explanation
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& Steering), a unified, gradient-free framework
for context-guided neuron attribution in multi-task
VLMs, enabling consistent interpretability across
heterogeneous readouts. Specifically, HONES
builds upon a structured causal view of model com-
putation, where attention heads select and route
task-critical inputs, while downstream FFN neu-
rons write the routed information into the residual
stream for final prediction (Elhage et al., 2021).
Following this consideration, we first localize task-
critical attention heads via causal interventions and
then use these routing signals to guide downstream
neuron attribution. With our findings, we further in-
troduce a lightweight steering method that freezes
the backbone and learns only sparse scaling factors
over the identified task-critical neurons, enabling
controlled task-specific improvements.

We perform HONES on four diverse multimodal
tasks (i.e., VQA, OCR, captioning, and image-to-
text retrieval) and evaluate it on two representative
VLMs (i.e., LLaVA and Qwen). Our key findings
include: (1) HONES outperforms state-of-the-art
neuron ranking methods in identifying task-critical
neurons across all tasks and both VLMs; (2) task-
critical neurons present task-dependent layer pref-
erences; (3) key neurons shared across multiple
tasks are more salient than task-specific ones, par-
ticularly those overlapping with VQA; and (4) our
lightweight steering method effectively improves
performance across all four tasks on both VLMs.

Overall, our main contributions are as follows:

• We propose HONES, a head-conditioned
and gradient-free framework for neuron-level
causal attribution and steering in multi-task
VLMs, where FFN neurons are identified un-
der task-relevant routing context rather than
scored in isolation.

• We uncover a variety of novel insights into
task-critical neuron patterns that advance the
understanding of VLM mechanisms in cross-
task generalization.

• We apply HONES to improve model perfor-
mance via lightweight steering on the iden-
tified task-critical neurons. Experiments on
four diverse multimodal tasks and two VLMs
show consistent improvements.

2 Related Work

Large VLMs. Existing large VLMs typically
combine a powerful visual encoder with an LLM.

Popular training strategies include in-context mul-
timodal conditioning like Flamingo (Alayrac et al.,
2022) and visual instruction tuning for general-
purpose task following, such as LLaVA (Liu et al.,
2023) and InstructBLIP (Dai et al., 2023). These
models, especially open-source ones, have made
steady progress in supporting higher-resolution vi-
sual inputs and document-centric understanding,
as demonstrated by InternVL (Chen et al., 2024),
mPLUG-Owl2 (Ye et al., 2024), and Qwen2.5-VL
(Bai et al., 2025). Despite offering similar func-
tionality, they differ in how visual signals are in-
jected and how multi-task behaviors are routed in-
ternally, motivating mechanistic analysis across
backbones. In this work, we focus on two represen-
tative models—LLaVA-1.5-7B (Liu et al., 2023)
and Qwen2.5-VL-7B (Bai et al., 2025) to evalu-
ate the generalizability of our findings and steering
method across different model architectures.

Neuron-level Interpretability. Existing neuron-
level interpretability in VLMs largely inherits
strategies from LLM-based studies. For example,
prior work views FFN/MLP blocks as memory- and
computation-like units that “write” into the resid-
ual stream, localize key neurons associated with
facts/capabilities, and validate their causal roles
through targeted interventions (Geva et al., 2021;
Dai et al., 2022). Recently, dictionary learning and
sparse autoencoders (SAEs) have highlighted that
features (rather than individual neurons) offer sta-
ble analysis units, mitigating polysemanticity and
enhancing interpretability (Bricken et al., 2023).

Building on this foundation, existing neuron-
level studies for VLMs can be organized into
two complementary streams: (1) causal analy-
sis of model structure and (2) semantic analy-
sis of latent representations. The former focuses
on identifying which components causally drive
the output behavior, and includes intervention-
based analyses and activation-based neuron dis-
covery followed by ablation or gating validation
(e.g., domain-specific neurons (Huo et al., 2024),
modality-specific neurons (Huang et al., 2024), and
culture-sensitive neurons (Zhao et al., 2026)). It
also covers readout-aligned neuron scoring, includ-
ing prediction-probability-change methods (Yu and
Ananiadou, 2024), as well as broader attribution
methods that anchor neuron importance to output-
side changes, yielding more direct and testable con-
tribution mappings (Schwettmann et al., 2023; Pan
et al., 2024; Fang et al., 2024; Wang et al., 2025a).
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Relatedly, MultEdit (Basu et al., 2024) provides
complementary mechanistic evidence by editing
early causal MLP blocks in multimodal LLMs. The
latter is mainly represented by SAE-based sparse
dictionary learning, which learns sparse and more
monosemantic feature factors to characterize how
high-level semantics are organized in representa-
tion space, and has been extended to visual or
vision-language representations to support inter-
pretability analysis and steering (Pach et al., 2025;
Lim et al., 2025).

Our work differs from existing methods in three
aspects. First, unlike intervention-based analyses
that rely on token-level objectives and counterfac-
tual constructions, HONES provides a unified scor-
ing interface across heterogeneous task readouts,
which is particularly useful for open-ended genera-
tion and retrieval ranking. Second, unlike readout-
aligned attribution methods, HONES conditions
neuron scoring on localized evidence-routing at-
tention heads, yielding cleaner and more compa-
rable neuron sets under shared parameters. Third,
HONES is gradient-free and scalable: once key
routing heads are identified, it requires only a con-
stant number of additional forward passes and com-
putes all FFN neuron scores jointly in a vectorized
manner, avoiding the per-unit patching bottleneck
of fine-grained causal methods. Compared with
feature-level approaches such as SAEs, HONES
is also model-native and directly supports causal
attribution and lightweight steering on the original
backbone without additional feature learning.

3 Preliminaries

Multi-task VLM. We consider a multi-task
VLM with parameters θ over heterogeneous tasks
T = {Tvqa, Tocr, Tcap, Tret, . . .}. For a task t ∈ T ,
each example is a labeled pair (x, y) ∈ Dt, where
the input is a multimodal sequence x = [xv, xt] (vi-
sual and textual tokens), and y is the task-specific
ground-truth output. Given x, the model produces
a task prediction ŷ (e.g., short answers for VQA,
character sequences for OCR, free-form captions
for captioning, or decisions/rankings for retrieval).
Note that our focus differs from multi-domain in-
vestigations, which typically study a fixed task
across substantially different visual distributions
(e.g., natural to medical imagery) (Huo et al., 2024).
In contrast, we focus on heterogeneous tasks within
a shared visual domain, enabling controlled cross-
task comparison of neuron attribution without con-

founding from domain shift.

Neuron Definition. Following Huo et al. (2024),
we focus on the two FFN layers at a Transformer
layer ℓ, denoted as W

(ℓ)
up ∈ Rd×dff and W

(ℓ)
down ∈

Rdff×d. Let z(ℓ) ∈ Rdff be the intermediate activa-
tions of the last token in x after the first FFN at
layer ℓ, which directly affects next-token predic-
tion in autoregressive decoding. We then define the
i-th neuron at layer ℓ as the i-th element of z(ℓ), de-
noted as z(ℓ)i ∈ R, which is associated with its input
weight W(ℓ)

up [:, i] and output weight W(ℓ)
down[i, :].

This definition ties a neuron to a concrete, manipu-
lable computation in the model’s FFN parameters.
Formally, we denote the index set of all neurons in
θ as U = {(ℓ, i) | ℓ ∈ [1, L], i ∈ [1, dff ]}.
Unified Dataset and Splits. We start from a uni-
fied multi-task dataset D constructed on a shared
image set. For each task t, we derive the task-
specific labeled set Dt ⊆ D by keeping the same
image xv and only changing the task instruction
xt to form x with the corresponding label y. We
split each Dt into three disjoint subsets: Ddisc

t ,
Ddev

t , and Dtest
t , with no overlap in images across

splits. We use Ddisc
t for head/neuron discovery

(§4.1, §4.2), Ddev
t for learning the scaling factors

(§4.3), and use Dtest
t only to verify causal impor-

tance by masking the discovered neurons and mea-
suring the induced performance drop.

Instance-level Task Performance as a Scalar.
We define an instance-level task performance scalar
Pt(x, y; θ) ∈ R where higher is better. Concretely,
Pt can be instantiated by the task-specific evalua-
tion metric applied to the model prediction (e.g.,
VQAv2 accuracy, ANLS, BLEU-4, or NDCG@5
under a fixed evaluation protocol).

Pt(x, y; θ) = Metrict
(
ŷ, y

)
. (1)

Problem Definition For any neuron subset S ⊂
U , let IS be a masking operator that suppresses ac-
tivations of neurons in S at inference time, yielding
an intervened model θIS . We quantify the causal
importance of S on a labeled example (x, y) by the
performance drop:

∆Pt
(
(x, y);S

)
= Pt(x, y; θ)− Pt

(
x, y; θIS

)
.

Our goal is to identify, for each task t ∈ T , a
compact set N ∗

t of K task-critical neurons whose
causal intervention induces a large expected per-
formance drop under the task utility Pt for data
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Figure 1: Overview of HONES. Left: Discovery task neurons via head-guided, readout-aligned write-in scoring.
Right: Steering employs sparse activation scaling on a frozen backbone to enhance task performance.

in Dtest
t , i.e., masking these neurons should signifi-

cantly reduce task performance. We discover such
neurons on the discovery split Ddisc

t and evaluate
the induced performance drop ∆Pt on the held-out
test split Dtest

t to assess generalization.

4 Method

Overview. Figure 1 overviews HONES, a two-
stage framework for readout-aligned neuron dis-
covery and causal steering in multi-task VLMs.
For discovery, we localize a sparse set of task-
critical attention headsH∗

t via causal head interven-
tions (§4.1), then identify task-critical FFN neurons
by measuring each neuron’s task-target-aligned
causal write-in contribution conditioned onH∗

t us-
ing direct vocabulary projection (§4.2). In steering
(§4.3), we freeze the model θ and learn only sparse
neuron-wise scaling factors on N ∗

t with a KL-
regularized objective, which both verifies causality
and enables controllable task improvements.

4.1 Critical Head Localization

Our primary objective is to identify task-critical
FFN neurons. Given that FFN write-ins are routed
and aggregated via self-attention mechanisms, we
first localize a sparse set of critical “routing nodes”
(attention heads) prior to neuron-level attribution.
This step is essential to constrain the search space
and isolate effective computational pathways.

To this end, we adopt V-SEAM (Wang et al.,
2025b), a state-of-the-art causal head localization
method with a mean-replacement intervention op-
erator. Let o(h)(x) be the output of head h in a
certain layer. The mean-replacement intervention
Ih replaces this head’s output with the mean of the
remaining H − 1 heads:

õ(h)(x) =
1

H − 1

∑

h′ ̸=h

o(h
′)(x). (2)

We then update the target head output by setting
o(h)(x)← õ(h)(x) during the forward pass. Com-
pared with hard zero-masking, mean-replacement
reduces out-of-distribution artifacts.

Head Importance Score. A head’s importance
score is computed by the expected degradation in
the task utility over the dataset Ddisc

t :

St(h) = E(x,y)∼Ddisc
t

[
∆Pt

(
(x, y); Ih

)]
. (3)

Here ∆Pt
(
(x, y); Ih

)
= Pt(x, y; θ) −

Pt
(
x, y; θIh

)
, where θIh denotes the model

under intervention in Eq. (2). We select the
Top-Kh heads sorted by St(h) asH∗

t .

4.2 Fine-grained Localization: Head-Guided
Neuron Attribution

Motivation and Formulation. After localizing
the critical routing nodes (the critical head setH∗

t ),
we trace back and identify the FFN neurons that
provide causally relevant information along these
pathways. A common heuristic ranks neurons by
activation magnitudes (Huang et al., 2024; Xu et al.,
2025), but highly activated neurons can be polyse-
mantic, inhibitory, or write information that is sub-
sequently filtered out by attention routing, resulting
in many false positives and unstable task-critical
sets. Our intuition follows the key–value memory
view of Transformer FFNs (Geva et al., 2021): once
triggered, a neuron writes a content-bearing update
into the residual stream via its down-projection di-
rection. Formally, given H∗

t and the neuron full
set U , we aim to produce a globally ranked list and
select the task-critical neuron set N ∗

t .
Our key idea is to first compute a sample-level

contribution score cℓ,i(x, y; θ) of a neuron (ℓ, i)
given a sample (x, y) ∈ Ddisc

t , then apply head-
guided interventions using h ∈ H∗

t to quantify an
overall importance score Iℓ,i over all instances in
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Ddisc
t , and lastly select the top K neurons by Iℓ,i

to form the task-critical neuron set N ∗
t . We detail

these three steps below.

Sample-level Write-in Contribution cℓ,i(x, y; θ).
The goal here is to quantify the contribution of
neuron (ℓ, i) in the model θ to the prediction of
y given x. With the notations in §3, we consider
an FFN neuron (ℓ, i) ∈ U and obtain its scalar
activation z

(ℓ)
i by a forward pass of the last token

in x using the model θ. By downprojection in
the second FFN, we compute the neuron’s output
vector written into the subsequent residual stream
as:

∆r
(ℓ)
i = z

(ℓ)
i W

(ℓ)
down[i, :] ∈ Rd. (4)

To quantify the write-in contribution of this
residual increase ∆r

(ℓ)
i to the next-token predic-

tion, we apply the direct vocabulary projection
(DVP), which reuses the LM’s prediction head to
project the residual stream to the vocabulary space
V . Specifically, let U ∈ R|V|×d be the unembed-
ding matrix in the LM’s prediction head, where
uv = U[v, :] is the unembedding vector of a token
v ∈ V . We then compute the neuron’s contribution
to affect the probability of predicting v by:

cℓ,i(x, v; θ) = ⟨∆r
(ℓ)
i ,uv⟩ (5)

Since the ground-truth target y may contain a
varying number of tokens, we need to aggregate its
tokens to compute the unembedding vector uy of
y before computing cℓ,i(x, y; θ). To this end, we
propose to compute uy for two categories of y.

1. Fixed-set Targets in tasks like VQA, OCR and
retrieval where y is restricted to a fixed set of possi-
ble outputs. In this case, we compute the target vec-
tor uy as the normalized mean unembedding vec-

tors for all the tokens in y, i.e., uy =
∑

v∈y uv

∥∑v∈y uv∥
2

.

2. Open-ended Targets in tasks like captioning
where y can be any valid sentences. As not all
tokens in y are equally important to estimate uy,
we estimate the inverse document frequency (IDF)
α(v) of each token v in y using the instances in
Ddisc

t ; see the IDF measure in Appendix D.1. We
compute an IDF-weighted semantic center by:

uy =

∑
v∈y α(v)uv∥∥∥

∑
v∈y α(v)uv

∥∥∥
2

. (6)

Similar to Eq. (5), we can compute the sample-
level write-in contribution as:

cℓ,i(x, y; θ) = ⟨∆r
(ℓ)
i ,uy⟩. (7)

Head-guided Importance Score Iℓ,i. To condi-
tion attribution on the critical routing pathways, for
each critical head h ∈ H∗

t we apply a head inter-
vention Ih (§4.1) during inference and recompute
the neuron’s contribution cℓ,i(x, y; θIh) using the
intervened model θIh . We measure the contribution
drop due to head-guided intervention with respect
to the original model θ as

∆c
(h)
ℓ,i (x, y) = [cℓ,i(x, y; θ)− cℓ,i(x, y; θIh)]+,

where [u]+ = max(u, 0) ensures to focus on neu-
rons whose task-specific contribution drops when
critical head routes are disrupted. We then aggre-
gate the contribution drop across heads and data by
a head-importance–weighted average:

Iℓ,i =
∑

h∈H∗
t

wh E(x,y)∼Ddisc
t

[
∆c

(h)
ℓ,i (x, y)

]
,

wh =
St(h)∑

h′∈H∗
t
St(h′)

,
∑

h∈H∗
t

wh = 1,
(8)

where St(h) is the head importance in Eq. (3).

Final Ranking. We compute Iℓ,i in Eq. (8) on
the discovery split Ddisc

t for all neurons (ℓ, i) ∈ U ,
rank them globally, and select the Top-K neurons
to form the task-critical set:

N ∗
t = TopK

(
Iℓ,i : (ℓ, i) ∈ U

)
. (9)

4.3 Inference-time Steering
Neuron Mask and Scaling. To verify whether
the neurons in N ∗

t are causally responsible for task
t, we learn to steer all the detected neurons in
N ∗

t using the validation split Ddev
t , while keep-

ing all backbone weights θ frozen. Specifically,
we introduce a set of learnable scaling factors
λt = {λℓ,i | (ℓ, i) ∈ N ∗

t } and steer the model
by scaling only the detected task-critical neurons,
i.e., z̃(ℓ)i = z

(ℓ)
i × λℓ,i, ∀(ℓ, i) ∈ N ∗

t . We denote
the resulting neuron-scaled model for task t as θλt .

Task-specific Lightweight Learning. We learn
λt separately for each task on Ddev

t , while keeping
all backbone weights in θ frozen. Let pθ(·|x) and
pθλt (·|x) be the next-token distributions computed
using the original model and the neuron-scaled
model. We seek the optimal λt by minimizing the
task-specific loss and the KL term that regularizes
the scaled model to stay close to the original model.

min
λt

E(x,y)∈Ddev
t

[
Lt

(
x, y; θλt

)
(10)

+ βKL
(
pθ(·|x) ∥ pθλt (·|x)

)]
.
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Strategy LLaVA-1.5-7B Qwen2.5-VL-7B

VQA OCR Caption Retrieval Avg VQA OCR Caption Retrieval Avg

AP (Huang et al., 2024) 11.33 10.40 8.65 0.50 7.72 5.00 10.40 14.51 0.19 7.53
MA (Xu et al., 2025) 6.82 15.50 11.90 1.35 8.89 22.05 15.50 9.86 0.65 12.02
APE (Huo et al., 2024) 3.20 -1.87 12.20 0.90 3.61 -2.36 -1.87 6.20 0.08 0.51

HONES-NoHead 10.20 4.50 6.20 0.40 5.33 11.00 8.75 10.50 2.60 8.21
HONES-RandHead 9.70 6.30 10.00 1.50 6.88 13.00 11.50 18.00 3.75 11.56
HONES-Gaussian 4.50 3.60 9.45 0.95 4.63 5.50 9.00 12.50 0.80 6.95
RandNeuron 0.85 1.62 2.30 0.06 1.21 2.45 1.98 3.30 0.15 1.97

HONES (Ours) 27.30 19.00 19.80 7.43 18.38 36.50 21.00 24.80 5.35 21.91

Table 1: Relative performance drop (%) after masking the top-1% neurons selected by each ranking method. Higher
values indicate greater causal importance (negative values indicate improvement).

Method LLaVA-1.5-7B Qwen2.5-VL-7B

DLA (Elhage et al., 2021) 7.40 9.80
Group Patching (Zhang and Nanda, 2024) 18.00 20.05
QRNCA (Chen et al., 2025) 20.80 24.50
LLM-Knowledge (Yu and Ananiadou, 2024) 16.50 19.40

HONES (Ours) 27.30 36.50

Table 2: Comparison of neuron localization baselines
on VQA, measured by the relative performance drop
(%) after masking the top-1% neurons identified by each
method. Larger drops indicate that the selected neurons
are more causally important for task performance.

5 Experiments

5.1 Experimental Setting

Tasks and Data. We focus on four popular
vision-language tasks: VQA, OCR, image cap-
tioning (Caption), and image-to-text retrieval (Re-
trieval). To ensure comparability across tasks, we
construct a unified multi-task benchmark based
on the train2014 split of MS COCO (Lin et al.,
2014). Specifically, we identify the shared images
from COCO-Text (Veit et al., 2016), MSCOCO
Captions (Chen et al., 2015), and VQAv2 (Goyal
et al., 2017), and curate a subset of 12,000 images,
each of which contains human annotations for all
tasks from the corresponding source benchmarks.
Following the standard practice of prior work (Huo
et al., 2024), we split the data into 7K for neuron
analysis, 2K for model-steering parameter tuning,
and 3K for testing (see details in Appendix A).

Base VLMs and Baselines. We employ two
widely used VLMs as our base models: LLaVA-
1.5-7B (Liu et al., 2023) and Qwen2.5-VL-7B (Bai
et al., 2025). To evaluate the effectiveness of
HONES in identifying key neurons, we compare
our method against three state-of-the-art activation-
based neuron ranking methods across all four tasks:

(1) activation probability (AP) (Huang et al., 2024),
(2) mean activation (MA) (Xu et al., 2025), and (3)
activation probability entropy (APE) (Huo et al.,
2024). These methods are naturally comparable
across tasks because they rely only on activation
statistics and do not require task-specific supervi-
sion signals or readout-specific surrogate objec-
tives. In addition to activation-statistic rankings,
we also compare HONES against other popularly-
used neuron ranking strategies, ranging from logit
attribution to causal tracing to gradient-based attri-
bution. We conduct these comparisons exclusively
on VQA, as it provides naturally defined token-
level supervision. Extending the same setup to
tasks such as OCR, captioning, and retrieval would
require task-specific aggregation or surrogate ob-
jectives, thereby reducing cross-task comparability.
Our additional baselines include (4) direct logit
attribution (DLA) (Elhage et al., 2021), (5) activa-
tion patching with neuron groups (Group Patch-
ing) (Zhang and Nanda, 2024), (6) QRNCA (Chen
et al., 2025), a gradient-based neuron ranking
method, and (7) neuron-level knowledge attribution
(LLM-Knowledge) (Yu and Ananiadou, 2024). To
further assess the benefits of our neuron-level inter-
vention strategy, we consider four control variants:
random neuron masking (RandNeuron), an abla-
tion variant without head conditioning (HONES–
NoHead), HONES with random attention head
masking (HONES-RandHead), and HONES with
Gaussian noise injection (HONES-Gaussian).

Regarding model steering, we assess effec-
tiveness and OOD generalizability by comparing
HONES against matched-budget baselines: (1)
fixed uniform two-fold amplification on HONES-
identified neurons (Fixed-Amp), (2) grid-searched
and uniform amplification on these neurons (Grid-
Search), (3) learnable scaling on random neurons
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Figure 2: Layer-wise distribution of the top-
1% task-critical neurons across four tasks
(VQA/OCR/Caption/Retrieval) for both models.

(RandNeuron), and (4) HONES steering without
KL regularization (HONES w/o KL). We also
tested LoRA but found it ineffective under our low-
budget setting.

Metrics. We measure model performance on
each task using standard metrics: accuracy for
VQA, average normalized levenshtein similarity
(ANLS) for OCR (Biten et al., 2019), BLEU-4 for
Caption (Papineni et al., 2002), and NDCG@5 for
Retrieval (Järvelin and Kekäläinen, 2002). Addi-
tional implementation details and prompt templates
are provided in Appendix A.

5.2 Key Findings in Neuron Analysis

Superior localization of key neurons with
HONES compared to activation-based methods.
Table 1 and Table 2 show the relative performance
drop induced by masking top-1% neurons selected
by each interpretation method across four tasks on
two base VLMs. Based on empirical validation
(see Appendix D.2), HONES identifies key neu-
rons by ranking them using the top 30 attention
heads in LLaVA and the top 25 attention heads
in Qwen, respectively. The results show that our
method consistently outperforms all baselines in
identifying critical neurons on both base models,
inducing an average performance drop of 18.38%
on LLaVA and 21.91% on Qwen. Notably, mask-
ing neurons ranked by APE leads to performance
improvements on the VQA and OCR tasks, sug-
gesting that entropy-based neuron ranking may
capture task-irrelevant or interfering neurons. Fur-
ther comparison of neuron intervention strategies
shows that masking top-ranked attention heads is
substantially more effective for identifying critical
neurons across tasks—yielding over a 10% greater
performance drop—than masking randomly ranked
heads or applying Gaussian noise injection. Our
results indicate that neuron importance is better
captured by causally aligned information flow to

Figure 3: Cross-task neuron-group ablation results. Bars
denote the relative performance drop (%) on each target
task (x-axis) when masking the corresponding neuron
group (legend): task-specific, the most damaging two-
task overlap (Best Pair), the most damaging three-task
overlap (Best Triple), and the four-task shared Gen-
eral group. Text labels indicate the identities of Best
Pair/Best Triple for each target task.

the model’s readout than by raw activation mag-
nitude, which is often confounded by polyseman-
tic activity. We also assess HONES’ performance
on a larger backbone, LLaVA-1.5-13B, under the
same four-task setting. The available results show
trends consistent with those of the 7B models,
with HONES remaining the strongest localization
method. Full results are provided in Appendix D.5.
Beyond effectiveness, we further assess HONES
in terms of localization efficiency on VQA against
two representative baselines that are most relevant
to our method, namely the gradient-based attribu-
tion method QRNCA and the intervention-based
Group Patching. Our results show that HONES,
as a gradient-free method, localizes key neurons
substantially faster than its two counterparts (see
Appendix D.6).

Key neurons exhibit task-dependent layer pref-
erences. Inspired that VLMs perform different
stages of multimodal information processing across
layers, we further explore the layer-wise distribu-
tion of our identified top-1% neurons per task, aim-
ing to examine the processing stages at which these
neurons emerge and their relationship to task char-
acteristics. Specifically, we aggregate the number
of identified neurons within each layer. This layer-
wise count allows us to pinpoint the specific net-
work depths where task-critical computations are
most concentrated. Fig. 2 displays the results for
each base model. Overall, we observe that key neu-
rons are predominantly concentrated in the middle
layers (10–20) and deeper layers (>25). In con-
trast to the retrieval task, which tends to exhibit a
peak in the middle layers, the other three tasks ex-
hibit higher concentrations in deeper layers for both
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Figure 4: VQA Logit Lens case study in LLaVA-1.5. Rows show Top-5 tokens and columns are sampled every 4
layers; color indicates ∆logit (baseline−masked) for the task-specific group and the VQA&Retrieval shared group.

Model Method VQA OCR Caption Retrieval Avg

LLaVA-1.5

Base 0.6520 0.5760 0.1285 0.9328 0.5723

Fixed-Amp 0.6610 0.5820 0.1290 0.9370 0.5773
Grid-Search 0.6660 0.5944 0.1315 0.9560 0.5870
RandNeuron 0.6530 0.5735 0.1260 0.9345 0.5718

Ours w/o KL 0.6580 0.5790 0.1385 0.9365 0.5780
Ours 0.6733 0.6019 0.1407 0.9626 0.5946

Qwen2.5-VL

Base 0.6750 0.6580 0.2240 0.9464 0.6259

Fixed-Amp 0.6773 0.6620 0.2280 0.9492 0.6291
Grid-Search 0.6803 0.6650 0.2290 0.9500 0.6311
RandNeuron 0.6760 0.6560 0.2210 0.9480 0.6253

Ours w/o KL 0.6790 0.6610 0.2250 0.9475 0.6281
Ours 0.6907 0.6790 0.2335 0.9580 0.6403

Table 3: Effectiveness of neuron steering. Fixed-Amp
and Grid-Search are train-free amplifications; RandNeu-
ron learns scaling on a random neuron set; Ours w/o KL
removes KL regularization; Ours learns sparse scaling
with KL. Metrics: Acc. (VQA), ANLS (OCR), BLEU-4
(Caption), NDCG@5 (Retrieval).

VLMs. Given that middle layers are generally asso-
ciated with visual–text alignment, whereas deeper
layers are more involved in answer decoding (Yu
and Lee, 2025), these results suggest that retrieval
relies more heavily on visual–text alignment, while
text-based answer generation plays a larger role in
the remaining three generation-oriented tasks.

VQA-shared neurons dominate cross-task
saliency. Examining key neurons across tasks,
we find that a substantial number of these neurons
are shared among multiple tasks. This motivates
us to explore how the influence of these multi-task
neurons compares to task-specific neurons across
tasks, providing insight into the mechanisms under-
lying cross-task generalization and model sparsity.

Given the top-1% neurons identified by HONES
per task, we group neurons based on the tasks
across which they are shared. For each target
task, we then calculate the relative performance
drop resulting from masking each neuron group.

Fig. 3 presents the results for both base models. To
conserve space, we only show the shared group
that induces the largest drop when neurons are
shared by two and three tasks, respectively (see
full comparisons in Appendix E.1). Interestingly,
multi-task shared neurons exhibit higher saliency
than task-specific ones, particularly those overlap-
ping with VQA, suggesting a hub effect whereby
VQA-related neurons support a broad range of
vision–language tasks. Pairwise shared neurons
demonstrate dominant causal saliency across tasks,
with the exception of captioning. We hypothe-
size that this deviation arises because captioning
relies on holistic image understanding, while tex-
tual cues present in our curated images may bias
the most salient neuron group toward OCR-related
neurons. To verify our hypothesis, we repeat the
analysis on the same images after removing textual
cues. Following Appendix E.2, the most salient
neuron group for the captioning task shifts back to
the VQA–Caption pair. We further examine pat-
terns of key-neuron sharing across tasks on out-of-
distribution datasets and observe the same qualita-
tive trend, suggesting that the identified routing-
and-neuron structures generalize across diverse
data distributions (Appendix E.3).

Furthermore, token-level Logit Lens analy-
sis (Neo et al., 2025) provides semantic corrob-
oration. Specifically, we quantify the causal ef-
fect of a neuron group by the logit drop on tar-
get tokens, ∆logit = logitbase − logitmasked. We
compute this layer-wise by projecting the MLP
layer outputs to the vocabulary space. By compar-
ing the projected logits before and after masking
the target neuron group, we inspect which can-
didate tokens lose the most support under inter-
vention. As illustrated in Fig. 4, VQA-specific
neurons mainly strengthen coarse answer priors
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Model Method GQA TextVQA FlickrCap FlickrRet Avg

LLaVA-1.5

Base 0.610±0.001 0.470±0.001 0.097±0.001 0.863±0.002 0.510±0.001
Ours (zero-shot) 0.616±0.001 0.474±0.002 0.099±0.002 0.870±0.001 0.515±0.001
RandNeuron 0.610±0.001 0.469±0.002 0.097±0.001 0.864±0.002 0.510±0.001
Ours (tuned) 0.628±0.002 0.488±0.003 0.106±0.002 0.883±0.002 0.526±0.001

Qwen2.5-VL

Base 0.632±0.001 0.596±0.002 0.163±0.002 0.888±0.002 0.570±0.001
Ours (zero-shot) 0.636±0.002 0.601±0.001 0.165±0.002 0.892±0.002 0.573±0.001
RandNeuron 0.632±0.001 0.596±0.002 0.163±0.001 0.889±0.001 0.570±0.001
Ours (tuned) 0.641±0.002 0.607±0.002 0.169±0.002 0.898±0.002 0.579±0.001

Table 4: OOD steering results (Accuracy on GQA, ANLS on TextVQA, BLEU-4 on FlickrCap, and NDCG@5
on FlickrRet). Ours (tuned) tunes scalars on the identified task-critical neurons; RandNeuron tunes scalars on
randomly selected neurons with a matched budget; Ours (zero-shot) directly transfers in-domain scales.

(e.g., generic category-level candidates), whereas
the VQA&Retrieval shared group selectively ampli-
fies fine-grained, visually grounded tokens, effec-
tively shifting predictions toward the ground truth.
We observe consistent trends in OCR, captioning,
and retrieval (Appendix E.4).

5.3 Results of Neuron-level Model Steering

Effectiveness. Table 3 displays the performance
of HONES in neuron-level model steering com-
pared against a variety of baselines. To improve
steering efficiency, we restrict steering to the dom-
inant salient neuron group per task identified in
Sec. 5.2, rather than intervening on the entire set
of top-1% neurons. Overall, HONES consistently
outperforms all baselines across tasks on both back-
bone models. The gap to RandNeuron provides
interventional evidence that task capability is con-
centrated in a small subset of neurons, while the
gain over Grid-Search indicates that using neuron-
wise modulation, rather than a single uniform am-
plifier, is necessary to fully exploit these causal
pathways in practice.

OOD Generalization. To test the generalizabil-
ity of our neuron steering method, we further eval-
uate the steered models on three out-of-distribution
benchmarks for four tasks: GQA (VQA), TextVQA
(OCR), and Flickr30k (Caption & Retrieval). Sim-
ilarly, we focus here exclusively on neurons be-
longing to the dominant salient group for each task.
As shown in Table 4, directly transferring the in-
domain learned scaling factors (Ours (zero-shot))
already yields consistent gains. Moreover, with-
out re-localizing attention heads or re-identifying
neurons, and using only 20% OOD samples to
learn scaling with evaluation on the remaining
80% (averaged over 10 random splits; mean±std),
our method consistently outperforms the random-
neuron control. This indicates that task capabili-

ties are indeed concentrated and anchored in those
sparse neurons from the dominant salient neuron
group. Additional settings and statistical details are
provided in Appendix F.3.

6 Conclusion

We present HONES, a head-oriented, readout-
aligned causal interpretability framework for multi-
task VLMs. By localizing task-critical routing
heads and ranking MLP neurons via Causal Write-
in Effect, HONES provides a unified and verifi-
able notion of neuron importance across heteroge-
neous task readouts. Through a systematic analysis
of LLaVA-1.5-7B and Qwen2.5-VL-7B, we find
that activation statistics are often decoupled from
causal criticality, task-critical computation follows
a stable rise–valley–surge depth profile with task-
dependent anchoring, and cross-task behaviors are
mediated by a sparse VQA-centric Hub-and-Bridge
sharing structure. Our learning-based steering fur-
ther operationalizes these discoveries by learning
only a small set of neuron-wise scaling factors, en-
abling effective and stable control of task behaviors
while keeping all backbone weights frozen.

Limitations

Despite providing new insights into interpretability
and controllable interventions for large VLMs, our
study has several limitations.

1. Model scale and architectural coverage. To
enable exhaustive layer-wise and neuron-level
scanning, we focus on 7B dense backbones
(LLaVA-1.5-7B and Qwen2.5-VL-7B). While
both exhibit a consistent VQA-centric hub pat-
tern, it remains unclear whether this struc-
ture generalizes to substantially larger models
(e.g., 70B+) or mixture-of-experts (MoE) ar-
chitectures. As capacity increases, functional
modularization may emerge differently or
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routing may become more distributed, which
we leave for future work with more substantial
compute budgets.

2. Task definition granularity. For a unified
cross-task analysis, we study four coarse task
categories (VQA, OCR, Caption, Retrieval).
This abstraction may obscure finer-grained
variations within each category. For instance,
VQA covers diverse sub-skills such as count-
ing, spatial reasoning, and commonsense QA,
which may rely on richer and more distinct
neuron-level mechanisms. Future work can
adopt a finer task taxonomy to reveal sub-task-
level sharing and conflict patterns.

3. Computational cost of causal analysis. Our
coarse-to-fine pipeline requires multiple for-
ward passes, including targeted head ablations
and verification through neuron-group and
cross-task ablations. Scaling to more layers,
more neurons, or larger datasets can there-
fore incur substantial computational overhead.
Future work may explore more efficient can-
didate screening and approximate evaluation
strategies to reduce inference-time cost.
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A Benchmark Details

In this section, we provide comprehensive details
regarding the construction and specific configura-
tions of our unified multi-task benchmark. We
first outline the dataset composition and our strict
splitting strategy to prevent information leakage.
Next, we elaborate on task-specific implementation
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Split #Images #Instances per Task Primary Usage

Discovery 7,000 7,000 (VQA/OCR/Caption/Retrieval) Head localization and neuron identification.
Development 2,000 2,000 (VQA/OCR/Caption/Retrieval) Hyperparameter selection (e.g., scaling factors).
Test 3,000 3,000 (VQA/OCR/Caption/Retrieval) Final ablation verification and steering evaluation.

Total 12,000 12,000 (VQA/OCR/Caption/Retrieval) –

Table 5: Unified benchmark split statistics. Each image yields one instance for each task via prompt switching,
hence equal per-task counts in every split.

details, including visual prompting for OCR and
candidate mining for retrieval. Finally, we spec-
ify the evaluation metrics used to quantify model
performance across all tasks.

A.1 Benchmark Composition & Splitting
We base our experiments on the train2014 split of
MS COCO (Lin et al., 2014). We first collect can-
didate images by taking the image overlap among:

• COCO-Text (Veit et al., 2016) (scene-text
annotations on COCO images, providing text
bounding boxes and transcriptions)

• MSCOCO Captions (Chen et al., 2015)
(human-written image captions; we use the
standard 5-reference setting)

• VQAv2 (Goyal et al., 2017) (a balanced VQA
benchmark with open-ended questions and
human answers)

We then filter the candidates to retain only im-
ages with complete annotations required by our
four-task setup, resulting in exactly 12,000 im-
ages. Crucially, for each image, we keep the
visual input fixed and derive four task inputs
(VQA/OCR/Caption/Retrieval) by only changing
the task instruction prompts. All questions and
annotations are directly derived from the official
datasets; we do not synthesize new labels.

Following prior neuron-analysis practice (Huo
et al., 2024) that separates the data used for neuron
identification from held-out evaluation, we strictly
partition the 12,000 images into three disjoint splits:
7,000 for Discovery (head localization and neuron
identification), 2,000 for Development (steering
hyperparameter selection), and 3,000 for Test (final
reporting, ablations, and steering evaluation). All
splits are image-disjoint to prevent leakage. Table 5
details the statistics and specific usage of each split.

A.2 Task Implementation Details
OCR (Visual Prompting). We leverage the
scene-text bounding box annotations provided by

COCO-Text. Using the annotated box coordinates,
we overlay blue bounding boxes onto the original
images to indicate the target text region, without
cropping or changing image resolution. This vi-
sual prompt guides the model to the intended text
instance for transcription in multi-text scenes.

Retrieval (Pairwise Re-ranking). We evaluate
image-to-text retrieval (I→T): given an image
query, the model selects the most relevant caption
from a candidate pool. Since direct listwise rank-
ing over a large candidate set is challenging for
LVLMs, we reformulate I→T retrieval as pairwise
image–text verification, where the model outputs
“Yes”/“No” for each candidate text conditioned on
the image, and we rank candidates by the probabil-
ity of the token “Yes”. To balance reliability and
computational cost, we use a candidate pool size
of 50 per query (1 positive + 49 negatives). For
discovery-stage retrieval attribution, we construct
candidates within the 7,000-image Discovery split
as follows:

• Query Set: We use 2,000 images as queries.
For each query image, we randomly sample
one caption from its five ground-truth captions
as the positive candidate.

• Hard Negative Pool: We collect all captions
from the remaining 5,000 images (5 captions
per image; 25,000 captions in total) as a global
negative pool, ensuring it is disjoint from the
query set. Instead of randomly sampling neg-
atives, we rank all pool captions by their se-
mantic similarity to the query (measured in a
pretrained embedding space with cosine simi-
larity), and select the top-49 most similar cap-
tions as negatives. This yields substantially
harder and more realistic confounders for re-
trieval attribution.

A.3 Evaluation Metrics

We adopt standard metrics for each task:
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Task Image Example Question / Instruction GT / Target

VQA What kind of animal is this? cat

OCR Transcribe the text inside the blue box. Output text only. MERRELL

Caption Describe the image in one sentence.
A cat standing on
top of a shoe on

the floor.

Retrieval
(I→T)

Does the candidate correctly describe the image? (Yes/No)
Text: [Candidate 1] A cat standing on top of a shoe.
Text: [Candidate 2] A dog running on the grass.
· · ·
Text: [Candidate N ] A group of people sitting in the room.

Yes
No
· · ·
No

Table 6: Task-specific examples in our unified benchmark. For OCR, the image is overlaid with a blue bounding
box (from COCO-Text annotations) to indicate the target text region. Retrieval is evaluated as image-to-text
(I→T) pairwise verification and re-ranking.

• VQA: VQAv2 Accuracy computed with the
official evaluation protocol (answer normal-
ization and consensus-based soft scoring over
10 human answers).

• OCR: ANLS (Biten et al., 2019), defined
by normalized Levenshtein similarity with a
threshold τ = 0.5.

• Captioning: BLEU-4 (Papineni et al., 2002)
using the standard COCO caption evaluation
implementation with multiple references (5
reference captions per image).

• Retrieval: NDCG@5 (Järvelin and Kekäläi-
nen, 2002) over the ranked captions for each
image query:

NDCG@5 = DCG@5/IDCG@5,

DCG@5 =
5∑

k=1

2relk − 1

log2(k + 1)
.

where relk denotes the relevance of the cap-
tion ranked at position k, and IDCG@5 is the

DCG@5 of the ideal (perfect) ranking.

A.4 Task-Specific Examples
Table 6 demonstrates representative inputs and tar-
gets for each task in our benchmark.

B Prompt Template

B.1 Prompt Templates for Evaluation
To ensure consistent and interpretable input for-
matting across tasks and models, we design task-
specific prompt templates for both LLaVA-1.5-7B
and Qwen2.5-VL-7B. All templates follow the
same principle: we keep the visual input fixed and
only vary the task instruction prompt to induce task-
specific readouts. Below, <Image> denotes the im-
age input, and {Question}/{CandidateText} are
placeholders filled from the benchmark.

C Task-Critical Attention Heads

In this section, we visualize the spatial distribu-
tion of task-critical attention heads to elucidate
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Figure 5: Attention head importance heatmaps for LLaVA-1.5-7B. Rows denote layer indices and columns denote
head indices; colors indicate normalized head importance, with brighter colors meaning higher importance.

Figure 6: Attention head importance heatmaps for Qwen2.5-VL-7B. Rows denote layer indices and columns denote
head indices; colors indicate normalized head importance, with brighter colors meaning higher importance.

the routing mechanisms within VLMs. Using the
head-level causal localization procedure detailed
in Sec. 4.1 (referencing V-SEAM (Wang et al.,
2025b)), we compute the normalized importance
of each head across four tasks (VQA, OCR, Cap-
tioning, Retrieval) for both LLaVA-1.5-7B and
Qwen2.5-VL-7B. The resulting heatmaps are pre-
sented in Fig. 5 and Fig. 6.

Across models, we observe three consistent pat-
terns. (i) Sparsity: Important heads are highly
sparse, indicating that task-relevant information
flow is dominated by a small set of routing hubs.
(ii) A shared mid-layer backbone: Both mod-
els exhibit a higher density of critical heads in
mid layers, suggesting a shared backbone where
cross-modal interactions are most concentrated.
(iii) Task-dependent depth profiles: Beyond the
shared backbone, different tasks exhibit distinct
depth patterns: Retrieval tends to emphasize early-
to-mid layers, while OCR and Captioning assign
more weight to mid-to-late layers; VQA shows a
more distributed profile across depth.

These observations motivate the coarse-to-fine
design of HONES: since computation is routed
through sparse, task-specific pathways, we con-
dition neuron attribution on the localized routing

heads (see §4.2).

D Additional Implementation Details and
Results for Neuron Localization

In this section, we provide supplementary details
regarding the neuron localization experiments pre-
sented in the main text (§5.2), including the hy-
perparameter selection for attention heads, formal
definitions of baseline strategies, and the absolute
performance metrics corresponding to the relative
drops reported in Table 1, as well as additional
larger-backbone validation and efficiency analysis.

D.1 IDF Weight.

We compute α(τ) on the discovery split. Let N
be the number of instances in Ddisc

t and df(τ) be
the number of instances whose references contain
token τ . We use the smoothed IDF:

α(τ) = log
N + 1

df(τ) + 1
+ 1. (11)

Given utgt(x, y), we define the sample-level
write-in score for run ρ as

cρℓ,i(x, y) =
〈
∆r

(ℓ),ρ
i (x), utgt(x, y)

〉
. (12)
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Figure 7: Attention head budget sweep. Relative performance drop (%) after masking the top-K localized heads
across four tasks. The curves exhibit clear saturation points, motivating K=30 for LLaVA-1.5-7B and K=25 for
Qwen2.5-VL-7B to capture the sparse routing backbone with diminishing returns beyond the elbow.

D.2 Ablation Study on Attention Head Budget

To determine the optimal head budget Kh for
constraining the neuron search space in HONES,
we conduct a sensitivity sweep over Kh ∈
{5, 10, . . . , 50} by measuring the relative perfor-
mance drop induced by masking the top-Kh local-
ized heads for each task. Our selection criterion
is based on identifying the saturation point (or “el-
bow”) of the performance curves: a steep initial rise
indicates that the top-ranked heads capture sparse
routing hubs effectively, whereas a subsequent
plateau suggests diminishing returns—including
additional heads beyond this point contributes only
marginally to task routing and may introduce noise
into the downstream neuron attribution.

Fig. 7 summarizes the trends for both models.
For LLaVA-1.5-7B, the curves increase rapidly and
then saturate at task-dependent elbows: VQA sat-
urates around Kh=28, OCR around Kh=26, Cap-
tion around Kh=30, and Retrieval around Kh=28.
To ensure consistent coverage across tasks while
staying near the saturation regime, we adopt a uni-
fied budget of Kh=30 for LLaVA-1.5-7B. For
Qwen2.5-VL-7B, saturation happens earlier: VQA
around Kh=24, OCR around Kh=23, Caption
around Kh=25, and Retrieval around Kh=24, thus
we set Kh=25 for Qwen.

Finally, note that masking far more heads (e.g.,
Kh ≫ 50) would likely continue to degrade perfor-
mance and may eventually cause collapse; however,
our goal here is not to maximize degradation, but
to identify a sparse and causally-relevant routing
backbone that stabilizes the neuron search space.
Selecting Kh at the plateau balances two factors:
(i) capturing the dominant information flow and (ii)
avoiding the inclusion of weakly-related heads that
could dilute head-constrained neuron attribution.

D.3 Definitions of Baseline Strategies

To rigorously evaluate the efficacy of HONES, we
compare it against three widely used activation-
based heuristics and a random baseline. Let alij(x)
denote the post-activation output (e.g., after GeLU)
of neuron j at layer l on token position i for input x.
Since VLM inputs contain multiple tokens (visual
and textual), we first aggregate activations over
positions to obtain a single scalar per neuron:

ãlj(x) = max
i∈I(x)

alij(x),

where I(x) denotes the set of token positions for
x. All statistics below are computed on the same
discovery split used for neuron selection, and we al-
ways select the top-B neurons under each strategy
with an identical budget B (Top-1% of all MLP
neurons).

Activation Probability (AP; “activation fre-
quency”). This heuristic ranks neurons by how
often they are activated across the dataset, a com-
mon proxy used in modality-/domain-sensitive neu-
ron discovery. Formally, given a task-specific
dataset D and an activation threshold τ (we set
τ = 0), we define

plj =
1

|D|
∑

x∈D
I
[
ãlj(x) > τ

]
.

Neurons are then ranked by plj in descending order,
and the top-B are selected. This baseline is aligned
with activation-probability-based neuron mining in
multimodal settings (e.g., Huang et al., 2024).

Mean Activation Magnitude (MA; “mean activa-
tion rank”). Instead of frequency, this baseline
ranks neurons by their average activation strength,
motivated by the intuition that consistently large
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Strategy LLaVA-1.5-7B Qwen2.5-VL-7B

VQA OCR Caption Retrieval Avg VQA OCR Caption Retrieval Avg

Base VLM (unmasked) 0.6520 0.5760 0.1285 0.9328 0.5723 0.6750 0.6580 0.2240 0.9464 0.6259

AP (Huang et al., 2024) 0.5780 0.5161 0.1174 0.9281 0.5349 0.6410 0.5896 0.1915 0.9446 0.5917
MA (Xu et al., 2025) 0.6073 0.4867 0.1132 0.9202 0.5319 0.5260 0.5560 0.2019 0.9402 0.5561
APE (Huo et al., 2024) 0.6310 0.5868 0.1128 0.9244 0.5638 0.6907 0.6703 0.2101 0.9456 0.6292

HONES-RandHead 0.5887 0.5397 0.1157 0.9188 0.5407 0.5873 0.5823 0.1837 0.9109 0.5660
HONES-Gaussian 0.6227 0.5553 0.1164 0.9239 0.5546 0.6377 0.5988 0.1960 0.9388 0.5929
RandNeuron 0.6463 0.5667 0.1255 0.9322 0.5677 0.6587 0.6450 0.2166 0.9450 0.6163

HONES (Ours) 0.4740 0.4666 0.1031 0.8635 0.4768 0.4287 0.5198 0.1684 0.8958 0.5032

Table 7: Absolute performance after masking top-1% neurons. Avg is the arithmetic mean of the four task scores.

Method VQA OCR Caption Retrieval Avg

AP (Huang et al., 2024) 12.45 9.30 9.50 0.70 7.99
MA (Xu et al., 2025) 5.35 16.25 13.40 1.65 9.16
APE (Huo et al., 2024) 3.90 2.80 12.90 1.40 5.25

HONES-RandHead 13.25 7.60 11.40 1.60 8.46
HONES-Gaussian 7.10 4.50 9.90 1.10 5.65
RandNeuron 0.95 1.80 2.05 0.15 1.24

HONES (Ours) 24.15 21.30 26.00 5.80 19.31

Table 8: Additional scale validation on LLaVA-1.5-13B.
Relative performance drop (%) after masking the top-
1% neurons selected by each ranking method. Higher
values indicate greater causal importance (negative val-
ues indicate improvement). Avg denotes the arithmetic
mean across the four tasks.

activations may indicate frequent usage. We com-
pute

µl
j =

1

|D|
∑

x∈D

∣∣∣ãlj(x)
∣∣∣ ,

and rank neurons by µl
j in descending order. This

style of magnitude-based scoring is commonly
adopted when probing functional neurons in VLMs
(e.g., Xu et al., 2025).

Activation Probability Entropy (APE; “activa-
tion probability entropy”). Entropy-based selec-
tion aims to capture neurons with uncertain on/off
patterns across samples, which has been used as
a heuristic signal for identifying neurons that re-
spond to diverse inputs. We compute the Bernoulli
entropy of plj :

H l
j = −plj log(plj) − (1− plj) log(1− plj),

and rank neurons by H l
j in descending order. This

baseline follows probability-entropy-style scoring
used in multimodal neuron analysis (e.g., Huo et al.,
2024).

Model Method Time (s/inst.)↓
LLaVA-1.5-7B Group Patching (Zhang and Nanda, 2024) 82.40 ± 5.60
LLaVA-1.5-7B QRNCA (Chen et al., 2025) 46.50 ± 3.45
LLaVA-1.5-7B HONES 8.30 ± 0.50

Qwen2.5-VL-7B Group Patching (Zhang and Nanda, 2024) 106.20 ± 7.90
Qwen2.5-VL-7B QRNCA (Chen et al., 2025) 53.80 ± 3.90
Qwen2.5-VL-7B HONES 10.15 ± 0.65

Table 9: Efficiency assessment of neuron localization on
VQA. Time reports the average localization runtime per
instance (s/inst.) under the same hardware environment.
All numbers are reported as mean ± standard deviation
over 10 random trials.

Random Selection. As a lower-bound baseline,
we uniformly sample B neurons from the full set
of MLP neurons (across all layers), repeat this pro-
cedure for multiple seeds, and report the mean per-
formance drop. This controls for the neuron budget
and quantifies the expected effect of masking arbi-
trary neurons.

D.4 Absolute Performance Metrics

Table 7 reports the absolute performance scores
(Accuracy for VQA, ANLS for OCR, BLEU-4
for Captioning, and NDCG@5 for Retrieval) after
masking the top-1% neurons identified by differ-
ent strategies. These raw metrics correspond to
the relative drops reported in the main text. Con-
sistent with the relative analysis, HONES yields
the lowest absolute scores (i.e., the largest dam-
age) across tasks, confirming its effectiveness in
localizing causally critical neurons.

D.5 Additional Scale Validation on a Larger
Backbone

To assess whether our neuron localization results
remain stable beyond 7B dense backbones, we fur-
ther evaluate HONES on a larger model, LLaVA-
1.5-13B, under the same four-task setting as in the
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Masked neuron group VQA OCR Caption Retrieval

Specific (only one task)
VQA-specific 5.90 1.50 1.50 1.30

OCR-specific −0.50 6.50 −0.40 −0.60

Caption-specific 0.50 −2.00 6.20 −0.20

Retrieval-specific 0.30 −2.30 −2.70 2.72

Pair (two-task shared)
VQA+OCR 1.30 9.80 – –
VQA+Caption 0.50 – 5.00 –
VQA+Retrieval 10.70 – – 6.30

OCR+Caption – −1.20 0.90 –
OCR+Retrieval – 2.00 – 0.40

Caption+Retrieval – – −2.80 −0.50

Triple (three-task shared)
VQA+OCR+Caption 1.40 3.10 14.30 –
VQA+OCR+Retrieval 1.00 4.50 – 0.60

VQA+Caption+Retrieval 0.40 – 0.90 −1.00

OCR+Caption+Retrieval – −1.20 −0.60 0.20

General (four-task shared)
GENERAL 1.40 0.20 3.90 1.20

Random control (matched to the most critical shared group;
mean of 10 trials)
Random (same size) 0.20 0.80 −1.10 0.10

Table 10: Cross-task neuron ablation results on LLaVA-1.5. Values report relative performance change (%); positive
indicates performance drop, while negative indicates performance gain. For each target task, we bold the single
most damaging shared-group ablation (Pair/Triple/General), excluding task-specific (Only) and random controls.
Random controls are computed by masking the same number of neurons as the most critical shared group for each
target task (mean over 10 trials).

main paper. The results remain consistent with
those observed in the 7B models, with HONES
continuing to be the strongest localization method
across all four tasks. Table 8 shows the results.

D.6 Efficiency Assessment on VQA

To further quantify the computational cost of neu-
ron localization, we compare HONES with two
representative baselines under a unified VQA eval-
uation protocol: the gradient-based attribution
method QRNCA (Chen et al., 2025) and the ex-
plicit intervention-based method Group Patch-
ing (Zhang and Nanda, 2024). We choose these
two methods because they represent the two types
of comparison targets most relevant to HONES:
one is gradient-based methods, which are used
to examine the efficiency advantage of HONES
as a gradient-free method; the other is causal
intervention-based localization methods, which
are used to compare the efficiency of HONES
against strong intervention-style attribution meth-
ods. Meanwhile, in the preceding comparison of lo-
calization effectiveness, these two types of methods

are also among the most competitive non-HONES
baselines. Specifically, we conduct 10 independent
random trials on the VQA analysis split, where
each trial samples 200 examples for neuron ranking
and localization. For fairness, all methods use the
same candidate space (all FFN neurons), identical
data preprocessing, and the same masking budget
(top-1% neurons) throughout the comparison.

Under the same hardware environment (Tesla
V100 GPU and Intel Xeon Gold 6230R CPU), we
report the average localization runtime per instance
for each method. As shown in Table 9, on LLaVA-
1.5-7B and Qwen2.5-VL-7B, the per-instance local-
ization time of HONES is consistently much lower
than that of the two baselines, reaching 8.30±0.50s
and 10.15±0.65s, respectively; correspondingly,
QRNCA reaches 46.50±3.45s and 53.80±3.90s,
and Group Patching reaches 82.40±5.60s and
106.20±7.90s. These results indicate that, under
the same evaluation protocol, HONES achieves
substantially higher neuron-localization efficiency
than the compared baselines.
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Masked neuron group VQA OCR Caption Retrieval

Specific (only one task)
VQA-specific 14.80 1.90 2.10 0.60

OCR-specific −3.40 9.20 −0.90 −0.25

Caption-specific 2.35 −3.80 7.35 0.10

Retrieval-specific 1.95 −2.70 −2.90 1.80

Pair (two-task shared)
VQA+OCR 3.90 12.50 – –
VQA+Caption 2.10 – 6.10 –
VQA+Retrieval 26.01 – – 3.41

OCR+Caption – −2.30 −1.30 –
OCR+Retrieval – 2.70 – 0.75

Caption+Retrieval – – 1.60 −0.20

Triple (three-task shared)
VQA+OCR+Caption 4.80 3.80 16.12 –
VQA+OCR+Retrieval 5.20 5.80 – 0.90

VQA+Caption+Retrieval 3.40 – 3.00 0.35

OCR+Caption+Retrieval – −2.60 −2.20 0.15

General (four-task shared)
GENERAL 4.10 3.90 5.25 0.95

Random control (matched to the most critical shared group;
mean of 10 trials)
Random (same size) 1.25 1.70 2.25 0.38

Table 11: Cross-task neuron ablation results on Qwen2.5-VL. Values report relative performance change (%);
positive indicates performance drop, while negative indicates performance gain. For each target task, we bold
the single most damaging shared-group ablation (Pair/Triple/General), excluding task-specific (Only) and random
controls. Random controls are computed by masking the same number of neurons as the most critical shared group
for each target task (mean over 10 trials).

E Supplementary Cross-Task Neuron
Ablation Results

E.1 Additional information for Cross-Task
Neuron Analysis

Full cross-task ablations and group definitions.
We provide the complete cross-task neuron abla-
tion tables for LLaVA-1.5 and Qwen2.5-VL in
Table 10 and Table 11. All neuron groups are
constructed from the top-1% task-critical neu-
ron sets Nt identified by HONES (ranked by
Causal Write-in Effect). Concretely, let Nt de-
note the top-1% task-critical neuron set for task
t ∈ {VQA,OCR,Cap,Ret}. We partition neurons
into four categories by set union/intersection: (1)
Task-specific: neurons belonging to exactly one
task set (e.g., NVQA \ (NOCR ∪NCap ∪NRet)); (2)
Pair: neurons shared by exactly two tasks (e.g.,
(NVQA∩NRet)\NOCR \NCap); (3) Triple: neurons
shared by exactly three tasks; (4) General: neurons
shared by all four tasks (NVQA ∩NOCR ∩NCap ∩
NRet). For each target task, we highlight the sin-
gle most damaging shared-group ablation among

Pair/Triple/General to define the dominant salient
neuron group (as summarized in Fig. 3).

Neuron group composition. As shown in Fig. 8a
and Fig. 8b, task-critical neurons are first identified
separately for each of the four tasks by selecting
the top-1% neurons. We then jointly consider the
four task-wise top-1% sets and assign each neuron
to an overlap group based on its cross-task member-
ship pattern, yielding 15 mutually exclusive groups
(4 task-specific, 6 pair, 4 triple, and 1 general).
Across both backbones, the distribution is highly
skewed: task-specific neurons account for the ma-
jority of critical units, while higher-order overlaps
(pair/triple/general) form a much smaller fraction.
Moreover, shared neurons are not uniformly spread
across combinations; instead, they concentrate on a
few pairs/triples that involve VQA, consistent with
sparse and structured sharing rather than a dense
universal subnetwork.

Additional evidence for VQA-centric selective
sharing. Tables 10 and 11 further support the
main-text conclusion that cross-task reuse is sparse
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(a) Neuron overlap composition across tasks (LLAVA-1.5).

(b) Neuron overlap composition across tasks (QWEN2.5-VL).

Figure 8: Neuron overlap composition across tasks. Counts of task-critical neurons are partitioned into 15 mutually
exclusive overlap groups induced by four tasks (VQA/OCR/Caption/Retrieval), including task-specific, pair, triple,
and general components.

and structured, rather than uniformly distributed.
First, across both backbones, the dominant salient
neuron group for every target task always over-
laps with VQA (e.g., VQA+Ret for Retrieval and
VQA, VQA+OCR for OCR, and VQA+OCR+Cap
for Caption), consistent with a VQA-centered
hub. Second, the four-task General group is not
the most damaging shared set, indicating that
multi-task transfer is dominated by combination-
specific bridges rather than a single universal sub-
network. Third, several non-VQA shared groups
yield marginal or even negative drops, suggest-
ing mixed-use computation and potential cross-
task interference; this evidence supports our head-
constrained, readout-aligned neuron discovery in
HONES, which narrows the search to task-relevant
routing pathways and thus better isolates verifiable
causal units for reliable intervention.

Ruling out group-size artifacts via matched
random ablation. Tables 10 and 11 also report
matched random ablation: for each target task, we
mask a random neuron set with the same size as
the most critical shared group (mean over 10 trials).
The resulting drops are consistently much smaller
than those caused by the dominant salient neuron
group, ruling out a trivial “mask-more-drop-more”
explanation and supporting a structured causal de-
pendency. This further implies that causally im-
portant neurons are sparsely and non-uniformly
distributed, with their density varying across depth
and tasks, rather than being evenly spread across
neurons, suggesting that a small subset of units car-
ries a disproportionate share of task-critical com-
putation in multi-task VLMs.
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Setting Masked bridge Caption drop (%)

LLaVA-1.5-7B
Original VQA+OCR+Cap 14.30
Original VQA+Cap 5.00
Text-masked VQA+OCR+Cap 4.37
Text-masked VQA+Cap 11.00

Qwen2.5-VL-7B
Original VQA+OCR+Cap 16.12
Original VQA+Cap 6.10
Text-masked VQA+OCR+Cap 7.68
Text-masked VQA+Cap 13.25

Table 12: Caption text-factor control. We compare
two candidate shared bridges (Triple: VQA+OCR+Cap;
Pair: VQA+Cap) under the original setting and the text-
masked setting. After masking explicit visual text cues,
the dominant bridge for Caption shifts from the Triple
group to the Pair group across both backbones.

E.2 Exploring Text-Cue Dependence in
Captioning via Visual-Text Masking

Motivation and setup. In the main experiments,
Captioning can be influenced by explicit visual-
text cues (e.g., scene text present in images). To
test whether the Triple bridge (VQA+OCR+Cap)
is driven by such cues, we perform a text-factor
control study: we mask out visual text regions dur-
ing inference for the Caption task, while keeping
the rest of the pipeline unchanged. Concretely, we
use the COCO-Text annotations (character/word
bounding boxes) to overwrite text pixels with a
neutral patch (e.g., mean-color) on the input image
before feeding it to the model.

Key observation: the shared bridge contracts
from Triple to Pair. As shown in Table 12,
after removing explicit text cues, the dominant
salient neuron group for Caption consistently shifts
from VQA+OCR+Cap to VQA+Cap on both back-
bones, indicating that the previously observed
Triple bridge is largely triggered by OCR-relevant
computation induced by scene text. This provides
direct causal support for the interpretation in the
main text: Captioning couples text understanding
(OCR) and text generation only when explicit text
cues are present; otherwise it behaves as a more
standard vision-to-text generation task that primar-
ily shares with VQA-style semantic understanding.

E.3 Out-of-Distribution Validation of
Shared-Neuron Saliency

To examine whether the shared-neuron patterns
identified on COCO generalize beyond the in-

Task Spec. Pair Triple Gen.

GQA 6.90 36.50
(VQA+Retrieval) 1.20 0.62

TextVQA 3.40 21.00
(VQA+OCR) 1.50 1.05

Flickr30k-Cap 11.00 6.30
24.80

(VQA+OCR
+Caption)

3.00

Flickr30k-Ret 1.60 5.35
(VQA+Retrieval) 1.10 1.20

Table 13: Out-of-distribution validation of shared-
neuron saliency. Values denote relative performance
drop (%) after masking different neuron groups,
measured by Accuracy for VQA-GQA, ANLS for
OCR-TextVQA, BLEU-4 for Caption-Flickr30k, and
NDCG@5 for Retrieval-Flickr30k. Spec., Pair, Triple,
and Gen. denote task-specific, best pair-shared, best
triple-shared, and four-task shared groups, respectively.
Larger values indicate stronger causal importance.

domain benchmark, we repeat the same group-level
masking analysis on multiple out-of-distribution
datasets, including GQA for VQA, TextVQA for
OCR, and Flickr30k for Caption and Retrieval. Ta-
ble 13 reports the relative performance drop after
masking task-specific, best pair-shared, best triple-
shared, and general neuron groups. Overall, the
results remain qualitatively consistent with the in-
domain findings: the most salient shared groups
continue to induce larger performance drops, while
task-specific and general groups have relatively
weaker effects. This suggests that the shared-
neuron patterns identified on COCO do not merely
depend on a particular data distribution, but remain
stable on related benchmarks with distribution shift,
further supporting that these routing-and-neuron
structures reflect more robust cross-task computa-
tion patterns.

E.4 Logit Lens Evidence: Shared Bridges as
Anchors, Task Neurons as Scaffolds

Visualization Setup. We perform an MLP-based
Logit Lens visualization on single representative
cases. At each transformer layer ℓ, we project the
output of the MLP block directly to the vocab-
ulary using the frozen language head to obtain
the immediate token distribution. We compare
forward passes under three settings: (i) baseline,
(ii) masking the dominant salient neuron group,
and (iii) masking the Task-specific group. We re-
port ∆Logit (baseline − masked), where a positive
value indicates the neuron group’s contribution to
promoting a specific token. For clarity, we display
the Top-5 tokens with the largest ∆Logit increase
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(a) OCR case study in LLAVA-1.5.

(b) Caption case study in LLAVA-1.5.

(c) Retrieval case study in LLAVA-1.5.

Figure 9: Logit Lens case studies in LLAVA-1.5. Rows show Top-5 tokens and columns are sampled every 4 layers; color
indicates ∆logit (baseline−masked). (a) OCR compares the OCR-specific group and the VQA&OCR shared group. (b) Caption
compares the Caption-specific group and the VQA&OCR&Caption shared group. (c) Retrieval compares the Retrieval-specific
group and the VQA&Retrieval shared group.
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at representative layers.

OCR As shown in Fig. 9a, the OCR-only group
acts as a mode switcher, boosting meta-tokens re-
lated to instruction adherence and output format-
ting (e.g., transcribe/text/inside/reads), thereby set-
ting the operational state for text extraction. The
Shared Bridge (VQA&OCR), however, performs
the critical visual-symbol grounding, directly pro-
moting tokens corresponding to the target string
content (e.g., subword pieces of “SANS”), confirm-
ing its role as the character recognition engine.

Caption As shown in Fig. 9b, the Caption-only
group constructs the structural scaffolding. It
boosts tokens related to saliency priors (e.g.,
main/central/core) to direct attention, and dis-
course markers (e.g., The/A/In) to maintain syn-
tactic fluency. Conversely, the Shared Bridge
(VQA&OCR&CAP) functions as the semantic
filler, strongly boosting content words that map
to specific image entities (e.g., boats/dock/lake),
populating the syntactic template with visual ev-
idence. In contrast to task-specific neurons that
mainly shape format and fluency, this bridge con-
tributes more directly to content grounding along
the core pathway.

Retrieval As shown in Fig. 9c, the Retrieval-only
group enforces format adherence, primarily boost-
ing binary decision tokens (e.g., Yes/True/Match)
and generic visual terms, imposing a task-level
alignment bias. Crucially, the Shared Bridge
(VQA&RET) acts as the semantic verifier. Be-
fore the final layer, it explicitly activates fine-
grained concepts present in the image (e.g.,
trains/tracks/rural) to validate the text candidate,
providing the necessary evidence to support the
final judgment.

The case visualizations across four tasks exhibit
a relatively consistent pattern: task-specific neuron
groups tend to boost task format, expression scaf-
folds, or a coarse candidate space; shared-bridge
neuron groups are more likely to concentrate their
boosts on fine-grained semantic tokens consistent
with image evidence or the target answer. This
pattern aligns with the cross-task ablation results,
providing token-level supporting evidence for the
conclusion that “task-only units mainly serve aux-
iliary adaptation, while shared bridges are closer to
the core pathway.”

F Supplementary Neuron Steering
Results

F.1 Learning-based Neuron Scaling and
Baselines

Steering target (bank) and evaluation split.
We perform neuron steering on the same unified
COCO-based split used for neuron analysis to keep
the setting consistent across discovery, ablation,
and editing. We learn neuron-wise scaling factors
on the 2K dev split and report performance on the
3K test split with all backbone weights frozen. In-
stead of scaling the entire top-1% set, we steer a
fixed-budget subset drawn from each task’s dom-
inant salient neuron group (defined in §5.2 and
Appendix E.1), which improves stability and re-
duces unintended cross-task interference.

Learnable scaling wrapper. For each edited
layer, we keep the original MLP weights
(gate_proj/up_proj/down_proj) frozen and in-
sert a lightweight wrapper on the intermediate
FFN activation. We introduce a neuron-wise learn-
able vector ns_scale together with a binary mask
ns_mask indicating which hidden dimensions be-
long to the chosen bank; only masked dimensions
are learnable, while all others are fixed (scaling
factor equals 1). This design yields a parameter-
efficient editing interface while preserving the base
model architecture.

Training objective (CE + KL regularization).
We optimize ns_scale using a supervised task loss
on dev data (cross-entropy with respect to ground-
truth targets) while adding a KL regularizer that
constrains the edited model’s output distribution
to stay close to the unedited backbone (teacher).
The KL term effectively prevents overly aggressive
edits and improves the stability of gains across
tasks and settings.

Baselines (matched budget). We compare
against train-free and learnable baselines under the
same neuron budget: (i) fixed amplification (×2)
on the same bank; (ii) dev-tuned amplification
(grid search) that selects an amplification factor
on dev; (iii) learnable scaling (random-neuron
bank) that learns the same number of scales but
on random neurons; (iv) w/o KL (CE only) that
drops the KL regularizer. (LoRA-style low-rank
tuning was also explored under a low-budget set-
ting but did not yield competitive improvements,
so we omit it from the main comparisons.)
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Task Baseline Mean ∆ (pp) SD (pp) p-value

VQA
Base 2.15 1.00 ***
Fixed-Amp 1.25 0.96 ***
RandNeuron 2.05 1.04 ***

OCR
Base 2.59 1.10 ***
Fixed-Amp 1.99 1.20 ***
RandNeuron 2.84 1.16 ***

Caption
Base 1.22 0.90 ***
Fixed-Amp 1.17 0.92 ***
RandNeuron 1.47 0.94 ***

Retrieval
Base 2.98 0.96 ***
Fixed-Amp 2.56 1.04 ***
RandNeuron 2.81 1.00 ***

Table 14: Performance difference ∆ (pp) between our
bridge-neuron rescaling method and the baselines (Base,
Fixed-Amp, and RandNeuron). Statistical significance
is assessed via paired bootstrap resampling (B=1000,
K=500). Asterisks indicate significance levels; ***
denotes p < 0.001 (extremely significant).

F.2 OOD Benchmarks for Generalizability

GQA (OOD for VQA). GQA is a visual reason-
ing benchmark built to reduce superficial biases
and emphasize compositional reasoning, with ques-
tions derived from scene-graph structure and con-
trolled answer distributions (Hudson and Manning,
2019). We use it to test whether the learned scaling
remains effective beyond the COCO-based evalua-
tion distribution for VQA-style judgments.

TextVQA (OOD for OCR/text understanding).
TextVQA focuses on questions that require reading
and reasoning over scene text, pairing VQA-style
prompts with OCR-relevant visual evidence (Singh
et al., 2019). We use it as an out-of-distribution
testbed for our OCR-related steering behavior.

Flickr30k (OOD for Caption and Retrieval).
Flickr30k contains images with multiple human-
written captions and is widely used for captioning
and retrieval (Young et al., 2014). We use it to test
the OOD generalization of our Caption/Retrieval
steering under distribution shift.

OOD tuning protocol. For each OOD bench-
mark, we keep the neuron bank fixed (i.e., we do
not re-localize heads or re-rank neurons) and only
re-learn scaling factors on a small 20% subset
of the OOD data, then evaluate on the remain-
ing 80%. We additionally compare against (i)
train-free amplification and (ii) directly transfer-
ring scales learned on the COCO-based dev split,
to isolate the benefit of lightweight in-domain scale
learning in OOD settings.

F.3 Statistical Significance Tests
We conduct statistical significance tests for the
bridge-neuron steering results reported in Table 3.
For each task, we compare Ours against three base-
lines: Base, Fixed-Amp (×2; a train-free uniform
amplification baseline), and RandNeuron (learned
scaling on a random neuron set matched in size to
our bridge-neuron set). Let D = {xi}Ni=1 denote
the test instances of a task (image-level instances
for VQA/OCR/Caption; query-level instances for
Retrieval). We perform paired bootstrap resam-
pling with B=1000 resamples. For each resample
b, to reduce computation and ensure a consistent
bootstrap scale across tasks, we sample K=500
indices with replacement from {1, . . . , N} to form
a multiset D(b), and evaluate OURS and each base-
line on the same D(b) to preserve pairing. For each
baseline j, we define the resample-level improve-
ment as the difference between the task metric of
OURS and that of j on D(b), where the metric is
Acc. for VQA, ANLS for OCR, BLEU-4 for Cap-
tion, and NDCG@5 for Retrieval; for Caption, we
compute corpus-level BLEU-4 on the resampled
subset. We report the mean and sample standard
deviation over the B resamples as the “Mean ∆”
and “SD” columns, and compute a two-sided boot-
strap p-value by doubling the smaller of the two
empirical tail probabilities.

As shown in Table 14, our bridge-neuron rescal-
ing yields statistically significant improvements
over all three baselines across all four tasks on
LLaVA-1.5 7B. Paired bootstrap tests further con-
firm the robustness of these gains, with all p-values
being extremely small (p < 0.001), indicating
strong statistical significance.

G Computational Resources.

All experiments were conducted on a single
machine equipped with two NVIDIA Tesla
V100 GPUs (32GB memory each), an Intel(R)
Xeon(R) Gold 6230R CPU running at 2.10GHz
(8 cores), and 64GB of RAM. Our interpretabil-
ity pipeline—including head-level targeted causal
ablations for routing localization, neuron attribu-
tion, cross-task/group-level neuron masking, and
lightweight learnable neuron scaling for steer-
ing—was implemented in PyTorch with Hugging
Face Transformers.
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Task Model Prompt / Input Format

VQA
LLaVA-1.5

USER:
<image>
Question: {Question}
Answer the question briefly using one or a few words.
ASSISTANT:

Qwen2.5-VL

Structured chat message (via processor.apply_chat_template):
[ {role: user, content: [
{type: image, image: {Image}},
{type: text, text: ...}

] } ]
Text:
Question: {Question}
Answer the question with a short phrase.

OCR
LLaVA-1.5

USER:
<image>
Please transcribe the text inside the blue box.
Output text only.
ASSISTANT:

Qwen2.5-VL

Structured chat message (via processor.apply_chat_template):
[ {role: user, content: [
{type: image, image: {Image}},
{type: text, text: ...}

] } ]
Text:
Transcribe the text inside the blue box.
Output text only.

Caption
LLaVA-1.5

USER:
<image>
Describe the image in one sentence.
ASSISTANT:

Qwen2.5-VL

Structured chat message (via processor.apply_chat_template):
[ {role: user, content: [
{type: image, image: {Image}},
{type: text, text: ...}

] } ]
Text:
Describe the image in one sentence.

Retrieval (Pairwise Matching)
LLaVA-1.5

USER:
<image>
Candidate: {CandidateText}
Does the candidate correctly describe the image?
Answer exactly Yes or No.
ASSISTANT:

Qwen2.5-VL

Structured chat message (via processor.apply_chat_template):
[ {role: user, content: [
{type: image, image: {Image}},
{type: text, text: ...}

] } ]
Text:
Candidate: {CandidateText}
Does the candidate correctly describe the image?
Answer exactly Yes or No.

Table 15: Prompt and input formats used for evaluation. LLaVA-1.5 is shown in its common textual chat style, while
Qwen2.5-VL uses structured multimodal chat messages serialized by the processor chat template. For retrieval,
candidates are ranked by the model probability of the Yes response (pairwise matching).
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