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Abstract

Visual understanding requires interpreting both natu-
ral scenes and the textual information that appears within
them, motivating tasks such as Visual Question Answer-
ing (VOA). However, current VOA benchmarks overlook
scenarios with visually embedded questions, whereas ad-
vanced agents should be able to see the question without
separate text input as humans. We introduce Visual-only
Question Answering (VoQA), where both the scene and the
question appear within a single image, requiring models to
perceive and reason purely through vision. This setting sup-
ports more realistic visual understanding and interaction in
scenarios where questions or instructions are embedded di-
rectly in the visual scene. Evaluations under pure visual-
only zero-shot, prompt-guided and OCR-assisted settings
show that current models exhibit a clear performance drop
compared to traditional VQA. To address this, we investi-
gate question-alignment fine-tuning strategies designed to
guide models toward interpreting the visual question prior
to reasoning. Leveraging the VoQA dataset together with
these strategies yields robust vision-only reasoning while
preserving cross-task generalization to traditional VQA, re-
flecting complementary visual and textual reasoning capa-
bilities fostered through VoQA training.

1. Introduction

Visual understanding is a core capability in both human per-
ception and artificial intelligence systems, including com-
prehension of natural scenes and interpretation of visual
scenarios with embedded textual cues. Research in mul-
timodal reasoning has largely been driven by the Visual
Question Answering (VQA) [2, 8] task, where a model re-
ceives an image together with an explicitly provided textual
question and is required to produce an answer. This for-
mulation has enabled systematic evaluation of visual rea-
soning and the development of a wide range of bench-
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Q. Where is the cat positioned in the image?

A. The cat is positioned on top of the back of the
couch in the living room.

(a) Traditional VQA Task

A. The cat is positioned on top of the back of the
couch in the living room.

(b) VoQA Task

Figure 1. Comparison between (a) the traditional VQA task and
(b) the Visual-only Question Answering (VoQA) task. Traditional
VQA provides an image and a textual question as separate inputs,
whereas VoQA embeds the question directly within the image, re-
quiring reasoning purely through visual perception.

marks [10, 18, 19, 24] and models.

Fueled by advances in Large Vision-Language Models
(LVLMs) [1, 4, 13, 16, 22], recent models have achieved
notable results on various VQA benchmarks. However, cur-
rent VQA benchmarks ignore cases where questions are
embedded within the visual scene, yet advanced agents
should be able to directly see and interpret such questions
without relying on separate textual input, similar to human
perception. Such situations commonly occur in natural en-
vironments, digital interfaces, and many embodied Al set-
tings. In these cases, models must detect, interpret, and rea-
son over visually embedded text without relying on sepa-
rate textual inputs. Developing the ability to handle these
scenarios allows embodied Al systems, including robots,
autonomous vehicles, and graphical user interface (GUI)
agents, to interact more efficiently and naturally with real-
world environments.

This paper introduces Visual-only Question Answering
(VoQA), a new multimodal reasoning task that removes
the explicit language channel. As shown in Figure 1, the
model receives a single composite image that visually en-
codes both the question and the scene. It must comprehend
the embedded question, align it with the corresponding vi-
sual content, and generate the correct answer, all through
a unified visual input stream. This reframing moves from
explicit language-conditioned reasoning in VQA to implicit



vision-only reasoning in VoQA, where the model must infer
and answer questions purely from visual cues.

To support this task, we construct a large-scale
VoQA Dataset and a comprehensive VoQA Benchmark,
containing over 3.35M training and 134k evaluation
samples.  The training set is derived by converting
LLaVA [16] instruction-tuning data into visual-only in-
puts via text-image rendering. For evaluation, the bench-
mark is built by converting existing VQA datasets into
the same visual-only format, covering tasks adapted from
VQAV2 [8], GQA [10], POPE [14], TextVQA [24] and Sci-
enceQA [18].

To assess model capabilities without modifying their
weights, we evaluate both open-source and closed-source
LVLMs under pure visual-only zero-shot, prompt-guided,
and OCR-assisted experiments, revealing a substantial per-
formance drop compared to traditional VQA. Analysis
using the Question Alignment Accuracy (QAA, see Sec-
tion 3.3.3) confirms that correctly aligning visual questions
is crucial, as higher QAA consistently correlates with bet-
ter answer accuracy. This finding highlights that effective
reasoning depends critically on question alignment, which
involves the ability to locate and interpret visual text, mo-
tivating supervised fine-tuning (SFT) strategies that guide
models to first identify and align with the embedded ques-
tion before producing an answer.

We conducted a comprehensive investigation of SFT
strategies. For VoQA Baseline-SFT (see Section 4.1), we
found that models often either repeat the embedded ques-
tion or generate answers unrelated to it, reflecting poor
alignment between visual prompts and the intended re-
sponse. To address this, we introduce question-alignment
fine-tuning strategies that guide the model to first identify
the visual question before reasoning, effectively enhancing
its ability to comprehend visually embedded questions and
perform reasoning purely within the visual modality.

Given the inherent difficulty of the VoQA task, it is de-
sirable for the model to not only perform well on VoQA
but also acquire cross-task generation capability (see Sec-
tion 4.2) to traditional VQA. Among these strategies, Ques-
tion—Role—Answer Supervised Fine-Tuning (QRA-SFT, see
Section 4.3) guides the model to predict the complete Ques-
tion—Role—Answer sequence, which both enforces prior
alignment with the visually embedded question, ensuring
strong performance on the VoQA task, and preserves the
input-output format of traditional VQA, thereby maintain-
ing the model’s ability to generalize to text-based VQA.

2. Related Works

2.1. Visual Question Answering

Early Visual Question Answering (VQA) research focused
on object recognition and basic reasoning over static im-
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ages, as in VQAv1 [2], VQAV2 [8], and CLEVR [11], while
datasets such as Visual7W [36], GQA [10], and VizWiz-
VQA [9] expanded to region grounding, compositional rea-
soning, and real-world robustness. Subsequent work ex-
plored bias analysis [12], external knowledge [19], and mul-
tilingual or large-scale benchmarks such as MMBench [17]
and MEGA-Bench [6]. To evaluate text understanding,
TextVQA [24], OCR-VQA [21], and ChartQA [20] eval-
uate models’ ability to read and reason over scene text or
structured data.

Although these methods vary and explore different as-
pects of multimodal capabilities, they all provide the ques-
tion as a separate textual input. In contrast, our VoQA task
embeds the question as rendered text within the image, re-
quiring unifying perception, text recognition, and reasoning
without any explicit textual prompt.

2.2. Large Vision-Language Models

Large Vision-Language Models (LVLMs) bridge vision and
language via large-scale pretraining on image—text pairs.
Early works such as CLIP [23] and SigLIP [32] estab-
lished strong cross-modal alignment, while recent sys-
tems combine vision encoders with Large Language Mod-
els (LLMs) [1, 13, 16, 22, 34], enabling unified multi-
modal reasoning across captioning and VQA. Representa-
tive open-source models such as Qwen3-VL [26], and In-
ternVL3.5 [27] achieve performance comparable to propri-
etary systems like GPT-5 and Gemini2.5-Pro.

Despite their progress, most LVLMs still depend on ex-
plicit textual input for perception and reasoning. Their
reliance on language priors leaves open the question of
whether multimodal understanding can emerge purely from
the visual channel when textual information is embedded
within the image itself.

2.3. OCR Systems and OCR-Enhanced LVLMs

Traditional OCR systems (e.g., Tesseract [25]) follow a
modular detect-recognize pipeline, which limits robustness
in complex or noisy scenes. Recent Transformer-based
approaches such as Nougat [5], GOT-OCR2.0 [28], and
DeepSeek-OCR [29] pursue unified end-to-end designs, ex-
tending OCR to structured documents, formulas, and di-
agrams. Recent LVLMs demonstrate emergent OCR-like
capabilities through instruction-tuned multimodal pretrain-
ing [3, 26, 27, 35], yet they remain dependent on vision-
language instruction tuning.

In contrast, our VoQA task removes textual input en-
tirely, embedding questions visually within the image. This
setting moves beyond text recognition, requiring models
to both perceive and reason over in-image textual content
purely through the visual modality.



3. VoQA Task, Dataset and Benchmark

We first introduce the VoQA task along with the VoQA
dataset and benchmark designed for it. To investigate the
model capability on this task, we evaluate both open-source
and closed-source models across multiple settings.

3.1. Task Definition

The Visual-only Question Answering (VoQA) task is de-
fined as a visual reasoning problem in which all informa-
tion required for inference, including both visual content
and a textual question, is conveyed solely through the vi-
sual modality. Formally, let Z denote the space of natu-
ral images, and 7 denote the space of textual sequences.
In VoQA, the input to the model is a composite visual in-
put I, € T, ¢ REXWX3 which visually encodes both
I, € 7 (scene image) and T, € 7T (question text). Given
this visual-only input, a reasoning function M : Z, — 7T,
produces an answer 7, = M(I,). This formulation ab-
stracts VoQA as a unified visual reasoning task where both
the scene and the query are presented within a single visual
stream, and all semantic inference is performed in the visual
space without explicit textual input.

3.2. Dataset Construction

To build the VoQA dataset and benchmark, we introduce the
text-image rendering methods used to generate visual-only
inputs and the data sources used for training and evaluation.

3.2.1. Text-Image Rendering Methods

To generate the VoQA input image I,,, we first render the
question 77, into an RGB image I,. While a straightforward
approach is to concatenate I, and I (details in Supplemen-
tary Material, SM), this maintains a distinct spatial separa-
tion between the two modalities.

Our primary approach, Watermark Rendering (Fig. 2),
addresses this by embedding I, as an integrated watermark
within I,. Inspired by the sliding window approach, we se-
lect the embedding region based on multiple criteria to en-
sure minimal occlusion and maximal readability. Final wa-
termark colors are selected based on WCAG contrast guide-
lines. Technical details, including candidate region scoring,
contrast-aware color selection, are provided in SM.

3.2.2. Data Preparation

Training Dataset. We construct the VoQA training
dataset based on the vision—-language instruction-tuning
data released by LLaVA [16]. Each multi-turn dialogue is
split into individual question—answer pairs, and each pair is
rendered as a separate composite image by overlaying the
question onto the corresponding scene image. The resulting
dataset comprises over 3.35 million VoQA samples.

Evaluation Benchmark. We build the VoQA Bench-
mark by transforming five widely-used VQA datasets,
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Figure 2. Two examples of watermark rendering with different
text colors.

VQAV2 [8], GQA [10], POPE [14], TextVQA [24], and
ScienceQA-IMG [18] (denoted as SQA), into the visual-
only format. Each image—question pair is rendered into
a single composite image using our text-image rendering
process. The benchmark spans a broad range of question
types and reasoning skills, and includes over 134k evalua-
tion samples. Details of each sub-task are provided in SM.

3.3. Evaluation on the VoQA Benchmark

We evaluate both open-source and closed-source models on
traditional VQA benchmarks as baseline performance and
on the VoQA benchmark under three main settings: (1) pure
visual-only zero-shot, (2) prompt-guided evaluation, where
models are explicitly instructed to reconstruct and answer
the visually embedded question, and (3) OCR-assisted eval-
uation, where a strong OCR system provides auxiliary tex-
tual input.

3.3.1. Evaluation Setup

Overview of Evaluation Settings. We evaluate seven
LVLMs, including six open-source models: InternVL3-
1B [35], DeepSeek-VL2-Tiny (1B) [30], Qwen2.5-VL-3B-
Instruct [4], TinyLLaVA-3.1B [33], BLIP-3 (4B) [31], and
LLaVA-v1.5-7B [16], as well as the closed-source model
Doubao-1.5-thinking-vision-pro. ~ All models are evalu-
ated under four settings: (1) traditional VQA benchmarks;
(2) the VoQA benchmark under a pure visual-only zero-
shot setting, where models receive only images with visu-
ally embedded questions; (3) the VoQA benchmark with
prompt-guided evaluation, where prompts explicitly in-
struct the model to locate and interpret the embedded ques-
tion before answering; and (4) the VoQA benchmark with
OCR-assisted evaluation, where the OCR output from a
strong system (GOT-OCR 2.0 [28]) is provided as auxiliary
textual input together with the composite image.

Prompt Engineering Setup. We design three prompting
configurations (see SM for templates): (1) Light Prompt,
which briefly instructs the model to locate and answer the
embedded question; (2) Short Workflow Prompt, which
adds minimal reasoning guidance and requires structured
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@D Traditional VQA Benchmark
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Figure 3. Average Accuracy (%) of all models on the VOQA benchmark under various zero-shot settings (pure visual-only, prompt-
guided, and OCR-assisted) across all datasets, compared with traditional VQA benchmarks. The models correspond to those introduced in
Section 3.3.1. Across all models and zero-shot settings, performance on VoQA is noticeably lower than on traditional VQA, highlighting
the challenge of reasoning over visually embedded questions. SM provides comprehensive per-dataset performance along with evaluations

for more closed-source models.

JSON outputs containing both the detected question and fi-
nal answer; (3) Long Workflow Prompt, which further en-
forces multi-step reasoning and stricter output constraints to
ensure stronger question alignment.

To ensure fair comparison, we apply consistent response
filtering across all VoQA settings. Details of the implemen-
tation are provided in SM.

3.3.2. Evaluation Results

As shown in Figure 3, performance of all models drops sig-
nificantly on pure visual-only zero-shot VoQA compared
with traditional VQA, highlighting the challenge of reason-
ing over visually embedded questions, even for the closed-
source Doubao model.

Under prompt-guided evaluation, models achieve mod-
erate gains by explicitly parsing the embedded question.
Incorporating OCR results, as an external auxiliary system
that directly provides the model with the detected embedded
question, achieves the highest accuracy among all VoQA
settings. Nevertheless, performance remains noticeably be-
low traditional VQA, indicating that current LVLMs still
struggle when textual information is presented solely in the
visual modality.

Notably, the closed-source Doubao model performs rel-
atively well, likely due to its large size and extensive pre-
training, which help it interpret visual questions even with-
out specialized guidance.

3.3.3. Result Analysis

Model behavior Analysis. To better understand model
behaviors under the pure visual-only zero-shot setting, we
categorize their responses to the VoQA task into five types:
(1) Question-unaware image captioning: ignores the
embedded question and generates a generic caption; (2)

9103

Question-aware image captioning: partially recognizes
the question and produces a loosely related description; (3)
Repeating the question: restates the question without an-
swering; (4) Answering incorrectly: identifies the ques-
tion but gives a wrong or irrelevant answer; (5) Answering
correctly: accurately understands and answers the embed-
ded question. We show a representative example in Table
1, which refers to a road construction scene that requires
understanding both the overall context and multiple text-
rich elements such as warning signs and road symbols. In
this case, most models fail to produce meaningful answers.
Instead, they tend to either repeat the question or generate
image descriptions without giving responses.

Question Recognition Analysis. To analyze the perfor-
mance gap, we measure models’ performance in recogniz-
ing the visually embedded question. We define Question
Alignment Accuracy (QAA) as:

min(EditDistance(q, q))
fen(q)

where ¢ is the ground-truth question, ¢ is the model-
predicted question, and EditDistance counts the character-
level insertions, deletions, or substitutions to match the
strings. This metric measures how accurately a model iden-
tifies the question before reasoning.

We compute the Question Alignment Accuracy (QAA)
on the VoQA benchmark, reporting results by reasoning
correctness for GQA, POPE, and SQA, and by confi-
dence threshold (not less than 0.5) for TextVQA, exclud-
ing VQAV2 due to unavailable correctness labels. QAA is
calculated under both workflow prompts.

As shown in Figure 4, higher QAA generally corre-
lates with stronger reasoning performance, as correctly an-

QAA=1-— , 1)




Table 1. A representative example from the pure visual-only zero-shot VoQA benchmark, showing a visually embedded question and
comparing responses from different models. The question ”Where will these things eventually be seen? Answer the question using a single
word or phrase.” is asked about a road construction site. The models correspond to those introduced in Section 3.3.1. Note: ellipses in
some model outputs are manually added for brevity and do not affect the classification of behavior type. More examples are provided in

SM.

Input Model Response

Behavior Type

LLaVA (7B)

The image features a construction site with several road
signs and barricades. There are ...

Question-unaware image captioning

InternVL (1B)

The text in the image suggests that the question “where will
these things eventually be? Answer ...
refer to road construction. The related sign ...

phrase.” is used to  Question-aware image captioning

The image captures a scene of road construction ... The im-
TinyLLaVA (3.1B) age also includes a text that reads "WHERE WILL THESE Question-aware image captioning
THINGS EVENLY BE ...”

Where will these things eventually be seen? Answer the ques-

DeepSeek (1B) tion using a single word or phrase. Repeating the question
y . - o ;. o o 2 o
BLIP (4B) The text ‘fVI"lLrL will 'these thlr%gs eventually be seen? Answer Repeating the question
... phrase.’ is overlaid on the image.
Qwen (3B) Disappeared Answering incorrectly
Doubao road Answering correctly
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Figure 4. Average Question Alignment Accuracy (QAA) and An-
swer Accuracy (ACC) for all models across four VoQA sub-tasks
under the two workflow prompt settings, except VQAv2. Cor-
rect Answers and Incorrect Answers indicate averages computed
over correctly and incorrectly answered samples, respectively. The
models correspond to those introduced in Section 3.3.1. For each
model, the results shown correspond to the workflow setting (short
or long) that yields the higher average ACC. Complete QAA and
ACC results are provided in SM.

swered samples consistently exhibit higher QAA than in-
correct ones. Incorporating an external OCR system pro-
vides direct access to the embedded question and achieves
the highest VoQA accuracy, but performance still falls short
of traditional VQA due to challenges like background text
unrelated to the question.

Overall, these observations highlight that robust VoQA
reasoning requires effective question localization and un-
derstanding, highlighting the critical role of supervised fine-
tuning in teaching the model to first recognize the question
and then generate the answer, as follows in the next section.

4. Question-Alignment Fine-Tuning for VoQA

By Supervised Fine-Tuning (SFT) on instruction-response
pairs from the VoQA training data, models are expected to

better recognize embedded questions and reason over visual
content, building on the proven effectiveness of prior SFT
frameworks [7, 16, 34]. We first introduce its standard ap-
plication in traditional VQA.

VQA Baseline-SFT (denoted as VQA SFT). In the tra-
ditional VQA setting, the model is fine-tuned with both the
image and the fextual question as inputs, using the corre-
sponding answer as supervision (Figure 5, Line 1). This
straightforward strategy enables the model to learn visual-
text reasoning conditioned on an explicitly provided ques-
tion.

However, due to the difference in input formats between
traditional VQA and VoQA, the VQA fine-tuning approach
must be adapted when applied to the VoQA task.

4.1. Naive SFT Adaptation to VoQA

VoQA Baseline-SFT. In VoQA Baseline-SFT, the explicit
textual question is removed, and the model generates the
answer directly from a composite image I, that visually
embeds the question (Figure 5, Line 2), preserving the
basic fine-tuning structure. Subsequent experiments use
three base models: TinyLLaVA-IB-Pretrained, InternVL3-
1B-Pretrained, and Qwen2-VL-2B. For details of experi-
mental settings and base model zero-shot results, please re-
fer to SM.

Result Analysis. As shown in Figure 6, VoQA Baseline-
SFT moderately improves model performance over zero-
shot evaluation on the VoQA task. However, we further
observe that the model frequently struggles to interpret the
embedded question correctly: it may repetitively restate the
question without answering, or generate responses that are
semantically irrelevant (See SM for examples). These be-
haviors reveal a fundamental limitation: without explicit



System Prompt (Fixed) [ ] User Prompt (Input) Supervised Targets (Calculate Loss) [ ASSISTANT: |/ CAsSISTANT: ) Role Token
Baseline-SFT (VQA) <System Prompt> ‘USER: ‘ ‘<image>‘ ‘ <Question> ‘ ‘ASSISTANT:‘ <Answer>
Baseline-SFT (VoQA) <System Prompt> | USER: ASSISTANT: <Answer>
QA-SFT (VoQA, Ours) <System Prompt> | USER: ASSISTANT: <Question> <Answer>
QRA-SFT (VoQA, Ours) <System Prompt> | USER: <Question> ASSISTANT: <Answer>

Figure 5. Comparison of four supervised fine-tuning strategies. The first two represent baseline fine-tuning under the VQA and VoQA
settings, respectively. The bottom two are our proposed VoQA-specific methods that first align the visually embedded question before

generating the answer.

TinyLLaVA (1B) o2

InternVL (1B) - 190

Qwen (ZB)F 241
0 20 40

@B VoQA Zero-shot

482

54.7

68.3
80

Accuracy(%)
60 00

VoQA Baseline-SFT

Figure 6. Comparison of average accuracy on the VoQA bench-
mark between zero-shot evaluation and VoQA Baseline-SFT fine-
tuned models. Detailed results for each dataset are provided in
SM.

textual guidance, answer-only supervision is insufficient for
the model to align its instruction-following behavior with
visually embedded questions.

4.2. Enhancing Supervised Fine-Tuning with Ques-
tion Alignment

To address the limitations observed with Baseline-SFT, we
introduce an explicit question alignment strategy to improve
reasoning over visually embedded questions.

QA-SFT. We propose Question—-Answer Supervised Fine-
Tuning (QA-SFT, Figure 5, Line 3), which incorporates a
question reconstruction objective, supervising both the re-
constructed question and its answer. This guides the model
to first extract the embedded question before reasoning,
thereby enforcing question—answer alignment and improv-
ing the connection between visual understanding and rea-
soning. As shown in Figure 7 (a), QA-SFT consistently
improves average performance over VoQA Baseline-SFT
across all models, indicating that aligning the model with
the visually embedded question helps enhance reasoning.

Cross-task Generation to Traditional VQA. Consider-
ing that VoQA is an inherently challenging task, we fur-
ther investigate whether QA-SFT enables models to ac-
quire cross-task generation capability—namely, the capac-
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Figure 7. Evaluation of models fine-tuned with different strate-
gies. (a) Average VoQA performance of VoQA Baseline-SFT
and VoQA QA-SFT models. (b) Average traditional VQA per-
formance of VQA Baseline-SFT and VoQA QA-SFT models. All
models are fine-tuned on either the LLaVA instruction-following
dataset (for VQA) or the VoQA dataset (for VoQA), with differ-
ences only in input presentation. The base models correspond to
the three models shown in Section 4.1. Horizontal lines denote the
mean performance across three models under each setting. De-
tailed results for each dataset are provided in SM.

ity to generalize acquired reasoning skills beyond the spe-
cific training setting. To assess this ability, we evaluate QA-
SFT models on the traditional VQA task, where questions
are provided in text rather than visually embedded. As VQA
and VoQA share the same question—answering objective but
differ in input modality, this evaluation serves as a natural
test of cross-task generalization and provides a simpler set-
ting to isolate the model’s visual understanding capability.

As shown in Figure 7, QA-SFT models perform signifi-
cantly worse on traditional VQA than models fine-tuned un-
der the standard VQA SFT setting, and in some cases even
underperform their VoQA results. These findings indicate
that while QA-SFT strengthens visual question alignment
in VoQA, it exhibits limited cross-task generation capabil-
ity toward traditional VQA.

Structure Misalignment. Although QA-SFT enhances
alignment with visually embedded questions in VoQA, its



Table 2. Performance comparison of fine-tuning strategies on the
VoQA benchmark. Results for VoOQA QA-SFT and QRA-SFT are
reported, with both models based on the same pre-trained back-
bone. All results are reported in accuracy (%).

Base Model Settings VQAv2 GQA POPE TextVQA SQA Avg.
TOLLAGB) GRNE f6  dos  ms a1 e s
menVLOB)  RANEr e 7 sSs 563 o1 eas
oen® GOSN BT s we s s 76

input—output structure differs from traditional VQA fine-
tuning. In VQA SFT, the textual question is explicitly pro-
vided before the role token (ASSISTANT:), giving the model
a clear reasoning context. In contrast, QA-SFT treats the
question as part of the generated output after the role to-
ken. This structural discrepancy may cause the model to
misalign its reasoning or produce inaccurate answers when
facing the traditional VQA format, leading to limited gen-
eralization to traditional VQA tasks.

4.3. Enhancing Cross-Task Generalization in
Question-Alignment Fine-Tuning

Building on question-alignment fine-tuning, we propose a
strategy that explicitly separates question parsing from an-
swer generation while preserving the traditional VQA for-
mat, ensuring strong alignment with visually embedded
questions in VoQA and enhanced cross-task generalization
to VQA compared with QA-SFT.

QRA-SFT. We propose Question—-Role—Answer Super-
vised Fine-Tuning (QRA-SFT, Figure 5, Line 4). In QRA-
SFT, the model sequentially generates the predicted ques-
tion, a role token, and the answer. This output design mir-
rors the traditional VQA input format, keeping compatibil-
ity while explicitly enforcing question parsing before an-
swering. In addition, the output sequence follows a struc-
tured Question—Role—Answer format, helping the model
separate question interpretation from answer generation by
predicting the role token during inference.

4.3.1. Evaluation on VoQA and Cross-Task VQA Gener-
alization

Effectiveness on VOQA. As shown in Table 2, QRA-SFT
matches or slightly outperforms QA-SFT, demonstrating
that explicit supervision of question interpretation preserves
alignment with visually embedded questions. Figure 8 (a)
further shows that correctly answered samples consistently
exhibit higher QAA than incorrect ones, exceeding 95%
on average across the three models, suggesting that strong
question—answer alignment underlies the improved VoQA
performance.
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Figure 8. Evaluation of models fine-tuned with different strategies.
(a) Average QAA results of VoOQA QRA-SFT models on correctly
and incorrectly answered samples across the four VoQA sub-tasks,
excluding VQAvV2. (b) Average traditional VQA ACC of VQA
Baseline-SFT, VoQA QA-SFT, and VoQA QRA-SFT models. The
fine-tuning strategies and base models are consistent with those in
Figure 7. Horizontal lines denote the mean performance across
three models under each setting. Detailed results for each dataset
are provided in SM.

Generalization to VQA. Figure 8 (b) shows that mod-
els fine-tuned with QRA-SFT generalize substantially better
to traditional VQA than those trained with QA-SFT. Their
performance approaches that of models fine-tuned directly
on VQA SFT, indicating that QRA-SFT improves question
alignment in VoQA while also supporting cross-task gener-
alization to traditional VQA.

4.3.2. Token Activation Map Visualization

To further illustrate how QRA-SFT improves the model’s
reasoning process, we employ the Token Activation Map
(TAM) [15] technique to visualize token-level attentions on
VoQA samples. Figure 9 shows the comparison between
the InternVL3 model and the QRA-SFT fine-tuned model.
In Figure 9 (a), we present the original input image, where
the question text is embedded in the visual scene. Figure 9
(b) shows the visualization results of the InternVL3 model.
We observe that the model does not explicitly attend to the
question area in the image, leading to a misunderstanding
of the question and an incorrect answer. In contrast, Fig-
ures 9 (c¢) and (d) show the QRA-SFT model’s visualization
results, where the model first focuses on the textual region
containing the question, then shifts its attention to the rele-
vant visual region (the man’s hat) when generating the final
answer. These results indicate that QRA-SFT effectively
guides the model to perform step-wise reasoning: first un-
derstanding the question text within the image, and then lo-
cating the visual evidence to produce the correct answer.

4.3.3. Ablation Study

Impact of Role Token Design. We further analyze the
effect of role token form and semantics in QRA-SFT. As
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that

Candidates  meaning, question, message

(b)

(a)

What is the man wearing his
? Answer the question using a single

word or phrase.

assistant

[Hat

Candidates - ITat, Cap. 1T,

Candidates - is. color, type,

(c) (d)

Figure 9. Token Activation Map (TAM) visualization results. (a) Original VoQA input image. (b) Visualization of the InternVL3 model.
(c—d) Visualization of the QRA-SFT model. The QRA-SFT model first attends to the textual question region and subsequently to the
relevant visual area (the hat), demonstrating a more structured reasoning process. Note: In TAM visualizations, the text below each image
represents the sequence of generated tokens. The token currently being visualized is highlighted with a black box. The brightness of the
overlay indicates attention strength, brighter areas correspond to higher attention on the corresponding token or image region.

Table 3. Influence of role token format and content on VoQA per-
formance. All results are reported in accuracy (%).

Model Role Token VQAv2 GQA POPE TextVQA SQA Avg.
ASSISTANT: 730 523 86.2 554 564  64.6
InternVL(B) \ osistani\n 726 527 858 563  49.1 633
ASSISTANT: ~ 69.6  49.5 838 371 382 556
TinyLLaVA (IB)  HELPER: 69.7 496 837 368 369 553
CAT: 694 493 836 369 366 552

shown in Table 3, different token formats (e.g., ASSISTANT:
vs. others) and contents (e.g., ASSISTANT vs. HELPER)
yield nearly identical results, suggesting that the role token
mainly acts as a weak structural separator to stabilize for-
matting rather than providing semantic guidance.

Impact of Vision Encoders on VoQA. We compare two
vision encoders under identical fine-tuning pipelines to iso-
late their effect on performance and visual-text alignment.
For each vision encoder, the corresponding model is fine-
tuned separately on the LLaVA instruction-tuning dataset
(for VQA SFT) and the VoQA dataset. As shown in Fig-
ure 10, both encoders perform similarly on traditional VQA,
indicating comparable general visual features. On VoQA,
however, SigLIP outperforms CLIP by over 15%, empha-
sizing the importance of stronger visual grounding and text-
sensitive representations for interpreting embedded ques-
tions. Consistently, models with higher QAA on VoQA also
achieve better accuracy, confirming that visual-text align-
ment remains a main bottleneck in this task.

5. Conclusion

In this work, we present VoQA, a vision-only reasoning task
designed to advance robust understanding and interaction
in real-world visual scenes where textual questions are em-
bedded directly in the image. To support this task, we build
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Figure 10. Impact of visual encoders on VQA and VoQA tasks.
TinyLLaVA-1B-Pretrained originally uses SigLIP (siglip-so400m-
patch14-384) as its vision encoder. We also pretrain it with CLIP
(clip-vit-large-patch14-336) under identical fine-tuning settings.
We report ACC on both VQA and VoQA, and QAA on VoQA.
Horizontal lines denote the mean performance across all sub-tasks
under each setting.

the VoQA Dataset and VoQA Benchmark, revealing a sub-
stantial gap between human perception and current multi-
modal models under vision-only conditions. Furthermore,
our study of question-alignment fine-tuning demonstrates
that QRA-SFT not only markedly enhances VoQA perfor-
mance but also preserves strong cross-task generalization
to traditional VQA tasks. Together, these contributions es-
tablish VoQA as a practical and insightful testbed for future
research on unified visual reasoning.

Limitations and Future Work. Our experiments are
limited to small-scale LVLMs due to computational con-
straints, though the proposed strategies are model-agnostic
and readily scalable. Future directions include applying
QRA-SFT to larger backbones, exploring diverse visual text
styles and multilingual scenarios, and extending VoQA to
embodied or interactive environments.
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