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Abstract

Visual RAG has offered an alternative to tra-
ditional RAG. It treats documents as images
and uses vision encoders to obtain vision patch
tokens. However, hundreds of patch tokens
per document create retrieval and storage chal-
lenges in a vector database. Practical deploy-
ment requires aggregating them into a single
vector. This raises a critical question: does
single-vector aggregation lose key information
in financial documents? We develop a diagnos-
tic benchmark using financial documents where
changes in single digits can lead to significant
semantic shifts. Our experiments show that
single-vector aggregation collapses different
documents with almost identical vectors. Met-
rics show that the patch level detects semantic
changes, and confirm that aggregation obscures
these details. We identify global texture domi-
nance as the root cause. Our findings are con-
sistent across model scales, retrieval-optimized
embeddings, and multiple mitigation strategies,
highlighting significant risks for single-vector
visual document retrieval in financial applica-
tions.

1 Introduction

Retrieval-Augmented Generation (RAG) sys-
tems (Lewis et al., 2020) are widely used in the
financial domain for analyzing complex finan-
cial documents such as annual reports and 10-
K reports (Dadopoulos et al., 2025; Kim et al.,
2025). They commonly use PDF parsing or Op-
tical Character Recognition (OCR) for extracting
document elements and converting them into a lin-
ear text sequence (Si et al., 2025; Dadopoulos et al.,
2025). However, documents with tables display-
ing rows and columns are forced to form a linear
text sequence that destroys the table structure and
breaks row-column alignments. Because document
structural context is destroyed during this process,
the document retrieval performance decreases (Yu
et al., 2025b).
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Figure 1: Overview of document retrieval paradigms.

Recent advancements leverage the superior im-
age processing capabilities of Vision-Language
Models (VLMs) to extract document content for
OCR and retrieval (Kim et al., 2022; Ma et al.,
2024; Faysse et al., 2024; Yu et al.,, 2025a).
DeepSeek-OCR (Wei et al., 2025) proves the effi-
cacy of encoding long textual context directly into
visual tokens that can achieve high accuracy in
OCR tasks. Similarly, ColPali (Faysse et al., 2024)
uses VLMs for the representation of document page
images as a sequence of visual patch tokens for doc-
ument retrieval. Despite its success in effectively
utilizing document information conveyed by visual
patch features, there is consequently higher storage
cost due to embedding hundreds of vectors for doc-
ument page images in the vector database setup;
this is a typical characteristic of multi-vector stor-
age in retrieval systems (MacAvaney et al., 2025).
For practical deployment, dense retrieval methods
such as DSE (Ma et al., 2024) compress these vi-
sual tokens into a single vector for efficient storage
and faster document retrieval.
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Table-centric financial documents differ funda-
mentally from generic visual texts in that their most
salient information is often encoded in sparse nu-
merical values and key financial entities, rather
than in dominant visual structures. This raises an
important research question: When we compress
visual patch tokens from a dense financial docu-
ment into a single vector through aggregation,
do we lose key numeric or semantic informa-
tion? We hypothesize that this loss is particularly
severe for financial documents, where dense nu-
merical data appear against dominant background
layouts. Although a single digit changes the se-
mantic meaning, the visual signal of that digit is
tiny. As a result, aggregation strategies often priori-
tize the large background features and smooth over
these sparse numeric details. Therefore, we address
two critical questions in the financial domain:

1. Severity: How severe is this information loss
for financial documents, where a single digit
change (e.g., $1.2M — $7.2M) or a textual
shift (e.g., changing a date) represents a sig-
nificant semantic difference?

2. Mechanism: What causes this failure?

To answer these questions, we build a diagnostic
benchmark. We find that single-vector aggregation
fails to preserve the fine-grained details detected by
the encoder. We make the following contributions:

* Aggregation Failure. We show that single-
vector aggregation causes different docu-
ment images to look almost identical (similar-
ity > 0.99), consistently across model scales
(7B to 32B) and retrieval-optimized embed-
dings.

* Diagnostic Proof. We use MinPatch to find
the signal. It recovers the score (Similarity
~ 0.51). This proves the encoder features are
good, but the aggregation ruins them. Simple
mitigation strategies also fail to recover the
signal.

* Mechanistic Explanation. We find the cause
is global texture dominance. Our analysis
shows that single-vector aggregation focuses
on the background layout or grid lines instead
of the table data.

2 Related Work

2.1 VLMs and Compression

Modern Vision-Language Models (VLMs) like
LLaVA (Liu et al., 2023) and Qwen2.5-VL (Bai
et al., 2025) encode images into sequences of vi-

sual patch tokens through their vision encoder. Re-
cently, DeepSeek-OCR (Wei et al., 2025) achieves
remarkable OCR performance by effectively com-
pressing extremely long text contexts into visual
token representations. It proves that sequences of
visual patch tokens can preserve fine-grained visual
details. Although these patch representations are
highly effective in generation tasks, they are im-
practical in the context of retrieval due to the cost
of storing hundreds of tokens for every document
in a large-scale vector storage system.

2.2 Visual Document Retrieval

Existing methods for visual document retrieval are
generally of two types: single-vector and multi-
vector approaches. Single-vector approaches, like
DSE (Ma et al., 2024), compress visual tokens into
a single vector through aggregation (mean pooling
or [CLS] token) for efficient retrieval. Though
scalable, they fail to retain details of complex
layouts. Multi-vector approaches, represented by
ColPali (Faysse et al., 2024), use late interaction
(MaxSim) over visual patches. ColPali maintains
vision tokens for all patches, retaining fine-grained
visual details at the cost of storage and latency over-
head.

3 Methodology

3.1 Sensitivity Analysis

In order to evaluate whether the vision embeddings
accurately capture the semantic meaning within fi-
nancial document images, we divide our sensitivity
analysis into two categories: numeric sensitivity
and text sensitivity.

3.2 Numeric Sensitivity

We investigate numeric sensitivity using two dis-
tinct perturbation levels.

Condition Original | Counterfactual
Micro-Semantic | 5.21 5.29
(Small Change) 19.65% 19.54%

10,520 10,526
Macro-Semantic | 5.21 9.99
(Large Change) 11.9 88.8

13,499 99,999

Table 1: Examples of numeric sensitivity strategies.

3.3 Text Sensitivity

We extract the question-answer pairs from the
dataset ground truth and manually locate the vi-
sual span of the answer within the document image.
We then adapt the semantic occlusion technique
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proposed by Zeiler and Fergus (2014), covering the
answer span with the exact background color.

Type Original Occluded

Revenue | Revenue increased by | Revenue increased by
$1.4 billion. [MASK].

Date Period ending Dec Period ending
31. [MASK].

Table 2: Example of text sensitivity strategies. Ground-
truth answers are occluded with the background color
(symbolized as [MASK]).

3.4 Structure Analysis

We conduct a visual attention analysis to test
whether vision embeddings focus on the back-
ground layout (including non-informative headers)
or the tabular data. For this analysis, we generate
three image versions.

* Reference: The original document image.

* Signal Image: We preserve the table content
while filling the entire surrounding area (in-
cluding headers, footers, and margins) with
the document’s dominant background color.
This isolates the table structure and data from
any page context.

* Noise Image: We fill the internal table area
with the identical background color, effec-
tively "erasing" the table. This leaves only
the document template (e.g., logos, pagina-
tion) visible against a uniform background.

We measure the cosine similarity of the signal and
noise images against the reference to determine
which component dominates the single vector.

3.5 Retrieval Mechanisms

To quantify the information loss caused by vector
compression, we compare five scoring mechanisms.
Let Vi = {v{',...,v2} and Vg = {vf,..., 00} be
the patch embedding sequences for the original and
counterfactual documents, respectively.
Aggregation: Aggregating all patches into a single
vector before computing similarity:
* Mean Pooling:
Smean = COS(% Z Ui'Av % E’UZB)
Averages all patch vectors into a single vector.
* Max Pooling:
Smaz = cos(max(Vy), max(Vp)).
Selects the dimension-wise maximum fea-
tures.
Late Interaction: Computing similarity at the
patch level:
¢ MaxSim (Khattab and Zaharia, 2020):

Sps = %ZZ max; COS(UZA,UJB).

Averages the best-match similarity for every
patch.

* MeanPatch: S,,, = = 3, cos(v{, v7).
Averages the similarity of spatially aligned
patches.

e MinPatch: S,,;,, = min; cos(vf, vB)
Identifies the single worst similarity score to
isolate local semantic deviations. We use Min-
Patch as a diagnostic probe, not as a practical

retrieval metric.

3.6 Mitigation Strategies

To explore whether simple modifications to the
aggregation process can mitigate global texture
dominance, we design three alternative aggregation
strategies: variance-weighted pooling, attention-
guided pooling, and top-k patch removal. Details
are provided in Appendix C.

4 Experiments

Experiment [ FinQA  TAT-DQA [ Total
Sensitivity Analysis

Micro-Semantic 100 100 200
Macro-Semantic 100 100 200
Text Sensitivity 100 100 200
Visual Attention Analysis

Signal (Table Only) 100 100 200
Noise (Context Only) 100 100 200

Table 3: Dataset statistics. We construct a balanced
diagnostic set (N=200 pairs) for sensitivity analysis and
visual attention analysis.

4.1 Dataset Setup

We test on two financial datasets: FinQA (Chen
etal., 2021) and TAT-DQA (Zhu et al., 2021, 2022).
Details on image extraction and masking procedure
are in Appendix A.

4.2 Models

Following recent work on analyzing VLM infor-
mation loss (Li et al., 2025), we test the vision
encoders of five standard VLMs: Qwen2.5-VL-
7B/32B (Bai et al., 2025), LLaVA-v1l.5 (Liu
et al., 2023), Phi-3.5-Vision (Abdin et al., 2024),
and DeepSeek-DeepEncoder (Wei et al., 2025).
We extract the sequence of visual patches out-
put by the projection layer for each model. To
evaluate whether retrieval-specific training re-
solves the aggregation failure, we additionally test
two embedding models: Qwen3-VL-Embedding-
8B (Li et al., 2026) and GME-Qwen2-VL-7B-
Instruct (Zhang et al., 2024). Full implementation
details are provided in Appendix B.
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FinQA TAT-DQA
Model Mean Max  MaxSim MeanP  MinP Mean Max  MaxSim MeanP MinP
Micro-Semantic Sensitivity (Values close to 1.0 indicate blindness)
Qwen2.5-VL-7B 1.0000 0.9996  0.9982 0.9975  0.7313 | 1.0000 1.0000  0.9995 0.9994  0.6959
Qwen2.5-VL-32B | 0.9999 0.9993  0.9979 0.9969  0.7123 | 1.0000 0.9999  0.9995 0.9994  0.7107
LLaVA-vl.5 1.0000  1.0000 0.9992 0.9974  0.7784 | 1.0000 1.0000 0.9996 0.9991  0.7240
Phi-3.5-Vision 1.0000  0.9999 0.9980 0.9979  0.8747 | 1.0000 1.0000 0.9997 0.9997  0.9002
DeepEncoder 0.9999 0.9997  0.9987 0.9984  0.9652 | 1.0000 0.9999  0.9998 0.9998  0.9784
Macro-Semantic Sensitivity
Qwen2.5-VL-7B 0.9998 0.9985  0.9939 0.9906  0.5160 | 0.9998 0.9998  0.9974 0.9955  0.5205
Qwen2.5-VL-32B | 0.9999 0.9989  0.9936 0.9899  0.5289 | 1.0000 0.9997  0.9977 0.9960  0.5635
LLaVA-v1.5 0.9999 1.0000  0.9955 0.9883  0.6177 | 0.9999 1.0000  0.9981 0.9947  0.6339
Phi-3.5-Vision 1.0000  0.9989 0.9925 0.9920  0.7408 | 1.0000 0.9994 0.9974 0.9969  0.7838
DeepEncoder 0.9995  0.9985 0.9915 0.9882  0.8830 | 0.9997 0.9997 0.9976 0.9963  0.9304
Text Sensitivity
Qwen2.5-VL-7B 0.9980 0.9914  0.9620 0.9253  0.1384 | 0.9997 0.9987  0.9832 0.9669  0.1062
Qwen2.5-VL-32B | 0.9982 0.9956  0.9575 0.9183  0.0875 | 0.9997 0.9990  0.9804 0.9655 0.1118
LLaVA-v1.5 0.9973 0.9999 09778 0.9273  -0.0903 | 0.9994 1.0000  0.9837 0.9530  0.0105
Phi-3.5-Vision 0.9993 0.9949  0.9636 0.9461  0.2401 | 0.9997 0.9980  0.9794 09711  0.2789
DeepEncoder 0.9982 0.9931 0.9637 0.9352  0.2705 | 0.9996 0.9975 0.9819 0.9700  0.3894
Table 4: Complete sensitivity benchmark across aggregation strategies.
5 Results 5.3 MinPatch Shows the Hidden Signal

5.1 The Blindness of Single-vector
Aggregation in All Sensitivity Tests

As shown in Table 4, both aggregation methods,
Mean Pooling and Max Pooling fail completely in
both FinQA and TAT-DQA. The similarity scores
stay near 1.0 in all our tests. No matter whether
we change the text or the numbers, these methods
cannot distinguish between the original and the al-
tered document. This confirms that single-vector
aggregation strategies are effectively blind to fine-
grained semantic changes. In a dense retrieval in-
dex, when semantically different documents (e.g.,
$1.2M vs. $7.2M) have similarity scores near 1.0,
they occupy the same vector space region. It be-
comes extremely difficult for queries to reliably
rank one above the other, making precise version
discrimination highly challenging in financial ap-
plications.

5.2 Slight Recovery via Late Interaction

Late-interaction methods such as MaxSim and
MeanPatch operate at the patch level, which should
theoretically preserve local details. However, as
shown in Table 4, these methods provide only
marginal improvement: MaxSim and MeanPatch
scores remain above 0.99 across all sensitivity tests.
This proves that the global texture (background lay-
out, grid lines, and headers) is strong enough to
overpower even these local metrics.

Unlike single-vector aggregation, MinPatch suc-
cessfully distinguishes between small and large er-
rors. In Table 4, similarity scores drop to about 0.71
for micro-semantic changes but fall much further
to 0.51 for macro-semantic changes. This proves
that the encoder does see the difference. We see
similar results in the text sensitivity test. MinPatch
scores drop to 0.09 for Qwen2.5-VL-32B, and even
become negative for LLaVA. These results confirm
that the vision encoder sees the error clearly. It is
the aggregation process that obscures the signal.
Notably, DeepEncoder consistently shows the high-
est MinPatch scores (least sensitive), likely because
its OCR-optimized encoder learns representations
invariant to pixel-level variations, making its aggre-
gated representation less sensitive to single-digit
changes compared to general vision encoders.

FinQA
Sensitivity Analysis Qwen3-VL GME-Qwen2-
Embedding-8B  VL-7B-Instruct
Micro-Semantic 0.9992 0.9970
Macro-Semantic 0.9976 0.9906
Text Sensitivity 0.9799 0.9363

Table 5: Evaluation of retrieval-optimized embedding
models on sensitivity benchmarks (FinQA).

TAT-DQA
Sensitivity Analysis Qwen3-VL GME-Qwen2-
Embedding-8B  VL-7B-Instruct
Micro-Semantic 0.9999 0.9991
Macro-Semantic 0.9997 0.9906
Text Sensitivity 0.9932 0.9091

Table 6: Evaluation of retrieval-optimized embedding
models on sensitivity benchmarks (TAT-DQA).
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5.4 Retrieval-Optimized Embedding Models

A natural question is whether embedding models
specifically trained for retrieval tasks can overcome
the aggregation failure. As shown in Table 5 and Ta-
ble 6, both Qwen3-VL-Embedding-8B and GME-
Qwen2-VL-7B-Instruct exhibit the same blindness
(similarity near 1.0). This confirms that the failure
is inherent to single-vector representations, regard-
less of training objectives.

5.5 Preliminary Mitigation Attempts

To explore whether simple aggregation strategies
can mitigate global texture dominance, we tested
three approaches: variance-weighted pooling (Var-
Wgt), attention-guided pooling (AttnGd), and top-
k patch removal (TopK-R). As shown in Table 7,
all three methods provide only marginal improve-
ment, with similarity scores remaining above 0.99
across all sensitivity tests. This confirms the sever-
ity of global texture dominance: background fea-
tures are so pervasive that simple re-weighting or
filtering strategies cannot recover the fine-grained
signals. Combined with our MinPatch results (Ta-
ble 4), which show similarity as low as 0.51, this
demonstrates that the problem is fundamental to
single-vector aggregation.

5.6 Layout vs Tabular Data

Since we want to know why single-vector aggre-
gation fails on the sensitivity test, we perform a
visual attention analysis to see whether the vision
embeddings focus on the background layout (in-
cluding non-informative headers) or the tabular
data. The performance gap between the similar-
ity scores of the background layout and the tabular
data helps us identify what the single vector pays
attention to. As shown in Table 8, both Qwen2.5-
VL-7B and Qwen2.5-VL-32B show a large bias
(A = 40.22 and +0.24, respectively) in FinQA.
This indicates the single vector focuses on the back-
ground layout rather than the tabular data. On the
other hand, DeepSeek-DeepEncoder shows a lower
bias (A = +0.08) in FinQA. This suggests the
single vector of DeepSeek focuses less on the back-
ground layout but still not enough to identify the
changes. In TAT-DQA, the gap becomes negligi-
ble (A < 0.05) due to global texture dominance.
This prevents the single vector from distinguishing
between table content and background layout, ef-
fectively blinding the single-vector representation
to the actual data within visually complex tables.

6 Conclusion

In this paper, we develop a diagnostic benchmark
to analyze the reliability of single-vector aggrega-
tion in visual document retrieval for table-centric
financial documents. We find that although VLMs’
vision encoders successfully capture fine-grained
numeric and textual details, aggregation methods
such as mean pooling obscure these signals due to
global texture dominance. Our findings are robust
across varying model scales, specialized retrieval-
optimized architectures, and multiple mitigation
strategies, all of which fail to recover the lost sig-
nals. These results highlight significant risks for
single-vector visual document retrieval in financial
applications and suggest that multi-vector retrieval
approaches or learned aggregation methods are nec-
essary for practical deployment.

Limitations

Our diagnostic benchmark focuses on table-centric
financial documents from two datasets (FinQA
and TAT-DQA). While these represent common
financial document formats, other types such as
invoices, balance sheets with different layouts, or
handwritten financial notes may exhibit different
levels of global texture dominance. Extending the
benchmark to cover a broader range of financial
document types would strengthen the generaliz-
ability of our findings. Additionally, the findings
on global texture dominance may not transfer to
other domains such as natural images, which have
fundamentally different visual characteristics (see
Appendix E). Furthermore, our benchmark may
not cover all real-world semantic changes since
we only work on specific numeric and textual per-
turbations. Future work should explore more di-
verse perturbation types and larger-scale evaluation
across financial document categories. While our
study focuses on diagnostic similarity analysis be-
tween document pairs, a full retrieval evaluation
with ranking metrics (e.g., Recall@k, nDCG) over
a large corpus would further contextualize the prac-
tical impact and is left for future work.
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A Dataset Details

FinQA. FinQA (Chen et al., 2021) focuses on numerical reasoning in financial reports. We create
the image set by manually taking screenshots of the test documents! to simulate real-world viewing
conditions.

TAT-DQA. TAT-DQA (Zhu et al., 2022), an extension of the TAT-QA dataset (Zhu et al., 2021), is
considered harder than FinQA. It contains multi-page documents with dense financial tables. We extract
these images directly from the source PDFs.

Masking Procedure. Unlike automated bounding boxes which often suffer from localization errors, we
manually verify the visual boundaries of the table region for each document. This ensures pixel-perfect
alignment with the table’s semantic content, avoiding partial occlusions or leftover artifacts common in
automated methods.

B Implementation Details

Setup. We implemented all models using the HuggingFace Transformers library (Wolf et al., 2020) on a
single NVIDIA RTX 5880 Ada Generation GPU (48GB). To ensure a fair comparison, we utilized the
official pre-trained weights for all architectures (e.g., Qwen/Qwen2.5-VL-7B-Instruct). For DeepEn-
coder, we adapted the implementation from https://github.com/Volkopat/VLM-Optical-Encoder.
Embedding similarity was computed using Cosine Similarity, and all input images were resized to the
model’s default resolution to prevent resizing artifacts.

"https://fingasite.github.io/explore.html
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C Mitigation Strategy Details

To explore whether simple modifications to the aggregation process can preserve fine-grained signals, we
design three straightforward baseline strategies. We emphasize that these strategies are not proposed as
optimal solutions, but rather as simple probes to test whether straightforward aggregation modifications

can recover fine-grained signals lost during single-vector compression.

* Variance-Weighted Pooling (VarWgt): Assigns higher weights to patches with greater variance
across embedding dimensions, under the hypothesis that informative patches exhibit higher variance

than repetitive background patches.

* Attention-Guided Pooling (AttnGd): Computes a patch-level self-similarity matrix via normalized
dot products among patch embeddings, and uses the standard deviation of each patch’s similarity
scores as a proxy for patch informativeness. Patches with low diversity are down-weighted under the
hypothesis that uniformly similar patches correspond to repetitive background regions.

* Top-k Removal (TopK-R): Computes cosine similarity between spatially aligned patch pairs from
the original and perturbed documents, removes the top-k most similar aligned patches, and mean-
pools the remaining patches. We use a fixed £ = 50 as a simple heuristic. Note that this corresponds
to different removal proportions across encoders (around 9-19% depending on model).

FinQA TAT-DQA
Model VarWgt AttnGd TopK-R | VarWgt AttnGd TopK-R
Micro-Semantic Sensitivity (Values close to 1.0 indicate blindness)
Qwen2.5-VL-7B 0.9999 1.0000 1.0000 1.0000 1.0000 1.0000
Qwen2.5-VL-32B | 0.9997 0.9999 0.9999 1.0000 1.0000 1.0000
LLaVA-v1.5 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Phi-3.5-Vision 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
DeepEncoder 0.9999 0.9999 0.9999 1.0000 1.0000 1.0000
Macro-Semantic Sensitivity
Qwen2.5-VL-7B 0.9997 0.9998 0.9998 0.9996  0.9999 0.9999
Qwen2.5-VL-32B | 0.9997 0.9998 0.9998 0.9999 1.0000 1.0000
LLaVA-v1.5 1.0000  0.9999 0.9999 0.9999  0.9999 0.9999
Phi-3.5-Vision 0.9999 0.9999 0.9999 0.9999 1.0000 1.0000
DeepEncoder 0.9994  0.9995  0.9994 0.9998  0.9997  0.9996
Text Sensitivity
Qwen2.5-VL-7B 0.9962  0.9982 0.9979 0.9992  0.9997 0.9832
Qwen2.5-VL-32B | 0.9972  0.9980 0.9980 0.9996  0.9996 0.9996
LLaVA-vl.5 0.9998 0.9974 0.9981 0.9999  0.9992 0.9992
Phi-3.5-Vision 0.9989 0.9990 0.9988 0.9995 0.9996 0.9995
DeepEncoder 0.9980  0.9982 0.9978 0.9996  0.9996 0.9995
Table 7: Evaluation of mitigation strategies on sensitivity benchmarks.
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D Visual Attention Analysis

FinQA TAT-DQA
Model Sim to Data  Sim to Layout Gap Sim to Data  Sim to Layout Gap
(Table Only) (Table Only)
STRATEGY: MEAN POOLING (Values close to 1.0 indicate blindness)
Qwen2.5-VL-7B 0.7548 0.9791 0.2243 0.9268 0.9464 0.0196
Qwen2.5-VL-32B 0.7369 0.9724 0.2355 0.9343 0.9222 -0.0121
LLaVA-v1.5 0.8040 0.9847 0.1807 0.9364 0.9684 0.0320
Phi-3.5-Vision 0.7171 0.9911 0.2740 0.9190 0.9693 0.0503
DeepEncoder 0.9106 0.9866 0.0760 0.9222 0.9667 0.0446
STRATEGY: MAX POOLING
Qwen2.5-VL-7B 0.9019 0.9677 0.0658 0.9710 0.9766 0.0056
Qwen2.5-VL-32B 0.9641 0.9822 0.0181 0.9859 0.9809 -0.0051
LLaVA-v1.5 0.9986 0.9997 0.0012 0.9995 0.9997 0.0002
Phi-3.5-Vision 0.9208 0.9854 0.0646 0.9629 0.9781 0.0152
DeepEncoder 0.9626 0.9817 0.0190 0.9762 0.9811 0.0050
STRATEGY: LATE INTERACT (MAXSIM)
Qwen2.5-VL-7B 0.6062 0.8948 0.2886 0.7948 0.8286 0.0338
Qwen2.5-VL-32B 0.5401 0.8821 0.3420 0.7570 0.7954 0.0384
LLaVA-v1.5 0.6935 0.9418 0.2482 0.8095 0.8810 0.0715
Phi-3.5-Vision 0.6109 0.9129 0.3020 0.7431 0.8297 0.0866
DeepEncoder 0.7584 0.8944 0.1360 0.7995 0.8584 0.0588
STRATEGY: LATE INTERACT (MEANPATCH)
Qwen2.5-VL-7B 0.3841 0.8231 0.4390 0.6171 0.6974 0.0803
Qwen2.5-VL-32B 0.3364 0.8007 0.4643 0.6081 0.6672 0.0591
LLaVA-v1.5 0.3788 0.8346 0.4558 0.5177 0.6764 0.1587
Phi-3.5-Vision 0.3028 0.8706 0.5678 0.5480 0.7150 0.1670
DeepEncoder 0.6232 0.8309 0.2077 0.6367 0.7398 0.1031
STRATEGY: LATE INTERACT (MINPATCH)

Qwen2.5-VL-7B -0.1575 0.0083 0.1658 -0.0455 0.0079 0.0534
Qwen2.5-VL-32B -0.0080 0.0407 0.0487 0.0183 0.0272 0.0089
LLaVA-v1.5 -0.1257 -0.0592 0.0666 -0.1335 -0.1360 -0.0025
Phi-3.5-Vision -0.1617 0.0494 0.2111 -0.1091 -0.0526 0.0566
DeepEncoder 0.1670 0.1727 0.0058 0.1798 0.1844 0.0046

Table 8: Complete visual attention analysis results across aggregation strategies.

E Sanity Check — Natural Images vs. Financial Documents

Model Natural Image (Cat vs Dog) | Financial Doc ($1.2 vs $1.3)
Qwen3-VL-Embedding-8B 0.1192 0.9992
GME-Qwen2-VL-7B-Instruct 0.2165 0.9970
Qwen2.5-VL-7B 0.4038 0.9999
Qwen2.5-VL-32B 0.5117 0.9999

Table 9: Domain comparison: natural images vs. financial documents.

To confirm that the aggregation failure is domain-specific, we compared natural images (cat vs. dog)
with financial documents ($1.2M vs. $1.3M) using the same models. Results show natural images
maintain discriminability (similarity 0.12-0.51), while financial documents collapse (similarity near
1.0), confirming a domain gap of 0.5-0.9. This validates our hypothesis that sparse numeric signals in
background-dominated documents are uniquely vulnerable to single-vector aggregation.
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