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Abstract

While Vision-Language Models (VLMs) have
demonstrated strong capabilities in general mul-
timodal tasks, they face significant challenges
in low-resource, cross-temporal settings such
as ancient Chinese documents, where mod-
els must overcome complex visual noise and
leverage deep linguistic priors. The functional
organization of task-relevant components in
existing VLMs remains understudied from a
computational interpretability perspective. To
address this, we introduce AncientVision-3T,
an intervention-oriented diagnostic benchmark
designed for mechanistic interpretability ex-
periments on VLMs, organized across OCR,
image classification, and image understand-
ing tasks of increasing abstraction. Based on
this benchmark, we propose the Ancient Chi-
nese Target-Conditioned Gradient-based Neu-
ron analysis framework (AC-TCGN), which
identifies and validates task-relevant neurons
for dissecting functional organization in gen-
eral and domain-specific VLMs. Our experi-
ments demonstrate that AC-TCGN effectively
identifies neurons that are critical for model pre-
dictions. Moreover, our experimental results
reveal a transition from separation to entangle-
ment in the functional organization of decoder
feed-forward networks: general VLMs show
stronger task-wise separability, whereas the
ancient Chinese domain-specific VLM shows
greater cross-task neuron sharing and reduced
task-wise separability. This suggests enhanced
coupling between visual form and historical-
semantic processing in ancient Chinese docu-
ment image-text tasks.

1 Introduction

The rapid evolution of VLMs has revolutionized
machine perception and understanding. Driven by
their exceptional capabilities in multimodal tasks,

*Corresponding Author.

there is growing interest in their potential applica-
tion to low-resource and culturally specific domains
(Dossou et al., 2025; Wei et al., 2024), particularly
ancient Chinese documents. However, applying
general visual models to these manuscripts, which
embody millennia of historical culture, presents se-
vere challenges. Rather than functioning as trivial
multimodal composites, these documents consti-
tute a dual chasm between visual perception and lin-
guistic comprehension (Zhang et al., 2024b). The
visual domain is complicated by vertical text flow
and degradation noise caused by temporal erosion.
Meanwhile, the linguistic interpretation demands
deep priors to decode abstruse grammar and archaic
glyphs. Consequently, the automated processing
of ancient manuscripts extends beyond simple im-
age recognition (Qiao et al., 2025), requiring the
integration of visual feature extraction with higher-
level semantic representations (Cao et al., 2025;
Wang and Zhu, 2025).

Despite recent performance gains on ancient Chi-
nese document image-text tasks, existing work re-
mains largely outcome-oriented (Yang et al., 2024;
Yu et al., 2025), with limited analysis of the internal
processes underlying model predictions (Xu et al.,
2025b; Wang et al., 2025b). It remains unclear
how VLM parameters and neurons are functionally
organized across tasks requiring different levels
of visual perception and semantic reasoning, and
whether neurons for visual recognition of ancient
character forms and historical-semantic interpreta-
tion form separable or entangled patterns. This gap
limits our understanding of domain adaptation in
low-resource, cross-temporal settings and hinders
the development of more interpretable and reliable
multimodal systems.

To facilitate a structured analysis of decoder
feed-forward network (FFN) neuron-level func-
tional organization in VLMs on ancient Chinese
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Figure 1: Task-wise separation and entanglement of decoder FFN neurons across general and ancient Chinese

domain-specific VLMs.

document image—text tasks, we introduce a hier-
archical diagnostic benchmark and interpretability
framework, as illustrated in Figure 1. The bench-
mark organizes tasks into OCR, image classifica-
tion, and image understanding, progressing from
basic character recognition to visual categoriza-
tion and ultimately to complex semantic reasoning.
This design enables a systematic analysis of in-
ternal neuronal activation patterns across varying
levels of semantic depth. Building upon this bench-
mark, we propose AC-TCGN, a target-conditioned
neuron analysis framework designed for ancient
Chinese image—text tasks, to conduct a comparative
analysis between a general model and a domain-
specific model. Focusing on the neuron-level analy-
sis of FEN components in the Transformer decoder,
we examine how domain specialization is associ-
ated with the distribution of task-relevant neurons
and whether the domain-specific model exhibits
increased FFN-level representational redundancy
or reduced task separability compared with the gen-
eral model.

In summary, the contributions of our work are as
follows:

¢ We introduce AncientVision-3T, a hierarchical
diagnostic benchmark for ancient Chinese docu-
ment image-text tasks, designed to support con-
trolled neuron-level interventions across OCR,
image classification, and image understanding!.

"https://github.com/liu-ruilin/AncientVision-3T

* We propose AC-TCGN, a target-conditioned neu-
ron analysis framework that identifies and val-
idates task-relevant FFN neurons to reveal the
internal functional organization of VLMs for an-
cient Chinese documents.

e Through experiments on general VLMs and
XunziQwen2-VL-7B, we find that the domain-
specific model exhibits lower task separability
and stronger cross-task interference at the de-
coder FFN neuron level in ancient Chinese docu-
ment image-text tasks.

2 Related Work

Recent NLP research has increasingly focused on
low-resource languages and cross-temporal cor-
pora (Duan et al., 2024; Nacar et al., 2025; Yuan
et al., 2025), which are fundamentally challenged
by data scarcity, complex knowledge backgrounds
(Do et al., 2025), and the difficulty of modeling
historical semantics. However, benchmarks such
as AncientDoc (Yu et al., 2025) and MCS-Bench
(Liu et al., 2025) remain largely OCR-centric, de-
spite their value for performance evaluation, and
do not explicitly disentangle visual and semantic
abstraction levels. This limits their support for
fine-grained FFN neuron analysis and controlled
interventions. AncientVision-3T addresses this
gap with a compact, quality-controlled diagnos-
tic benchmark featuring explicit task-level strat-
ification. Similarly, on the methodological side,
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methods have been explored, including contrastive
distillation (Wei et al., 2025) and cross-modal fu-
sion (Jiang et al., 2024). Although supervised fine-
tuning and reinforcement learning have led to per-
formance improvements (Li et al., 2025), most ex-
isting work remains predominantly performance-
driven (Yao et al., 2025; Zhang et al., 2024a) and
provides limited insight into internal model mecha-
nisms.

Recent studies have increasingly focused on the
internal mechanisms of VLMs. A corruption-based
interpretability pipeline has been developed to an-
alyze how visual information contributes to mul-
timodal predictions (Golovanevsky et al., 2025),
while distinct attention heads have been identi-
fied for visual text recognition (Baek et al., 2025).
Modality-specific computational circuits involved
in visual text recognition have also been investi-
gated (Nikankin et al., 2026), alongside efforts to
localize and edit multimodal neurons associated
with visual and linguistic information (Pan et al.,
2024). At the neuron level, prior work has charac-
terized the functional roles of visual, textual, and
multimodal neurons (Xu et al., 2025a) and exam-
ined how groups of neurons collectively contribute
to multimodal concepts (Wang et al., 2025a). De-
spite this progress, the cross-task functional orga-
nization of task-relevant FFN neurons, particularly
the extent to which these neurons are task-specific
or shared in domain-specific VLMs, remains rela-
tively underexplored.

3 AncientVision-3T

AncientVision-3T serves as a diagnostic bench-
mark targeted at mechanistic interpretability.
Scaled specifically for fine-grained neuron-level
analysis, it structures tasks across three hierarchi-
cal tiers of abstraction: OCR, image classification,
and image understanding.

3.1 Data Resources

The images are primarily sourced from the Yinde
Digital Humanities Platform, a digital archive in-
tegrating large-scale classical Chinese resources
for historical and literary research. Built upon
the China Biographical Database and supported
by artificial intelligence technologies, the platform
integrates large-scale classical Chinese resources
for ancient literature research and historical data
processing.

3.2 Data Construction

During the data collection process, we selected
sources from the Siku Quanshu and various local
gazetteers, spanning diverse historical periods in-
cluding the Song, Yuan, Ming, and Qing dynas-
ties, and encompassing both woodblock-printed
editions and handwritten manuscripts.

We adopt a hybrid annotation pipeline in which
Qwen-VL-Max generates preliminary annotations
and five experts in classical Chinese philology and
literature determine the final labels. Each instance
is verified by one expert and reviewed by a second,
with disagreements adjudicated by a third. For
OCR, annotators preserve reading order, rare and
variant characters, and layout structure; classifica-
tion labels must follow predefined class definitions
and visible evidence; image-understanding annota-
tions are checked for visual grounding, historical-
semantic correctness, completeness, and unsup-
ported content. Duplicate, illegible, severely de-
graded, or image—text-mismatched instances are
excluded.

For inter-annotator reliability, two experts in-
dependently annotated a blinded, stratified subset
of 300 instances (100 per task), covering relevant
dynasties, media types, classes, and semantic cate-
gories. Before adjudication, inter-annotator agree-
ment was 0.984 as measured by character-level
1 — NED for OCR, Cohen’s x = 0.972 for classifi-
cation, and Krippendorff’s o = 0.905 for image un-
derstanding. These scores indicate high agreement
across all three tasks. Remaining disagreements
were subsequently resolved by a third expert.

3.3 Data Statistics

The dataset comprises two distinct parts: textual
images and illustrative images. The textual subset
consists of 500 images dedicated to OCR tasks, fea-
turing Traditional Chinese text primarily arranged
in a vertical text flow. The illustration subset con-
sists of 1,000 images. The classification task fo-
cuses on objects with explicit cultural semantics,
such as ritual vessels, musical instruments, offi-
cial attire, and military equipment, while the image
understanding task spans a total of 20 categories,
including architecture, hydraulic engineering, as-
tronomy and calendrical systems, and cartography.

4 Methodology

Following prior neuron-level interpretability stud-
ies (Dai et al., 2022), we focus on FFN neurons
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Figure 2: Overview of the AC-TCGN framework for identifying and validating task-relevant FFN neurons in VLMs.

in the Transformer decoder. FFNs have been as-
sociated with semantic information processing in
Transformer models (Geva et al., 2021), while the
decoder provides the stage at which visual represen-
tations interact with linguistic context. As reported
in Section C, our centered kernel alignment (CKA)
analysis of the visual encoder further shows high
cross-task representational similarity across OCR,
image classification (IC), and image understanding
(IU), providing additional motivation for analyzing
task-level functional organization in decoder FFNs.

4.1 Background

Modern LLMs and VLMs are primarily built upon
the Transformer decoder architecture (Vaswani
et al., 2017), where two components play a central
role: multi-head self-attention and the feed-forward
network.

Given the hidden state h'~! € R? from the (i —
1)-th layer, the multi-head attention (MHA) module
updates the representation as:

h = Attn(h'' W, KW, B WHW,
where W, W, and W denote the weight matri-
ces for queries, keys, and values, respectively, and
W/ is the output weight matrix. h‘~! represents
the output from the previous layer.

Following the attention update, each Trans-
former layer applies a position-wise FFN to enrich
non-linear transformations.

For models using the standard two-layer FFN,
the computation can be written as:

hi = act_fn(h'W})W4, (2)

where Wi € R4 and Wi € RA4*4 and
act_fn(-) is an activation function such as GELU
(Hendrycks, 2016).

4.2 Neuron Identification for Ancient Chinese
Document Image-Text Tasks

Ancient Chinese document image-text tasks require
fine-grained cross-modal reasoning, where predic-
tions depend on subtle visual evidence aligned with
historically grounded semantics. Unlike modern
multimodal tasks, understanding in this domain is
less driven by prompt templates or special tokens
(Fang et al., 2024; Pan et al., 2024), but by strong
visual-target dependencies. We therefore identify
task-relevant neurons from a target-conditioned gra-
dient perspective, scoring each decoder FFN up-
projection neuron by its sensitivity to task-specific
supervision. Figure 2 illustrates AC-TCGN as a
task-level framework that integrates neuron scoring,
global ranking, and causal inhibition validation.

4.2.1 Neuron Definition in SwiGLU
Feed-Forward Networks

We focus on FFENs in Transformer decoders, which
have been shown to facilitate high-level and task-
related semantic transformations. In Qwen-based
VLMs, FFENs adopt the SwiGLU architecture, de-
fined at the [-th layer as:

- . ! l
FEN®(h) = (SILU(AW (), ) o(hRW )W)
3
where Wg(i)te, quy), and ch(l))wn denote the gat-

ing, up-projection, and down-projection matrices,
respectively.
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Following prior neuron-level interpretability
studies, we define each column of the up-projection
martrix WQEQ as an intermediate neuron. These neu-
rons constitute the fundamental functional units
through which visual and semantic information is
transformed within the model.

4.2.2 Target-Conditioned Gradient-Based
Neuron Identification

Given a dataset for ancient Chinese document
image-text tasks D = (x,y), where z consists of
ancient images and associated textual context and
y denotes the target outputs, we compute gradients
with respect to the up-projection parameters for
each sample.

Specifically, for the [-th layer, we compute:

oL

o — =~
l M
oWy

up “4)
where £ denotes the task loss computed on ground-
truth target outputs and serves as the supervision
signal for ancient Chinese document image-text
tasks such as OCR, classification, and semantic
interpretation.

We then define the identification score of the n-
th intermediate neuron in layer [ as the /1-norm of
the gradient of the n-th column of the up-projection
matrix:

8 model

Tin _H 0 Z ||

OWap [:, ]
where n indexes intermediate neurons in the up-
projection matrix and d,,4e] denotes the dimen-
sionality of the model’s hidden states.

This score measures the sensitivity of the task
loss to perturbations of the parameters associated
with a given neuron and serves as a criterion to
identify neurons that are locally influential to the
target task. Calculating gradients for W, remains
consistent with the SwiGLU formulation, as W,
linearly scales the content term prior to gating. Un-
der a first-order approximation, these perturbations
propagate approximately linearly, establishing a
principled link between gradient-based identifica-
tion and activation-level intervention.

To stably identify ancient Chinese document
image-text task neurons, we aggregate the iden-
tification scores across the dataset:

Rin= Y. ¥, (©)

(z,y)€D

I, )

upjn

(

where rlm ) denotes the neuron identification score
computed for sample (z,y). This aggregation
yields a task-level neuron relevance matrix:

R € REXdint, (7

where L denotes the number of Transformer layers
and d;,; denotes the intermediate FFN dimension.
Finally, we rank all neurons globally and select the
top p% neurons with the highest relevance scores
as the ancient Chinese document task neuron set:

NAncient = TOpp ({Rl,n | vzv n}) . (8)

5 Experiments

To investigate FFN neuron-level functional organi-
zation in VLMs for ancient Chinese document im-
age—text tasks, we conduct controlled intervention
experiments on the AncientVision-3T diagnostic
benchmark. We analyze two models: Qwen3-VL-
8B, a general VLM, and XunziQwen2-VL-7B2, a
domain-specific model specialized for ancient Chi-
nese corpora, across OCR, IC, and IU.

5.1 Dataset

For interpretability experiments, we split
AncientVision-3T into training and validation sets
with a 1:1 ratio. The training split serves only as an
identification split for collecting neuron statistics
and constructing intervention masks; no model
parameters are updated. Inhibition effects are
evaluated independently on the held-out validation
split, following the controlled-data paradigm
commonly used in neuron-level interpretability
studies (Dai et al., 2022; Tang et al., 2024).

5.2 Experimental Setup

Decoding settings. We set the maximum gener-
ation length to 512 for OCR and IU and 32 for
IC. All models are required to generate full textual
outputs. Decoding is performed with temperature 0
and no sampling for deterministic generation. For
neuron analysis, we select the top 5% of neurons
as ancient Chinese document image-text task neu-
rons and apply strong inhibition by scaling their
activations to 10% of the original values, with the
choice of these hyperparameters justified through
sensitivity analysis in Section A.

Zhttps://modelscope.cn/models/XunziALLM/Xunzi_VL
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Qwen3-VL-8B

XunziQwen2-VL-7B

Method
OCR Char. Ace.(%)  IC Ace.(%)  IU Rouge-L(%) | OCR Char. Ace.(%) IC Acc.(%)  IU Rouge-L(%)

Baseline 87.94 78.00 8.06 97.57 47.20 23.24

RS 87.30(—0.64) 77.20(—0.80) 9.39(+1.33) 95.57(—2.00) 46.00(-1.20) 22.93(_0.31)
ActGrad 2258(76556) 50.80(,27'20) 5.52(,3_54) 54.03(,43‘54) 30'40(716.80) 5.95(,17‘29)
LAP 1093 7606 6160 16a0) 57828 65433210 32.80_1as0) 2169155
LAPE 13.80(_74.14) 58.80_1000)  4T3(_333) 53.74(_43.53) 1440 p5p)  13.34( .00
AC-TCGN 2.98(_34.96) 29.60(_48.40)  3.26(_4.0) 19.83(_77.74) 42.40(_450) 5.62(_1762

Table 1: Baseline performance and performance changes after inhibiting target-task neurons identified by different
methods. The baseline row reports the absolute performance of each VLM, while the remaining rows report
performance changes relative to the baseline after inhibiting target-task neurons identified by different methods.
Char. Acc. denotes character-level accuracy, computed as 1-NED.

Identification methods. We compare our
method with several neuron-scoring baselines
under the same task-level aggregation and global
top-p% selection pipeline, so that observed
differences isolate the contribution of the scoring
function itself. Random Selection (RS) samples
the same number of intermediate neurons as a
control. ActGrad (Leng and Xiong, 2025) scores
neurons via a first-order Taylor approximation
using activation—gradient products. LAP (Dai
et al., 2022; Gurnee et al., 2024; Voita et al.,
2024) selects neurons based on their activation
probability on target-task samples, while LAPE
(Tang et al., 2024) ranks neurons by the entropy of
activation probabilities across tasks.

Metrics. For the three tasks considered in this
study, we adopt different evaluation metrics. Since
OCR on ancient Chinese document images typi-
cally emphasizes character-level correctness, we
use Normalized Edit Distance (NED) as the eval-
uation metric (Levchenko, 2025), where 1-NED
corresponds to the character-level accuracy. IC
tasks are evaluated using accuracy. For IU, we
adopt Rouge-L as the evaluation metric.

6 Results

6.1 Effectiveness of Neuron Identification

We first evaluate the baseline performance
of Qwen3-VL-8B and XunziQwen2-VL-7B
on AncientVision-3T. As shown in Table 1,
XunziQwen2-VL-7B outperforms Qwen3-VL-8B
on OCR and IU, indicating stronger capability
in ancient Chinese document processing. We
then evaluate the inhibition effects of neurons
identified by AC-TCGN and the baseline meth-
ods.  Overall, AC-TCGN induces the most
pronounced performance degradation in most
settings, suggesting that its identified neuron sets

have stronger functional relevance to task outputs.
The inhibition patterns further reveal differences in
FFN-level functional organization across models
and tasks. In particular, the domain-specific model
exhibits greater sensitivity in image understanding,
suggesting a closer association between visual
evidence and historical-semantic processing in
ancient Chinese document tasks.

6.2 Cross-Task Performance and Analysis

If task-relevant neurons are shared across tasks, in-
hibiting neurons for a target task ¢ may also affect
other tasks s # t, making cross-task performance
degradation an empirical indicator of FFN neuron-
level entanglement. Figure 3 illustrates the cross-
task performance degradation induced by different
neuron identification methods. On Qwen3-VL-8B,
AC-TCGN demonstrates superior task selectivity
and stability. In contrast, ActGrad exhibits mod-
erate capability: while inhibiting OCR neurons
causes less interference than LAP and LAPE, tar-
geting IC and IU neurons triggers substantial cross-
task degradation. Furthermore, LAP and LAPE in-
duce synchronous performance fluctuations across
tasks, reflecting unstable identification and lim-
ited task isolation. On XunziQwen2-VL-7B, AC-
TCGN continues to substantially degrade target
performance while causing noticeable cross-task
interference, whereas other methods yield limited
impact. These results suggest that XunziQwen2-
VL-7B relies on more distributed and shared FFN
neuron-level representations, as evidenced by the
stronger cross-task interference observed under
neuron inhibition.

6.3 Neuron Visualization and Analysis

We visualize the layer-wise activation patterns of
neurons associated with OCR, IC, and IU. As
shown in Figure 4, OCR-related neurons are con-
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axis, we show the target task whose neurons are identified and inhibited, and on the x-axis the evaluated
task. Each cell reports the degree of performance degradation on the corresponding task after neuron in-

hibition, with diagonal cells indicating self-task inhibition.

Results for Qwen3-VL-8B and XunziQwen2-

VL-7B are shown in blue and red, respectively. The degree of performance degradation is computed as
(Performancepaseline — Performance;ynibited ) /Performancepaseline-

centrated primarily in layers 4—7. XunziQwen2-
VL-7B exhibits denser activation patterns in these
layers than Qwen3-VL-8B, suggesting greater in-
volvement of intermediate layers in text recogni-
tion. Layers 4-7 contain 33.1% and 36.5% of
the OCR neurons identified in Qwen3-VL-8B and
XunziQwen2-VL-7B, respectively, corresponding
to approximately 3.0x and 2.6 x the proportions
expected under a uniform layer distribution. For IC,
Qwen3-VL-8B exhibits a stronger concentration
of task-related neurons in the upper layers: 63.7%
of the identified IC neurons lie within the upper
third of the model depth, compared with 30.4%
in XunziQwen2-VL-7B. For IU, XunziQwen2-
VL-7B shows a broader distribution across layers,
whereas Qwen3-VL-8B exhibits a stronger concen-
tration in the lower layers; 71.6% of the identified
IU neurons lie within the lower third of Qwen3-VL-
8B, compared with 48.1% in XunziQwen2-VL-7B.
Beyond these layer-wise distributions, we quantify
cross-task neuron sharing through pairwise Jac-
card overlap among the AC-TCGN top-p neuron
sets. XunziQwen2-VL-7B exhibits higher overlap
than Qwen3-VL-8B, with OCR-IC, OCR-IU, and
IC-IU overlaps of 10.3%, 20.6%, and 13.8%, re-
spectively, compared with 6.4%, 15.7%, and 6.1%
for Qwen3-VL-8B. In general, these overlap pat-
terns provide complementary evidence of greater
cross-task neuron sharing in XunziQwen2-VL-7B,
consistent with stronger cross-task interference ob-
served under neuron inhibition.

6.4 Cross-Task Selectivity Across Model
Scales and Architectures

To quantify task separability and cross-task dynam-
ics, we use Self-Task Drop, Cross-Task Drop, and
the Separation Index (SI). As shown in Table 2,
SI increases monotonically with model size within
the Qwen3-VL family, suggesting clearer task-wise
separability in larger architectures. Across archi-
tectures, all general-purpose models achieve higher
SI values than XunziQwen2-VL-7B, which records
the lowest SI of 1.27. This low SI is not due
to an unusually large Cross-Task Drop, since its
Cross-Task Drop of 43.55 falls within the range
of general models, from 41.55 to 46.79. Instead,
it mainly results from the lowest Self-Task Drop
of 55.22. Thus, inhibiting task-specific neurons in
XunziQwen2-VL-7B causes less additional target-
task degradation while producing comparable col-
lateral effects on other tasks, leading to the smallest
margin between self-task and cross-task effects.
This suggests that task-relevant computation in
XunziQwen2-VL-7B is less concentrated within
a compact, task-exclusive set of FEN neurons, con-
sistent with the reduced separability observed in
Figure 3.

6.5 Controlling for Model Generation Effects

As shown in Table 3, Qwen2-VL-7B exhibits a
higher SI value than XunziQwen2-VL-7B, together
with notably weaker cross-task interference. To
further validate this observation, we conduct an
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x-axis represents the model layer index. The top row corresponds to Qwen3-VL-8B, and the bottom row corresponds
to XunziQwen2-VL-7B.

Model OCR Acc. (%) IC Acc. (%) 1U (%) ‘ Self-Drop (%) Cross-Drop (%) SI (Self/Cross)
Qwen3-VL-4B 2.37(_74.24) 27.20(_49.20) 4-48(_g.37) 74.50 46.79 1.59
Qwen3-VL-8B 2.98(_g4.96) 29.60(_48.40)  3.26(_4.80) 72.74 45.43 1.60
QWCH3-VL-32B 016(—8059) 2880(,5440) 454(7263) 76.16 45.61 1.67
MiniCPM-V-4.5 5~72(—6].06) 30.80(_47'60) 6.06(_9'1]) 69.39 41.55 1.67
LLaVA-OneVision-1.5-8B 0.15(_6.44) 8.00(_17.60) 1.39(_3.42) 79.18 43.25 1.83
InternVL3.5-8B 10.78(_79.48)  25.20(_32.00) 7-74(—9.10) 65.34 42.43 1.54
XunziQwen2-VL-7B 19.83(_77.74 42.40(_480) 5.62(_17.62) 55.22 43.55 1.27

Table 2: Cross-task inhibition and selectivity analysis across model scales and families. We report three metrics to
quantify task selectivity. Self-Task Drop is the average relative performance degradation on the target task after
inhibiting its task-specific neurons: % Zt(Perf](f;zlhne - Perfi(l?hibite )/ Perfff;sehne. Cross-Task Drop measures
degradation on other tasks when inhibiting neurons of task ¢: % Do 45 degradation(t — s). Separation Index (ST)

__ Self-Task Drop

= GrossTask rop” where larger values indicate clearer functional separation between tasks.

Model OCR (%) IC (%) U (%) Sl generation differences and may instead be associ-

ated with its specialization for the ancient Chinese
domain.

Qwen2—VL»7B 2.75(,47‘29) 2520(—51‘60) 144(,;;(37) 1.76
XunziQwen2-VL-7B 19.83(_77.74) 4240 _450) 5.62(_1769) 1.27

Table 3: Performance comparison on OCR, IC, and TU
tasks. The subscript indicates the relative performance
drop compared with the baseline. SI denotes the separa-
tion index between self-task and cross-task interference.

6.6 Generalizability Across Domain-Specific
Models and Corpora

We examine the generalizability of the observed
reduction in FFN-level task separability across

additional analysis on Qwen2-VL-7B, a general-  domain-specific models and corpora. For model-

purpose VLM from the same model generation as
XunziQwen2-VL-7B, following the same experi-
mental protocol as in the main experiments. The
neuron identification and cross-task interference
results under AC-TCGN inhibition are presented
in Section B. Despite belonging to the same model
generation, the two models exhibit substantially
different levels of cross-task interference. These
results suggest that the stronger FFN neuron-level
cross-task interference observed in XunziQwen2-
VL-7B is unlikely to be explained solely by model

level validation, we apply the same AC-TCGN pro-
tocol to TongGu-VL-2B-Instruct 3, another domain-
specific VLM for classical Chinese, and compare it
with Qwen2-VL-2B-Instruct. As shown in Table 5,
TongGu-VL-2B-Instruct exhibits a lower SI than
Qwen2-VL-2B-Instruct, with values of 1.43 and
1.55, respectively, consistent with the pattern ob-
served for XunziQwen2-VL-7B. For corpus-level
validation, we further evaluate 150 instances from

Shttps://github.com/SCUT-DLVCLab/TongGu-VL
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Model Inhibited OCR Acc. (%) Trans. ROUGE-L (%) QA ROUGE-L (%) SI
Baseline 67.55 16.19 9.03
OCR 5.83 5.68 6.78
Qwen3-VL-8B Trans 24.86 236 6.26 1.82
QA 37.06 9.65 2.93
Baseline 92.36 2431 20.95
. OCR 15.48 7.67 7.56
XunziQwen2-VL-7B ¢ 34.94 478 9.41 1.39
QA 49.48 12.33 477

Table 4: Performance changes under task-specific neuron inhibition on the AncientDoc benchmark. Each row
reports model performance when neurons associated with a particular task (OCR, Translation, or QA) are inhibited.
SI denotes the separation index between self-task and cross-task interference.

Model OCR (%) IC (%) U (%) SI

Qwen2-VL-2B-Instruct  0.97(_37.84) 19.60(_31.20) 1.79(_6.17) 1.55
TongGu-VL-2B-Instruct 14.74(_g388) 30.40(_g.80) 3.28(_2.34) 1.43

Table 5: Matched comparison between Qwen2-VL-2B-
Instruct and TongGu-VL-2B-Instruct under AC-TCGN
inhibition.

AncientDoc*, covering page-level OCR, vernacular
translation, and knowledge-based QA. As shown
in Table 4, XunziQwen2-VL-7B again exhibits
lower task separability than Qwen3-VL-8B, with
SI values of 1.39 and 1.82, respectively, while also
showing stronger cross-task interference. Taken
together, these results indicate that the observed
reduction in FFN-Ilevel task separability is not spe-
cific to XunziQwen2-VL-7B and is not limited to
AncientVision-3T.

7 Conclusion

This study introduces AncientVision-3T, a hier-
archical diagnostic benchmark for ancient Chi-
nese document image-text tasks, and a target-
conditioned neuron analysis framework that
combines task-level neuron identification with
intervention-based validation. Through analyses of
general VLMs and XunziQwen2-VL-7B, we exam-
ine differences in the functional organization of de-
coder FFN neurons. General VLMs exhibit clearer
task-wise separability, whereas the domain-specific
model shows greater cross-task neuron sharing and
reduced task-wise separability across OCR, image
classification, and image understanding. These
findings may inform model development by reveal-
ing capability-specific neuron distributions and in-
tervention effects, thereby guiding targeted adjust-
ments to training data mixtures or auxiliary objec-

*https://github.com/bytedance/AncientDoc

tives. They may further support the assessment of
unintended effects introduced by neuron-level edit-
ing, the design of domain adaptation strategies that
preserve functional specialization, and the evalu-
ation of whether different capabilities depend on
shared or distinct computational pathways.

Limitations

Our analysis focuses primarily on FFN neurons
in the Transformer decoder. These neurons pro-
vide an interpretable and intervention-friendly lens
for examining task-relevant functional organiza-
tion and perceptual-semantic associations, but they
do not capture all internal components of VLMs.
Our conclusions are also derived from image-text
processing tasks on ancient Chinese documents, a
domain characterized by low-resource supervision,
cross-temporal linguistic variation, degraded vi-
sual inputs, and tight coupling between visual form
and historical semantics. The observed separation-
to-entanglement pattern should therefore be inter-
preted within this domain context. Further vali-
dation is needed to determine whether these con-
clusions generalize to other multimodal domains.
Future work will extend the analysis to broader
application scenarios and additional model compo-
nents to provide a more comprehensive understand-
ing of functional organization in VLMs.

Ethical Statement

The dataset used in this study is derived from
publicly available digital archives of ancient Chi-
nese documents, and all data usage complies with
relevant copyright laws and academic licenses.
We respect the cultural and historical value of
ancient documents and ensure that our research
methods and analyses follow established academic
and ethical standards. In constructing and using
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AncientVision-3T, we pay particular attention to
potential historical biases and cultural misunder-
standings, so as to avoid reinforcing incorrect or
outdated societal perspectives in content related to
ancient Chinese documents. All models employed
are open-source and used in accordance with their
respective licenses, and this work aims to support
the responsible application of Al technologies in
low-resource language processing and understand-
ing.
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A Sensitivity Analysis and
Intervention-Based Validation of
AC-TCGN

We conduct a sensitivity analysis of the neuron
selection ratio (p) and the activation scaling fac-
tor using Qwen3-VL-8B. As shown in Table 6,
increasing p from 0.03 to 0.05 causes a sharp per-
formance drop, while further increasing it to 0.07
yields marginal effects, indicating that p = 0.05
is a saturation point that captures the core task-
specific subnetwork without excessive redundancy.
Figure 5 shows that aggressive inhibition leads to
catastrophic degradation on OCR and IC and in-
duces unstable, non-monotonic fluctuations in IU,
suggestive of excessive intervention and generation
artifacts, whereas overly weak inhibition results
in rapid performance recovery, limiting discrimi-
native power. Based on this trade-off, we set the
activation scaling factor to 0.1 for all experiments.

Zero-ablation experiments in Table 7 on Qwen3-
VL-8B and XunziQwen2-VL-7B produce perfor-
mance drops comparable to those observed under
soft inhibition, further supporting the functional im-
portance of the identified neurons rather than sug-
gesting a purely correlational relationship with task
performance. While higher-level semantic tasks
such as IU may exhibit absolute performance fluc-
tuations under extremely strong interventions, the
relative cross-task interference patterns remain con-
sistent across different neuron selection ratios and
scaling factors. These results suggest that the ob-
served entanglement phenomenon is not an artifact
of a specific intervention strength but reflects a sta-
ble property of the ancient Chinese domain-specific
model.

Ratio (p) OCR Acc. (%) IC Acc. (%) IU ROUGE-L (%)

0.01 23.88 75.60 6.33
0.03 18.00 38.40 11.01
0.05 2.98 29.60 3.26
0.07 3.32 17.20 3.76

Table 6: Effect of the neuron selection ratio (p) on post-
inhibition task performance.

Model OCR (%)  IC (%) U (%)  SI

Qwen3-VL-8B 2.23(_gs5.71) 16.40(_61.60) 2-03(_¢.03) 1.81
XunziQwen2-VL-7B 8.36(_91.43) 33.20(—14.00) 8-73(—14.51) 1.29

Table 7: Performance degradation under zero ablation
of AC-TCGN-identified neurons on Qwen3-VL-8B and
XunziQwen2-VL-7B. SI denotes the separation index
between self-task and cross-task interference.

B Neuron Visualization of Qwen2-VL-7B

Figure 6 presents the layer-wise distribution of task-
specific neurons for Qwen2-VL-7B under the same
experimental settings as in the main experiments.
The visualization exhibits qualitative patterns con-
sistent with those observed in Section 6.3 for the
general model, including task-dependent layer pref-
erences and partial overlaps across tasks. This
consistency suggests that the neuron organization
trends reported in the main analysis are not primar-
ily driven by differences in model generation.

OCR
1C
U
40 —

Accuracy/Rouge-L

T T T T
0.05 0.075 0.1 0.125 0.15

Activation Scaling Factor

Figure 5: Sensitivity analysis of the activation scaling
factor for inhibition of ancient Chinese document task
neurons.

C Cross-Task Similarity in the Visual
Encoder

Table 8 shows that the visual encoders in both mod-
els exhibit high cross-task similarity, indicating
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Figure 6: Neuron visualization of Qwen2-VL-7B across
three tasks: OCR, IC, and IU.

largely shared and task-agnostic perceptual fea-
tures. In contrast, decoder-side neuron overlap is
substantially lower, suggesting stronger task speci-
ficity after visual features are integrated with lin-
guistic context. The observed cross-task coupling
therefore appears to arise mainly during decoder-
side semantic transformation, where visual forms
are mapped onto task-specific meanings. The exam-
ined ancient Chinese domain-specific model shows
stronger decoder-side coupling than the general
model, while visual encoder representations re-
main relatively similar across tasks. These find-
ings support our dual-chasm hypothesis by show-
ing that perceptual features remain shared, whereas
task-dependent divergence and cross-task coupling
emerge primarily at the comprehension stage.

Task Pair Qwen3-VL-8B XunziQwen2-VL-7B
OCR-IC 0.72 0.75
OCR-IU 0.68 0.71
IC-IU 0.81 0.83

Table 8: Cross-task representational similarity of visual
encoder features measured by centered kernel alignment
(CKA). Higher values indicate stronger similarity be-
tween task representations.
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Figure 7: Cross-task effect heatmaps of different neuron
identification methods.

D Evaluation of General Language
Capabilities

To assess whether the proposed neuron interven-
tion methods primarily target representations spe-
cific to ancient Chinese document image—text tasks,
rather than impairing the model’s general language
modeling ability, we evaluate the post-intervention
perplexity (PPL) on the Chinese Alpaca dataset.
As shown in Figure 8, the base model achieves a
PPL of 10.92. Inhibiting OCR-related neurons and
IU neurons increases the PPL to 14.58 and 13.39,
respectively, while inhibiting IC—related neurons
results in the smallest PPL change. Overall, the
PPL variations across different neuron inhibition
strategies are relatively limited and remain close
to the baseline. These results indicate that the in-
tervention methods mainly affect task-specific rep-
resentation pathways, while largely preserving the
general language modeling capability of the model,
thereby supporting the targeted design and robust-
ness of the proposed methods.

E Activation Patching Validation

To further assess the functional relevance of neu-
rons ranked by AC-TCGN, we perform clean-to-
corrupted activation patching on the held-out vali-
dation set. For each example, we corrupt the visual-
token representations while keeping the prompt
and teacher-forced target sequence fixed, and then
restore only the clean post-SwiGLU activations
of the top 5% ranked neurons at the correspond-
ing layers and token positions. As shown in Ta-
ble 9, activation patching produces positive recov-
ery across all six model—task settings, with five
of the six settings recovering 66.01%-94.80% of
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Model Task Clean LL Corrupt LL  Self-patched LL Lost LL  Self A (%) Self Recovery (%)

Qwen3-VL-8B OCR -0.3440 -1.1854 -0.3877  0.8414 79.717 94.80
Qwen3-VL-8B IC -3.2267 -3.9472 -3.3607  0.7205 58.65 81.40
Qwen3-VL-8B U -3.8455 -4.5526 -3.9979  0.7071 55.47 78.45
XunziQwen2-VL-7B OCR -0.0635 -0.9130 -0.2008  0.8495 71.22 83.84
XunziQwen2-VL-7B  IC -3.4773 -4.3446 -4.1559  0.8673 18.87 21.76
XunziQwen2-VL-7B  TU -2.9704 -3.6956 -3.2169  0.7251 47.87 66.01

Table 9: Clean-to-corrupted activation patching results for AC-TCGN-ranked neurons. LL values are token-
normalized within each model-task setting. Lost LL is the corruption-induced loss, Self A is the likelihood
recovered by patching, and Self Recovery denotes the recovered fraction of Lost LL.
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Figure 8: Comparison of PPL variations for ancient Chi-
nese document image—text task neurons under different
inhibition methods

the corruption-induced loss in target log-likelihood.
The lower recovery on IC for XunziQwen2-VL-7B
is consistent with the more distributed IC-related
FFN activations observed in Section 6.3. Together
with the results of soft inhibition and zero ablation,
these activation-patching results provide comple-
mentary restoration-based evidence that AC-TCGN
identifies neurons whose functional relevance is
validated through intervention.
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