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1. Distortion-VisRAG Dataset Details

To evaluate how visual distortions affect retrieval accu-
racy, generation reliability, and end-to-end stability in
vision-based RAG systems, we construct the Distortion-
VisRAG (DVisRAG) benchmark by extending the origi-
nal VisRAG [20] dataset with diverse synthetic and real-
world degradations. In addition, we include an out-of-
domain (OOD) evaluation set based on RVL-CDIP [3] to
assess generalization beyond the VisRAG distribution and
to stress-test robustness under unseen document styles and
degradation patterns. Summary statistics of all datasets are
provided in Table 1. In the following sections, we describe
the three components of DVisRAG: the Synthetic Degrada-
tion Dataset, the Real-World Degradation Dataset, and the
OOD Zero-Shot Testing Set.

1.1. Synthetic Degradation Pipeline

To simulate diverse and challenging visual scenarios, we
augment all VisRAG source datasets with 12 types of
synthetic degradations generated following the procedure
of [1]. These degradations include: exposure change, con-
trast variation, elastic transform, pixelation, JPEG compres-
sion, Gaussian noise, impulse noise, shot noise, motion
blur, defocus blur, glass blur, and zoom blur. Each degra-
dation type is applied at five severity levels, enabling fine-
grained control over distortion intensity and improving the
robustness of RobustVisRAG across varying image quali-
ties. We also retain the original clean images in the training
set, allowing the model to preserve high fidelity on undis-
torted inputs while learning robust degradation-invariant
representations. Sample degraded images are shown in Fig-
ure 1, illustrating that these synthetic distortions effectively
cover a wide range of realistic and challenging visual con-
ditions encountered in document understanding tasks.

Table 1. Statistics of the DVisSRAG benchmark. DVisRAG con-
tains a total of 367,608 question—document (Q-D) pairs, includ-
ing 362,110 training samples and 3,607 synthetic-degradation test
samples, while the real-world degradation subset provides an ad-
ditional 1,891 test samples. The benchmark covers seven major
document VQA domains.

Source Document Type Train Evaluation
#Q-D Pairs #Q (% Preserved) #D  #Pos. D per Q
Synthetic D ion Dataset (12 degr

ArXivQA [6] Arxiv Figures 25,856 816 (8%) 8,066 1.00
ChartQA [7] Charts 4,224 63 (5%) 500 1.00
MP-DocVQA [17]  Industrial Documents 10,624 591 (11%) 741 1.00
InfoVQA [8] Infographics 17,664 718 (26%) 459 1.00
PlotQA [9] Scientific Plots 56,192 863 (4%) 9,593 1.00
SlideVQA [16]

Slide Decks 8,192 556 (25%) 1,284 1.26
Synthetic [20] Various 239,358 - - -
Real Degradation Dataset (5 degradations)

ArXivQA [6] Arxiv Figures - 300 (10%) 3,000 1.00
MP-DocVQA [17]  Industrial Documents - 591 (11%) 741 1.00
RVL-CDIP [3] Various - 1,000 (7%) 3,000 1.00

1.2. Real-world Degradation Pipeline

To evaluate robustness under realistic acquisition condi-
tions, we construct a Real-World Degradation Dataset by
physically printing and re-capturing document pages sam-
pled from ArXivQA [6], MP-DocVQA [17], and RVL-
CDIP [3]. We consider five types of real-world document
degradations in our evaluation. All documents were re-
captured using a Sony RX100 VII under controlled yet re-
alistic conditions:

Blur. The camera shutter speed was reduced to 1/3s and
slight hand-induced motion was applied during exposure,
producing realistic motion blur representative of handheld
or unstable capture conditions.

Low light. The exposure compensation was set to —3EV to
reduce incident illumination, resulting in low-light and low-
contrast images typical of indoor or shaded environments.
Low resolution. Images were captured at a 24 mm focal
length and subsequently cropped to reduce effective spa-
tial resolution. This degrades character sharpness and intro-
duces jagged text boundaries, mimicking long-distance or
compressed document captures.
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Figure 1. Illustrative samples of images with synthetic and real degradations from the DVisRAG.

Shadow. Localized shadows were introduced by partially
blocking the light source (e.g., with a hand or objects), cre-
ating non-uniform illumination patterns similar to those en-
countered in everyday office or indoor settings.

Deliberate damage. Documents were physically altered
by adding handwritten markings or by folding and crum-
pling the paper. These operations cause partial text occlu-
sion and background irregularities, simulating user-altered
documents and real-world wear.

To illustrate the visual characteristics introduced by
these real-world distortions, Figure 1 presents example im-
ages for all five categories. These samples show that real
degradations often contain complex and spatially varying
effects, such as uneven illumination, non-rigid deformation,
or mixed blur patterns, which more closely reflect the chal-
lenging conditions encountered in practical document un-
derstanding scenarios than synthetic perturbations.

1.3. OOD Benchmark Construction (RVL-CDIP)

To evaluate out-of-distribution generalization, we construct
a zero-shot testing set based on the RVL-CDIP collec-
tion [3], a large-scale archive of official documents span-
ning 16 heterogeneous categories. Since RVL-CDIP is not
a VQA dataset and contains no question—answer annota-
tions, we generate new QA pairs specifically for this bench-
mark. We sample 200 pages per category (3,000 pages in
total) and re-capture each page under the same five real-
world imaging conditions described in Sec. 1.2. For each
clean page image, we use GPT-4o to generate 3-5 fac-
tual, single-page VQA-style QA pairs using a constrained
prompt that enforces document-grounded answers without
external knowledge. We retain only items with a confidence
score of at least 0.90 and further perform strict manual
verification to ensure correctness, clarity, and answerabil-
ity, removing any ambiguous or context-dependent cases.
A stratified sampling procedure yields a final set of 1,000

high-quality QA pairs. These QA pairs are reused across
all re-captured versions of the same page, enabling con-
sistent evaluation of model robustness under diverse real-
world degradations.

2. Implementation Details

RobustVisRAG is built upon MiniCPM-V 2.0 [11] as the
retriever and MiniCPM-V 2.6 [12] as the generator. All ex-
periments are conducted using PyTorch on eight NVIDIA
A100 GPUs. The full RobustVisRAG pipeline consists of
two training stages.

Stage 1: Retrieval. We initialize the retriever using
the pre-trained weights from VisRAG [20]. To enable
distortion-invariant semantic learning, we introduce a non-
causal path into the vision encoder while adding a sin-
gle non-causal token. During training, the temperature
of the contrastive loss is set to 0.02, and the loss coeffi-
cients (ApasL, A1, A2) are set to (0.2,0.5,0.05). In addi-
tion, we apply the masking strategy in Eq. (9) & (12) at
all Transformer layers and across all attention heads. We
train the retriever for 2 epochs with AdamW, a learning
rate of 1 x 1072, a batch size of 256, and a WarmupDe-
cayLR scheduler. The total training timme for this stage is
approximately 48 hours. During inference, the non-causal
path is simply removed, and the encoder produces the se-
mantic embedding Z., for retrieval. This ensures that the
inference-time architecture and computational cost remain
fully compatible with standard VisRAG-ret.

Stage 2: Generation. We adopt MiniCPM-V 2.6 [12]
with pre-trained weights and keep the LLM backbone
frozen. To enhance robustness against degraded visual in-
puts while preserving the zero-shot performance, we fine-
tune only the vision encoder using an unsupervised training



QUESTION TYPES:
- Dates, times, or time periods
- Names of people, organizations, or places

— Numerical values (percentages, amounts, quantities)

— Items in lists or tables
— Actions, purposes, or conditions stated in text

REQUIREMENTS:
1) Single-page constraint

from a single-page document image.

* Each question must be answerable from THIS page alone.

* No cross-page or multi-document context.

2) Document-grounded only
* Use ONLY information visible on the page.
* Do NOT rely on world knowledge.

* Answers must be directly verifiable from the document.

3) Answer format
* Short factual phrases (1 to 10 words).
* Preserve formatting for numbers/dates.

4) Question clarity
* Direct, unambiguous wording.

%x Include a variety of question types (who / what / when / where / how much).

5) Confidence scoring
* Evaluate legibility of the answer region.
* Consider blur, skew, low contrast, etc.
* Minimum confidence = 0.90.

OUTPUT (JSON only) :
{

"image_id": "filename",
"questions": [
{
"gid": "unique_id",
"query": "...",
"answer": "...",
"docid": ["document_identifier"],
"prompt":
"confidence": 0.90

"Answer_the_question_using_a_single_word_or_phrase.\nQuestion: ...\nAnswer:",

Figure 2. Full prompt used for generating single-page VQA questions for OOD dataset.

paradigm. This stage employs the Adam optimizer with co-
sine annealing, a learning rate of 2 x 10~°, and a batch size
of 256, trained for 3 epochs. The loss weight A3 is set to
0.03. This training stage requires approximaltely 26 hours.
At inference time, the fine-tuned vision encoder replaces
the original encoder of MiniCPM-V 2.6 [12], and the re-
maining generation process follows the standard VisSRAG-
gen pipeline without modification. We present the prompts
for generation in Table 2.

3. Experimental Detail
3.1. Retrieval Performance

Table 3 provides the detailed retrieval results across all
datasets. RobustVisRAG achieves consistent improvements
over all baselines on both clean and degraded conditions.
Notably, RobustVisRAG also achieves a 5.46% improve-
ment on the out-of-domain RVL-CDIP benchmark, con-
firming the strong cross-domain generalization of our train-
ing strategy. Furthermore, RobustVisRAG surpasses the ad-
versarially trained VisRAG-FARE [15] across all dataset,
demonstrating that causal semantic—degradation disentan-



VALIDATION CHECKS:

1) Single-page constraint
PASS: Answerable from this page alone.

FAIL: Requires other pages or multi-hop context.

2) Document-grounded

PASS: Answer is visibly present in the document.
FAIL: Requires external knowledge or inference.

3) Answer verifiability

PASS: The answer text clearly appears on the page.

FAIL: Not directly visible or too ambiguous.
4) Question clarity

PASS: Single clear interpretation.

FAIL: Ambiguous or multiple plausible answers.
5) Confidence assessment

* Evaluate legibility under degradation (blur,

« Adjust confidence if needed.

x Final confidence must be >= 0.90.

FAILURE REASONS:

- "cross_page"

- "external_knowledge"
— "not_verifiable"

- "ambiguous"

- "low_confidence"

OUTPUT (JSON only) :

{
"pass": true/false,
"reason": "failure_reason_or_null",
"adjusted_confidence": 0.00,
"recommendation": "optional_improvements"

}
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Figure 3. Prompt used to filter and validate the generated questions to ensure single-page answerability and unambiguous ground-

ing.

Table 2. Prompt templates for generation. “Others” refers to
all VQA datasets except ArxivQA.

ArxivQA Others

{{ document(s) }}

Question: {query }}

Options: . {{ document(s) }}

A. {{ Option 1 }} . . .

) B. {{ Option 2 }} Answer the question using a sin-

VisRAG : . gle word or phrase.

C. {{ Option 3 }} Question:{{ query }}

D. {{ Option 4 }} o query

Answer directly with the letter swer:

of the correct option as the first

character.

glement is fundamentally more effective than perturbation-
based robustness methods. These results highlight the
strong generalization ability of the CSA module and its
effectiveness in stabilizing retrieval performance under di-
verse and challenging real-world distortions.

3.2. Generation Performance

Table 4 presents the complete generation results across
all synthetic and real-world datasets under different re-
trieval settings. RobustVisSRAG consistently achieves the
best performance across all conditions, such as on the Or-
acle setting, where it improves over VisSRAG-Gen [20] by
6.35% and surpasses GPT-40 [10] by 10.42%. Notably, full
finetuning (FFT) of VisRAG-Gen often leads to degraded
performance on the out-of-domain RVL-CDIP benchmark,
suggesting that supervised adaptation on VisRAG’s distri-
bution may introduce domain overfitting. In contrast, our
method relies on an unsupervised degradation-guided ob-
jective that explicitly disentangles semantic and distortion
factors without relying on dataset-specific annotations, en-
abling substantially stronger cross-domain generalization.
These results confirm that the CSA module provides ro-
bust, degradation-invariant generation even under challeng-
ing synthetic distortions and real-world recaptures.



Table 3. Overall retrieval performance in MRR@10 across clear, synthetic, and real-world degradation settings over nine benchmark
datasets. For clarity, we note that Table 1 in the main text reports our retrieval model simply as RobustVisRAG. In this supplementary
material, we use the notation RobustVisRAG-Ret to explicitly denote the retriever component; however, RobustVisRAG-Ret and the
RobustVisRAG reported in Table 1 of the main text refer to the exact same model trained with our causality-guided framework. The best

value in each column is in bold, and the second best is underlined.

Synthetic Dataset Real-World Dataset

Model (MRR@10) # Para. ArxivQA ChartQA DocVQA InfoVQA PlotQA SlideVQA Average RVL-CDIP | DocVQA | ArxivQA | Average

clean degra | clean degra | clean degra | clean degra | clean degra | clean degra | clean degra degra degra degra degra
BM25 (T) [14] n.a 3477 25.60 | 5275 28.00 | 70.88 44.96 | 63.29 41.00 | 37.76 15.75 | 60.59 41.48 | 53.34 32.80 30.51 56.93 28.36 38.60
BGE-large (T) [18] 335M | 36.76 25.85 | 55.43 29.72 | 56.09 39.65 | 76.50 55.60 | 47.33 19.45 | 81.75 52.02 | 58.98 37.05 26.00 48.52 31.19 35.23
NV-Embed-v2 (T) [5] 7.85B | 53.11 39.29 | 73.66 41.83 | 73.92 52.49 | 84.06 6520 | 57.36 2471 | 92.38 62.56 | 72.41 47.68 37.52 65.10 4571 49.44
MiniCPM-FV (T) [19] 2.72B | 63.16 47.00 | 68.75 38.88 | 79.20 5522 | 84.61 62.28 | 6546 27.89 | 88.49 59.96 | 7494 4854 40.35 68.10 47.82 52.09
MiniCPM-FM (T) [19] 2.72B | 6240 4741 | 68.53 43.84 | 75.83 54.64 | 81.97 62.68 | 63.45 30.28 | 86.83 60.89 | 73.17 49.96 39.14 66.90 49.11 51.72
SigLIP [21] 883M | 22.82 20.19 | 59.27 3825 | 3433 29.10 | 54.60 43.33 | 26.86 15.16 | 6291 52.57 | 43.47 33.10 5.02 20.49 19.71 15.07
SigLIP-FV [21] 883M | 59.44 4922 | 77.34 60.76 | 66.78 58.67 | 76.77 63.65 | 60.10 37.52 | 88.66 7524 | 71.52 57.51 7.56 30.97 46.95 28.50
SigLIP-FM [21] 883M | 60.23 54.64 | 78.19 64.69 | 6570 59.57 | 7432 64.67 | 48.38 35.20 | 86.24 79.84 | 68.84 59.77 9.39 36.35 49.93 31.89
ColPali-FV [2] 2.97B | 73.87 63.94 | 72.70 58.95 | 78.55 70.31 | 79.37 64.79 | 51.84 28.80 | 91.10 80.53 | 7457 61.22 15.73 48.47 60.91 41.70
VisRAG-Ret [20] 343B | 74.58 64.63 | 75.65 61.99 | 7521 68.99 | 86.18 77.62 | 61.75 40.29 | 92.04 8222 | 77.57 65.96 41.74 65.42 62.27 56.48
VisRAG-Ret-FM [20] 343B | 75.60 67.47 | 7724 63.57 | 76.08 71.92 | 86.28 81.25 | 62.30 43.66 | 92.86 84.26 | 78.39 68.69 43.64 66.99 64.11 58.25
VisRAG-Ret-FM (FARE) [15]  3.43B | 7529 67.89 | 77.73 64.34 | 76.75 72.12 | 86.37 81.98 | 62.23 44.18 | 92.17 84.12 | 7842 69.11 44.70 67.19 66.28 59.39
RobustVisRAG-Ret 343B | 78.75 76.30 | 80.01 69.95 | 77.47 74.83 | 87.74 83.26 | 63.78 48.80 | 92.93 86.11 | 80.11 73.21 47.20 72.38 71.89 63.82

Table 4. Overall generation performance in accuracy across clear, synthetic, and real-world degradation settings over nine benchmark
datasets. For clarity, we note that Table 2 in the main text reports our generation model simply as RobustVisRAG. In this supplementary
material, we use the notation RobustVisRAG-Gen to explicitly denote the generator component; however, RobustVisRAG-Gen and the
RobustVisRAG reported in the main text refer to the exact same model trained with our proposed causality-guided framework.

Synthetic Dataset Real-World Dataset
Model / Method Input ArxivQA ChartQA DocVQA InfoVQA PlotQA SlideVQA Average RVL-CDIP | DocVQA | ArxivQA | Average
clean degra | clean degra | clean degra | clean degra | clean degra | clean degra | clean degra degra degra degra degra
top-1 | 59.74 57.48 | 46.98 1270 | 50.16 22.50 | 45.18 33.57 | 1445 382 | 47.77 27.52 | 4405 2626 5.20 19.29 58.33 27.61
GPT-4o (T) [10] top-2 | 60.86 58.09 | 48.16 1587 | 57.93 26.23 | 48.61 4025 | 17.53 4.06 | 51.55 32.55 | 47.44 2951 5.70 22.17 58.33 28.73
top-3 | 62.50 57.23 | 45.16 19.05 | 55.81 2843 | 50.86 4095 | 14.88 556 | 52.99 32.55 | 47.03 30.63 6.80 23.52 58.00 29.44
Oracle | 61.89 6091 | 66.67 26.98 | 63.79 46.87 | 50.56 46.10 | 20.39 10.54 | 55.04 35.97 | 53.06

RobustVisRAG-Gen

top-2 3. 5.
top-3 | 68.63 69.56 | 67.25 47.62 | 87.14 7293 | 65.77 59.05 | 27.11 24.71 | 56.01 50.18 | 61.99
Oracle | 72.49 71.28 | 72.60 52.38 | 85.79 74.79 | 67.72 60.31 | 41.60 31.32 | 63.80 57.12 | 67.33

Table 5. Overall end-to-end performance under clean settings across six benchmark datasets.

Methods Retrieval (MRR10) Generation (Top-1)

ArxivQA  ChartQA DocVQA InfoVQA PlotQA SlideVQA Average | ArxivQA ChartQA DocVQA InfoVQA PlotQA  SlideVQA  Average
VisRAG 74.58 75.65 75.21 86.18 61.75 92.04 71.57 66.30 46.03 61.25 55.15 24.22 49.46 50.40
VisRAG-FT 75.29 77.73 76.75 86.37 62.23 92.17 78.42 67.50 57.00 72.76 57.36 24.57 49.82 54.84
Two-stage 74.78 76.50 75.29 86.42 61.76 91.93 77.78 66.54 47.62 61.76 55.43 23.99 48.02 50.56
RobustVisRAG 78.75 80.01 7747 87.74 63.78 92.93 80.11 68.32 63.49 76.99 60.19 27.11 53.24 58.22

Table 6. Overall end-to-end performance under synthetic degradation settings over six benchmark datasets.
Methods Retrieval (MRR10) Generation (Top-1)

ArxivQA ChartQA DocVQA InfoVQA PlotQA SlideVQA Average | ArxivQA ChartQA DocVQA InfoVQA PlotQA  SlideVQA  Average
VisRAG 64.63 61.99 68.99 77.62 40.29 82.22 65.96 66.42 33.33 51.61 42.76 20.74 36.87 41.96
VisRAG-FT 67.89 64.34 72.12 81.98 44.18 84.12 69.11 67.77 35.98 61.08 44.56 20.86 39.48 44.96
Two-stage 65.53 62.11 69.91 78.23 41.34 81.82 66.49 66.79 34.92 51.10 43.18 20.28 37.23 4225
RobustVisRAG 76.30 69.95 74.83 83.26 48.80 86.11 73.21 69.07 39.68 65.99 52.23 21.42 39.75 48.02




Table 7. Overall end-to-end performance under real-world
degradation settings over three benchmark datasets.

Retrieval (MRR10) Generation (Top-1)

Methods RVL-CDIP DocVQA ArxivQA Average | RVL-CDIP DocVQA ArxivQA  Average

VisRAG 74 6542 6227 56.47 18.90 4839 61.67 299
VisRAG-FT 44.70 67.19 66.28 59.39 21.70 57.10 66.00 4827
Two-stage 34.86 64.87 61.05 53.59 17.00 39.26 65.00 4042
RobustVisRAG 47.20 72.38 71.89 63.82 27.10 70.39 68.67 55.39

Table 8. Analysis of the weighting coefficients for retrieval.

Adjust CSA Balance Adjust NCDM
Osac A o) | 00,055,005 (0.2,0.05,0.05) (02,0.7,005) | (0.2.0.5,005) | (02,0505 (0.2,0.5.0.07) (0.2,0.5,0.005)
Synthetic 71.89 70.19 72.98 7321 68.18 73.18 69.76
Real-world 61.92 60.24 63.09 63.82 58.89 63.17 59.17

Table 9. Analysis of the weighting coefficients for generation.

A3 0.3 0.03  0.003
Synthetic 4532 48.02 46.67
Real-world | 51.79 55.39 52.23

Table 10. Analysis of the number of non-causal tokens.

Number of Zye, 1 2 4
Retrieval MRR@10) 63.82 63.74 62.93
Generation (Top-1) 55.39 55.01 54.32

Table 11. Analysis of Degradation Representation.

Strategy w/o NCDM  w/ NCDM
mAP 24.9 92.3

Table 12. Analysis of Additional Two-Stage Pipelines.

Retrieval (MRR@10) Generation (Top-1)

Configurations VisRAG Synthetic Real | VisSRAG Synthetic Real

VisRAG 71.57 65.96 56.47 50.40 41.96 42.99
PromptIR+VisRAG 71.78 66.49 53.59 | 50.56 42.25 40.42
UniRestore+VisRAG 78.21 68.28 58.27 51.72 44.68 46.26
RobustVisRAG 80.11 73.21 63.82 | 5822 48.02 55.39

3.3. End-to-End Performance

Tables 5-7 present the full end-to-end evaluations under
clean, synthetic, and real-world degradation settings. Ro-
bustVisRAG achieves consistent improvements across all
conditions, surpassing VisSRAG and VisRAG-FT on clean
datasets while demonstrating substantial gains under de-
graded inputs. We also observe that the Two-stage strat-
egy [13], which restoring images before feeding them into
VisRAG, does not guarantee improvement, as the restora-
tion step may introduce artifacts or distort clean images.
Under real-world degradations, RobustVisRAG improves
retrieval accuracy by 7.35% on average and further boosts
end-to-end generation accuracy by 12.40% compared with
VisRAG. Notably, transferring from synthetic training to
real-world degradations on DocVQA (e.g., 65.99 — 70.39),
confirming that the benefits of semantic—degradation disen-
tanglement propagate throughout the entire pipeline. These
results highlight the practical robustness of RobustVisRAG
and its ability to maintain reliable multimodal reasoning in
realistic imaging environments.

3.4. Investigation of Hyperparameter

Table 8 and 9 summarize the effects of different loss-
weight settings. We observe that removing the FASL term
(ApasL = 0) reduces performance, indicating that the fine-
grained alignment term provides important detail supervi-
sion beyond the SIL loss. A; and Ay either overempha-
size degradation modeling or weaken the non-causal path-
way, both leading to suboptimal results. Across a reason-
able range of weighting coefficients, performance varies
smoothly and remains stable under degradations. A bal-
anced configuration of (0.2, 0.5, 0.05) achieves the best re-
trieval performance. A similar trend is found on the gen-
eration side, where overly large or small A3 reduce its ro-
bustness. We set A3 = 0.03 as the optimal trade-off. No-
tably, although training is more complex than standard fine-
tuning, our method introduces no additional inference cost
and consistently improves robustness.

3.5. Number of Non-causal Tokens

Table 10 shows that increasing the number of Zg., does
not consistently improve performance on the real DVisRAG
subset, as multiple non-causal tokens capture overlapping
degradation cues, leading to redundant rather than more in-
formative representations.

3.6. Analysis of Degradation Representation

We conduct an additional experiment to quantitatively eval-
uate the structure induced by NCDM in the Zg, space.
We synthesize four degradation types (darkness, blur, low
resolution, and shadow) on 100 clean slide images from
SlideVQA as queries, and probe the real-degradation sub-
set in DVisRAG. For each query, we retrieve the top-5
images with the smallest distance in the Zy., embedding
space and compute mean average precision (mAP) based
on degradation-type labels. Table 11 shows that incor-
porating NCDM improves mAP, indicating that Zg., cap-
tures degradation-consistent and quantitatively discrimina-
tive structure that supports task-level retrieval of images
with similar degradation attributes.

3.7. Analysis of Additional Two-Stage Pipelines

We additionally include UniRestore [1]+VisRAG, a task-
oriented restoration pipeline, for comparison. Table 12
shows that under our evaluated VisRAG setting, task-
oriented restoration does not close the performance gap to
RobustVisRAG under degradations.

3.8. Case Study

As shown in Figure 4, demonstrates that RobustVisRAG re-
mains reliable even under real-world degradations, includ-
ing low-light conditions, shadow occlusion, and physical
document damage. While VisRAG often retrieves visu-
ally similar but semantically incorrect pages, our method



consistently identifies the correct ground-truth document by
leveraging distortion-invariant semantic features and disen-
tangled degradation cues. This demonstrates the strong ro-
bustness of RobustVisRAG in challenging retrieval scenar-
ios and confirms its advantage in maintaining accurate evi-
dence retrieval for downstream multimodal reasoning.

As shown in Figure 5, RobustVisRAG also demonstrates
clear advantages on the generation side. Even when both
models are provided with the same retrieved document, Vis-
RAG often struggles to extract key information from heav-
ily degraded pages, producing incomplete or incorrect an-
swers. In contrast, RobustVisRAG can reliably parse text
and semantic content from damaged, low-light, or shad-
owed documents, leading to accurate and faithful responses.
These results highlight the importance of robust visual un-
derstanding during generation and further validate the effec-
tiveness of our distortion-aware design in real-world docu-
ment QA scenarios.



S Query: How much was the 'research and development expense' for the year 2009?

Target Image

VisRAG-
Ret

RobustVisRAG-
Ret

8 Query: What does HT denote?
Target Image

VisRAG-
Ret

RobustVisRAG-
Ret

Target Image

VisRAG-
Ret

RobustVisRAG-
Ret

Figure 4. Reteieval case studies from DVisRAG under low-light, shadow, and damaged degradation. The results demonstrate VisRAG
retrieves visually similar but semantically irrelevant documents, while RobustVisRAG consistently retrieves the correct ground-truth target
despite severe distortions. These results demonstrate the robustness of the proposed method to illumination changes, shadows, and physical
damage.



Retrieval document

Query: What is the designation of Bernadette G. Janas, PhD?
Gold Answer: medical writer

VisRAG-Gen: the designation of bernadette g janas phd as per the document is research X

& & & e

RobustVisSRAG-Gen: medical writer \/

Retrieval document

Retrieval document

Query: What is the cash discount offered if postmarked before the 15th of the month?
Gold Answer: 2%

VisSRAG-Gen: the image does not provide specific information about a cash discount
offered for products postmarked before the 1

& O 9 e

RobustVisRAG-Gen: 2% \/

Query: What is the number of Investor Services Committee meetings attended by A. V.
Girija Kumar?

Gold Answer: 2%

VisRAG-Gen: the document does not provide specific information about the number of
meetings attended by a v girija

RobustVisRAG-Gen: 2% \/

Figure 5. Generation case studies from DViSRAG under damaged, low-light and shadow degradation. Even if VisRAG is given
the correct document during generation, it often fails to extract reliable information from heavily degraded inputs, leading to incorrect or
incomplete responses. In contrast, RobustVisRAG can accurately interpret the degraded document and produce correct answers, demon-
strating its resilience to real-world distortions.
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