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Abstract

In Visual Document Understanding (VDU) tasks, fine-
tuning a pre-trained Vision-Language Model (VLM) with
new datasets often falls short in optimizing the vision en-
coder to identify query-specific regions in text-rich docu-
ment images. Existing methods that directly inject queries
into model layers by modifying the network architecture
often struggle to adapt to new datasets with limited an-
notations. To address this, we introduce QID, a novel,
streamlined, architecture-preserving approach that inte-
grates query embeddings into the vision encoder, leading
to notable performance gains, particularly in data-scarce
fine-tuning scenarios. Specifically, our approach introduces
a dual-module framework: a query-aware module that gen-
erates a unique query vector to precisely guide the model’s
focus, as well as a query-agnostic module that captures the
positional relationships among tokens, ensuring robust spa-
tial understanding. Notably, both modules operate indepen-
dently of the vision attention blocks, facilitating targeted
learning of query embeddings and enhancing visual seman-
tic identification. Experiments with OCR-free VLMs across
multiple datasets demonstrate significant performance im-
provements using our method, especially in handling text-
rich documents in data-scarce environments.

1. Introduction
Recent advancements in vision-language models

(VLMs) have significantly impacted Visual Document
Understanding (VDU), enabling models to interpret
text-rich document images across various tasks. VDU
methods are generally divided into two categories: optical
character recognition (OCR)-dependent methods and
OCR-free methods. Although OCR-dependent methods
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Figure 1. Illustration of our approach. Top: Unlike previous
work (e.g., QA-ViT [9]), our method detaches the query-informed
module independently from the attention block, decomposing it
to a query-aware module learning single embedding vector and a
query-agnostic module, thereby reducing computational demands
during training and inference. Bottom: Comparative results of
our proposed method on two dense-text and one scene-text im-
age datasets versus baseline methods, applying fine-tuning to the
Qwen-VL-Chat model with only 1,000 samples per dataset.

[2, 13, 33, 36, 38, 39] have obtained robust results, they
are often bottlenecked by the computational latency and
errors introduced by the OCR engines. [15, 32]. In
contrast, OCR-free approaches [3, 11, 15, 40, 41] bypass
these challenges, directly modeling the visual context of
documents. These techniques generally utilize large VLMs
trained in extensive VDU tasks [24, 26, 27, 30], where
visual and textual embeddings are jointly processed by
language models to answer questions about an image.

However, fine-tuning pre-trained VLMs for VDU, espe-
cially with limited data, presents unique challenges. Unlike
general visual question answering (VQA) tasks, VDU of-
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ten requires a deeper contextual understanding and domain-
specific knowledge, especially in dense text documents,
where the annotation of logical inference can be complex
[25]. This challenge underscores the need for efficient
adaptation in data-scarce settings, critical for VDU appli-
cations in fields like medical or legal document analysis,
with minimal additional parameters. Existing Parameter-
efficient fine-tuning (PEFT) techniques, such as LoRA [12]
and DoRA [22], are popular for adapting language mod-
els but struggle with high-complexity VDU tasks since they
only enhance the linguistic components. More recently, a
stream of research called query-aware (QA) [1, 9, 37] has
shown promise by injecting query embeddings into the vi-
sual encoding process, enhancing query-specific visual at-
tention. However, these methods struggle with dense text
documents under data-scarce conditions, where they intro-
duce inefficiencies and fail to generalize effectively.

To address these limitations, we present QID, a novel,
lightweight Query-Informed Vision Transformer (ViT) de-
signed particularly in Data-scarce regimes. Our method in-
troduces two modules: (1) a query-aware module, which
generates a single, robust query embedding vector to align
the model’s focus with relevant document regions, and (2)
a query-agnostic module, which captures positional depen-
dencies across visual tokens and mitigates distribution shifts
introduced by the query, to help the model maintain consis-
tency in general layout patterns across diverse documents.
To enhance local cross-attention, we also introduce fuse and
defuse learning steps in the query-aware module, which re-
fine query embeddings through spherical augmentation and
entropy regularization. These steps enable precise query
alignment with visual elements, even in data-limited sce-
narios. Both query-aware and query-agnostic modules op-
erate independently of the core attention blocks, enabling
efficient adaptation to query-relevant features with mini-
mal data. As illustrated in Fig. 1, our approach not only
maintains architectural simplicity but also delivers substan-
tial performance gains across OCR-free VDU tasks, partic-
ularly in data-scarce regimes.

Our contributions are summarized as follows:

• We propose a lightweight, architecture-preserving ap-
proach that integrates query embeddings into the vision
encoder without modifying the core attention blocks.
This method enhances the VLM’s ability to focus on
query-relevant regions in text-rich documents, particu-
larly beneficial in data-scarce scenarios.

• Our framework introduces a query-aware module for
augmenting question representation and a query-agnostic
module to address positional dependencies and vision dis-
tribution shift. We further enhance the query-aware mod-
ule with fuse and defuse learning steps, using spheri-
cal augmentation and entropy regularization to improve
query alignment and robustness.

• Extensive experiments across multiple VDU datasets with
pre-trained VLMs validate the efficiency and effective-
ness of our approach, demonstrating consistent improve-
ments over State-of-The-Art (SoTA) QA and PEFT meth-
ods in data-scarce settings.

2. Related Work

2.1. Visual Document Understanding

Visual Document Understanding (VDU) seeks to in-
terpret and reason logically about a wide range of dig-
italized document images. Strategies in VDU are cate-
gorized into two main approaches. OCR-dependent ap-
proaches integrate images with an external OCR engine
to annotate textual content, exemplified by works such as
[2, 13, 38]. Alternatively, OCR-free approaches train large
vision-language models (LVLMs) on extensive datasets, as
seen in [3, 15, 40], enhancing capabilities without rely-
ing on OCR. Notably, mPLUG-DocOwl [40] enhances the
capabilities of LVLMs for VDU by introducing a mod-
ular model based on mPLUG-Owl [42] designed specif-
ically for OCR-free document understanding. Pix2Struct
[17] pioneers an approach of screenshot parsing objectives,
and UReader [41] innovates with a shape-adaptive crop-
ping module that precedes the encoder-decoder architec-
ture, leveraging a frozen low-resolution vision encoder for
processing high-resolution images. However, a common
limitation of these OCR-free approaches is that the vision
encoder processes images without contextual knowledge of
the textual prompts, which can lead to suboptimal vision
representation for VDU tasks.

2.2. Query-Informed ViTs

InstructBLIP [37] attempted early textual instruction in-
tegration into vision embeddings via a QFormer atop the
vision encoder, potentially overlooking image representa-
tion nuances. Subsequently, VisFocus [1] was proposed
to encode prompts and perform cross-attention with vision
tokens at every layer, but its performance did not surpass
that of baseline models, as it was targeted at developing
a lightweight model. Recently, QA-ViT [9] advocates the
idea of appending the prompt tokens directly to the vision
tokens in some of the final vision attention blocks. While
this method has shown promise in simple VQA tasks, it
necessitates modifications to the original vision blocks, re-
sulting in a much-increased number of training parameters.
Furthermore, when fine-tuning with dense-text datasets, ap-
plying the QA-based methods on top of LoRA [12] de-
grades the performance considerably, compared to using
LoRA alone, especially in data-scarce regimes.
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Figure 2. Illustration of our end-to-end training procedure. For simplicity, this figure demonstrates how our approach is integrated
with the last ViT attention block. Note it can also be applied to other layers of an vision encoder. During fine-tuning stage, only the
green modules are optimized. Our query-aware module, enhanced by the fuse and defuse learning steps, makes the query embedding

more robust for the vision encoder. Our query-agnostic module offsets distribution shifts caused by the query information and, as it operates
independently from the query vector, can be precomputed and saved as a bias term post-training. This efficient learning approach on a
single query vector makes our proposed method lightweight and highly effective for VLMs in VDU tasks.

3. Methods
3.1. Overall Architecture

Figure 2 gives an overview of our method, showing how
it integrates the query embedding into the vision attention
block. Unlike previous methods[1, 9], we adopt the [EoS]
(end-of-sentence) token of a query embedding from a pre-
trained text encoder and make no modification to the net-
work architecture of the vision attention block. This token
vector is initially processed through a query-aware module,
which injects the question embedding into the vision block.
This query-aware module consists of two steps, i.e., fuse
and defuse steps, aiming to enhance the query embedding
under data-scarce conditions. The fuse step augments the
query embedding on a hypersphere, while the defuse step
focuses its attention on the most relevant visual areas. The
vision tokens are subsequently adjusted by a query-agnostic
module that learns a sinusoidal embedding and adds it di-
rectly to the vision tokens. Such query-agnostic compo-
nents can be pre-computed after training, and used directly
during inference to save computation.

The notations used in this paper are defined as follows:
Given an image I and a query (i.e. the question) Q, the
vision encoding output from a pre-trained vision encoder V ,
which consists of L layers and is conditionally dependent
on Q, can be formalized as follows:

zL = {zLi }
Tv
i=1 = V (I | Q), zLi ∈ Rdv , (1)

where Tv and dv represent the number and the dimension
of vision tokens, respectively. Typically, V is represented
as a stack of L identical attention blocks, where each block
is defined by:

z̄l = Proj(MSA(zl−1)) + zl−1 (2)

zl = FFN(z̄l) + z̄l, (3)

where MSA, Proj, and FFN denote the multi-head self-
attention, projection, and feed forward multi-layer percep-
tron layers, respectively.

3.2. Query-Aware Module

3.2.1 Single Query Embedding

With the increasing prevalence of decoder-only large
language models, such as GPT-3 [6] and LLaMA [34], en-
coding a query (or question) often requires an external pre-
trained text encoder. In this paper, we employ the text en-
coder from CLIP [29], known for its effectiveness in inte-
gration with multi-modal models for generation tasks [16]
and segmentation tasks [5].

Let q ∈ Rdt×Tt represent the text embedding of a query
generated by the pre-trained text encoder, where dt is the
dimension of the text embedding space, and Tt is the maxi-
mum number of text tokens. While previous work [9] uses
full text embeddings to train the model to capture the en-
tire query representation, we find this approach suboptimal
in data-scarce settings. Furthermore, [20] suggests that in
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Figure 3. Effect of the [EoS] token in the query for highlighting
semantic areas in the image [20]. The green numbers at the bot-
tom indicate the top-3 cosine similarities between tokens and the
image, as computed using CLIP embeddings [29].

models like CLIP, the end-of-sentence ([EoS]) token, punc-
tuation marks, and non-object words often highlight cor-
responding semantic regions in images, whereas other to-
kens typically do not. Our findings confirm this, as illus-
trated in Fig. 3 , where the top three text tokens most sim-
ilar to the image in the CLIP model [29] reveal that [EoS]
highlights the most relevant visual area, while tokens with
lower similarity, such as “the,” may even highlight back-
ground regions. This outcome arises from the fact that
the [EoS] token serves as a holistic sentence representation
in contrastive learning with vision tokens within the CLIP
model. Therefore, using a single [EoS] token, denoted as
qeos ∈ Rdt , from the query embedding offers two key ben-
efits. First, it is the most efficient token for highlighting
important spatial areas in an image. Second, with limited
fine-tuning data, optimizing the downstream module to in-
tegrate query information into the vision model using a sin-
gle token is both more efficient and robust than using all text
tokens, which often introduce additional noise.

3.2.2 Fuse and Defuse Learning Steps

Through experiments, we have found that combining
QA-ViT [9] with PEFT methods, such as LoRA [12], of-
ten yields inferior results compared to using LoRA alone,
particularly with limited fine-tuning data. For example,
as shown in Table 1 and further detailed in Section 4,
our experiments with the Qwen-VL-Chat model on 1,000
fine-tuning samples show degraded performance using a
single token, QA-ViT+qeos, compared with that with full
query token, QA-ViT+q. We hypothesize that as the QA-
ViT method [9] introduces a new Proj layer into the ViT
block, it modifies the pre-trained model’s attention dynam-
ics without sufficient samples to optimize the new parame-
ters, thereby impairing visual representation quality.

Building on the observed shortcomings of QA-ViT [9],
we introduce a training paradigm that preserves the original
architecture of the ViT model’s attention block while uti-
lizing a single token embedding enhanced by “fuse” and
“defuse” learning steps, which are illustrated in Fig. 2.
The “fuse” step enriches the query embeddings by augment-

Methods InfoVQA KLC WTQ VizWiz ST-VQA
ANLS ↑ F1 ↑ ACC ↑ VQA Score ↑ ANLS ↑

1K fine-tuning samples
LoRA 34.38 26.62 23.30 38.46 58.07
QA-ViT +q 33.80 25.64 22.08 40.40 62.73
QA-ViT +qeos 34.01 25.96 21.69 38.55 61.58
QID (ours) 34.18 27.81 23.56 42.08 63.69

Table 1. Comparison between the baseline method QA-ViT + qeos

and our approach, QID + qeos, as experimented with the Qwen-VL-
Chat model fine-tuned with 1,000 samples. Experimental settings
are further detailed in Section 4.

ing them with a random noise vector from a Gaussian dis-
tribution around the original vector. On the other hand,
the “defuse” step eliminates unrelated visual information
(noises) while retaining the most relevant elements through
entropy regularization.

Fuse step: spherical augmentation. Pre-trained CLIP
models [29] are trained by maximizing the cosine similar-
ity of text and image features for matching text-image pairs
while minimizing it for mismatched pairs. Despite their
extensive training on large datasets, there is still a gap re-
maining between image embeddings and corresponding text
embeddings, rooting from the cone effect inherent in each
modality’s distribution [21]. Moreover, in our use case,
where there is no image caption in the input but only a
question about it, relying on separately pre-trained text and
image encoders may underperform for VDU tasks. These
observations motivate us to explore the potential of embed-
ding space of qeos to alleviate the narrow cone distribution
and enhance the semantic representation of question em-
beddings. Meanwhile, this augmentation step fosters robust
learning in scenarios with limited fine-tuning data by en-
couraging it to learn more generalized and resilient visual
representations with respect to the query. Formally, we form
pseudo text features q′eos ∈ S(Q) for a given question Q on
the hypersphere:

S(Q) = {q′eos|Sim(q′eos, qeos) > τ}, (4)

where Sim denotes cosine similarity and τ is a threshold.
To generate a pseudo query feature q′eos, we introduce a

method to perturb the original query feature qeos using adap-
tive Gaussian noise:

q′eos =
q̃eos

∥q̃eos∥2
, q̃eos = qeos + σ · ∥qeos∥2 ·

ϵ

∥ϵ∥2
, (5)

where ϵ ∼ N (0, I) represents Gaussian noise, σ > 0 is
the hyperparameter that dictates the perturbation magni-
tude, and ∥ · ∥2 denotes the ℓ2 norm. The normalization of
the Gaussian noise onto a hypersphere, followed by rescal-
ing according to the norm of the query feature, ensures that
the noise addition is adaptive. Subsequently, q′eos is pro-
cessed through a multi-layer perceptron (MLP) ψ to project
it into the vision space Rdv . With the output zl−1 at the layer
(l − 1)-th in the vision model, the input for the next layer
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l-th is formed as zl−1 = Cat{zl−1, ψ(q′eos)} ∈ R(Tv+1)×dv ,
where Cat denotes a simple concatenation operation. This
step in the process is illustrated in Fig. 2 - bottom left.

Defuse step: entropy regularization. In text-centric
images, relevant visual areas are usually confined to small,
localized regions (as illustrated in Fig. 4). Therefore, this
step aims to constrain the query embedding to activate only
specific local vision tokens via their cross-attention matri-
ces. In the l-th vision attention block, the multi-head self-
attention (MSA) layer consists of H distinct heads. For each
head h (1 ≤ h ≤ H), the token embedding zl−1

i from the
previous layer is projected into triplet forms: query, key,
and value (note that this query is different from the query
referring to the original question Q). The matrices for query
(Qlh), key (Kl

h), and value (V lh) contain corresponding ele-
ments. The self-attention matrix for the h-th head is:

Alh = softmax
(
Qlh(K

l
h)
T /

√
dv

)
∈ R(Tv+1)2 , (6)

where softmax is applied across the columns of the inner
dot product. The cross-attention between the q′eos question
embedding and the vision tokens is defined as:

Alh|cross = Alh[Tv + 1, : Tv] ∈ RTv . (7)

We measure the uncertainty of a distribution using entropy
over Alh|cross:

Hl
h = −

Tv∑
i=1

(Alh|cross)i · log
[
(Alh|cross)i

]
. (8)

To discourage a uniform distribution of Alh|cross over the
spatial dimension, we apply entropy regularization as fol-
lows:

Lenp =
1

|Lq|
∑
l∈Lq

H∑
h=1

Hl
h, (9)

where Lq are the predefined visual layers to which we
project the query embedding q′eos. The end-to-end of this
process is depicted in Fig. 2.

3.3. Query-Agnostic Module
To offset the distribution shift caused by the introduc-

tion of an additional query token q′eos to the frozen vision
attention block, we implemented a query-agnostic module.
This module functions as a bias term added to the output
of the block. Unlike QA-ViT [9], which modifies the atten-
tion block based on the query token, our module operates
independently, learning solely from an initiated sinusoidal
signal and is inserted directly after the vision block as illus-
trated in Fig. 2. Formally, a fixed position embedding of
dimension dp employs a sinusoidal function [35]:

P[i, 2k] = sin

(
i

10000
2k
dp

)
,P[i, 2k + 1] = cos

(
i

10000
2k
dp

)
.

(10)

Here, P ∈ RTv×dp , i denotes the index of the position, and
k represents the index within the dimension of the embed-
ding. We set the value of dp to 64 in our work. Each spatial
sinusoidal vector is further refined by a learnable, shallow
feed-forward multi-layer perceptron (MLP) ϕ, and matched
in dimension to the vision space Rdv . The output from the
vision attention block zl that is processed through a query-
aware module. After removing the query token [9] ( × in
Fig. 2), this output is enhanced by adding the learnable em-
bedding:

zl = zl + ϕ(P) ∈ RTv×dv . (11)

Adding this learnable embedding serves dual purposes.
Firstly, it compensates for the distribution shift, as
mentioned earlier. Secondly, the sinusoidal embedding
enhances spatial position awareness within the vision
model [8, 18], which is beneficial for relative position
localization tasks, such as table question-answering in the
WTQ dataset [28].

3.4. Training Objectives

Let θ represent optional fine-tune parameters of the LLM
part (e.g., LoRA parameters [12]). Our training objec-
tive for efficiently injecting the query token into the vision
model of the VLM is formulated as:

min
ψ,ϕ,θ

LOverall = LCE + αLenp, (12)

where LCE is the negative log-likelihood loss for the pre-
dicted text tokens of the fine-tuning dataset, and α is a
hyper-parameter balancing the effect of entropy regulariza-
tion on the vision attention blocks.

During inference, neither the fuse nor defuse steps is
employed. Instead, only the single query qeos is used as
ψ(qeos). Since the query-agnostic module is independent of
the query tokens, after training, the matrix P is processed
through ϕ and saved as a bias matrix, significantly reducing
computational overhead.

4. Experiments
4.1. Settings

VLM models. To demonstrate the generalization of
our proposed method, we selected two SoTA large VLMs:
mPLUG-Owl2 [43] and Qwen-VL-Chat [3]. Both mod-
els have approximately 7 billion parameters. The for-
mer model, mPLUG-Owl2, was trained on various VQA
datasets and has shown SoTA performance on OCR tasks.
The latter, Qwen-VL-Chat, in addition to being trained with
VQA datasets, has been trained with a variety of text-centric
datasets such as Doc-VQA [26], TextVQA [30], OCRVQA
[27], and ChartQA [24].

Datasets and evaluation metrics. During the fine-
tuning phase, we intentionally excluded datasets that were
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used in the pre-training phase (e.g., DocVQA, TextVQA,
OCR-VQA, ChartQA) to avoid redundancy and ensure the
robustness of the fine-tuning process. Consequently, the
two VLMs, mPLUG-Owl2 and Qwen-VL-Chat, were fine-
tuned with different text-centric datasets, including both
dense text datasets and scene text datasets as outlined in
Table 2. The dense text datasets, which primarily feature
images captured from documents, include InfoVQA [25],
KLC [31], and WTQ[28]. Scene text datasets feature im-
ages from natural scenes and include VizWiz [10] and ST-
VQA [4].

In alignment with previous studies [1, 3, 19, 40], we
report the performance of the InfoVQA and ST-VQA
datasets using the Average Normalized Levenshtein Simi-
larity (ANLS). For the KLC dataset, we use the F1 score
as the evaluation metric. The evaluation metric for WTQ
is accuracy, while the VizWiz dataset is evaluated using the
VQA score.

Baselines. To fine-tune the VLMs on target datasets,
Parameter-Efficient Fine-Tuning (PEFT) methods are pre-
ferred. We compare our methods with LoRA [12] and its
advanced version, DoRA [22]. Additionally, we have re-
implemented Visual Prompt Tuning (VPT) employing 50
tokens on the vision encoders, and re-implemented QA-ViT
[9] on both VLMs.

Implementation details. During the fine-tuning stages,
all images are resized to 448 × 448 pixels. We set the val-
ues of α and σ to 10−2 and 0.16, respectively, by carefully
tuning them to achieve an optimal balance. We note that
setting them too high can result in either excessive noise
(in case of σ) or overly aggressive filtering of visual infor-
mation (in case of α)). Experiments are conducted on a
computational platform equipped with four NVIDIA A100
40GB GPUs. The models undergo the fine-tuning process
with a cumulative batch size of 128, targeting a maximum
of five epochs for both Qwen-VL-Chat and mPLUG-Owl2
models. Early stopping is applied when there is no decrease
in validation loss. The training employs the AdamW opti-
mizer [23], starting with a learning rate of 2 × 10−5 and a
linear warm-up over 100 steps.

For the main experimental results, we fine-tuned two

Dataset Task Training Set Test Set

Dense
text

InfoVQA [25] VQA 24K 3.3K
KLC [31] KIE 14K 4.9K
WTQ [28] Table 14K 4.3K

Scence
text

VizWiz [10] VQA 21K 4.3K
ST-VQA [4] VQA 20K 6K

Table 2. Statistics of the fine-tuning and evaluation datasets. For
ST-VQA dataset, we split its public training set into training and
test set. As per the experimental settings outlined in Table 3, only
a subset of each dataset (e.g., 1,000 training samples) is utilized
for fine-tuning, while test sets are hold the same.

models using a small number of samples from each dataset,
specifically, 1,000 and 2,000 samples. In the ablation stud-
ies, we demonstrate that our method remains superior given
very limited or full datasets.

4.2. Comparisons with SoTA

The performance outcomes of various VLMs on differ-
ent benchmarks related to visual document understanding
are consolidated in Table 3. Specifically, for both models,
mPLUG-Owl2 and Qwen-VL-Chat, our proposed method
achieves the highest performance on average while intro-
ducing the smallest additional computational overhead on
the Vision Transformer block, at 9 × 10−3 GFLOPs for
mPLUG-Owl2 and 2× 10−2 GFLOPs for Qwen-VL-Chat,
respectively. With mPLUG-Owl2, we observe up to 0.7%
and 0.7% improvements on average in the 1,000 and 2,000
sample settings, respectively, while Qwen-VL-Chat shows
more substantial gains of 1.4% and 0.4% in the same set-
tings, compared with the second best performance. No-
tably, these improvements are observed in both dense text
and scene text datasets. In contrast, given the small num-
ber of fine-tuning samples, QA-ViT method reveals lim-
ited improvement on dense text datasets such as KLC and
WTQ, and it even performs worse than solely fine-tuning
with LoRA. This is attributed to the fact that QA-ViT uti-
lizes all query tokens for interaction with the vision block,
which becomes noisy and inefficient for learning in data-
scarce scenarios. To ensure a fair and consistent compar-
ison, we compare results within each model. Other base-
lines utilized higher resolutions and were fully trained on
the datasets; we include them to provide the reader with
more context regarding the current progress in solving the
VDU task. Conclusively, across different experimental set-
tings, our method consistently enhances the visual repre-
sentations of the image encoder within VLMs in text-rich
scenarios, thereby bolstering the performance of VDU with
the smallest additional overhead in the inference phase.

Figure 4 showcases the qualitative results generated by
the Qwen-VL-Chat model [3], comparing the version fine-
tuned with QA-ViT [9] to our proposed QID approach
across a varied collection of document images. The results
clearly demonstrate that our method is not only effective
in extracting information from dense text documents (as
shown in the left and right images) but also significantly
enhances the reasoning capabilities of the VLMs (as ev-
ident in the middle images). The integration of a single
query embedding with a query agnostic module, combined
with our fuse and defuse training modules, significantly im-
proves the efficacy of vision models. This enhancement fa-
cilitates a deeper understanding in text-rich environments
for the VLMs.
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Models Resolution +Ovh./ViTBlock InfoVQA KLC WTQ VizWiz ST-VQA Avg.
GFLOP ↓ ANLS ↑ F1 ↑ ACC ↑ VQA Score ↑ ANLS ↑

UREADER [41] (896× 896)

Fully trained

42.2 32.8 29.4 - - -
Pix2Struct-L [17] (1024× 1024) 40.0 - - - - -
Pali-3 [7] (1064× 1064) 57.8 - - - - -
Qwen-VL-Chat† [3] (448× 448) 33.1 31.5 24.8 - - -
mPLUG-Owl†[42] (448× 448) 32.5 31.2 25.2 - - -
mPLUG-DocOwl[40] - 38.2 30.3 26.9 - - -
Visfocus [1] - 31.9 - - - - -
LLaVA+Vicuna+QA-ViT [9] (336× 336) - - - - 62.4 -

mPLUG-Owl2 [43] (448× 448)

Zero-shot 25.0 9.4 11.9 32.5 55.0 26.8
PEFT on 1K

DoRA [22] 25.6 16.7 12.2 50.4 54.9 32.0
LoRA [12] 25.5 15.7 12.6 51.5 54.7 32.0
VPT [14] +0.84 25.8 16.1 11.6 50.1 53.5 31.4
QA-ViT [9] +1.88 26.7 16.5 12.6 47.1 55.2 31.6
QID (ours) +0.009 26.7 16.8 12.8 52.0 55.4 32.7

PEFT on 2K
DoRA [22] 25.9 16.4 12.9 51.6 55.2 32.4
LoRA [12] 26.3 16.5 13.1 52.7 55.3 32.8
VPT [14] +0.84 26.0 17.1 12.1 51.3 54.6 32.2
QA-ViT [9] +1.88 25.6 16.7 12.6 52.5 55.4 32.6
QID (ours) +0.009 27.3 17.4 13.4 53.9 55.7 33.5

Qwen-VL-Chat [3] (448× 448)

Zero-shot 34.2 19.9 22.6 35.2 56.5 33.7
PEFT on 1K

DoRA [22] 34.6 27.3 23.1 39.0 58.1 36.4
LoRA [12] 34.4 26.6 23.3 38.5 58.1 36.2
VPT [14] +2.01 31.0 26.0 20.6 43.3 56.2 35.4
QA-ViT [9] +4.53 33.8 25.6 22.6 40.4 62.7 36.9
QID (ours) +0.02 34.2 27.8 23.6 42.1 63.7 38.3

PEFT on 2K
DoRA [22] 34.5 27.8 23.4 39.2 58.0 36.6
LoRA [12] 34.4 27.4 23.2 38.9 58.0 36.4
VPT [14] +2.01 31.9 26.9 20.8 43.4 56.8 36.0
QA-ViT [9] +4.53 34.5 28.4 24.5 42.0 64.2 38.7
QID (ours) +0.02 34.8 28.8 24.9 42.2 65.1 39.1

Table 3. Experimental results across five datasets. Ovh./ViTBlock denotes the computational overhead added to each Vision Transformer
(ViT) block during the inference phase. † denotes models trained using the approach described in [19]. ↓ and ↑ indicate that lower and
higher values are preferable, respectively. Our method offers a substantial improvement with modest overhead, with greater impact when
dataset annotations require expert knowledge.

Question: What is the value of charity number?

Qwen-VL-Chat (QA-ViT):    

Qwen-VL-Chat (QID):        1132398

1133238

Question: Where did this racer compete after 
Garmisch, Germany in 2013?

Qwen-VL-Chat (QA-ViT): 

Qwen-VL-Chat (QID):        Beaver Creek, USA

Lake Louise, Canada

Question:  What percentage of the Indian 
population is vaccinated against Polio in 2012?

Qwen-VL-Chat (QA-ViT): 

Qwen-VL-Chat (QID):       70%

79%

Question: Alex Song made 19 million, but who was 
a close second that year? 
Qwen-VL-Chat (QA-ViT): 

Qwen-VL-Chat (QID):       Jordi Alba

Alex Song

Figure 4. Qualitative results between QA-ViT and our QID. Crucial regions are enlarged for better visualization.
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Settings InfoVQA KLC WTQ VizWiz ST-VQA Avg.
ANLS ↑ F1 ↑ ACC ↑ VQA Score ↑ ANLS ↑

w/o query-agnostic 34.60 27.71 22.96 39.89 63.46 37.72
w/o sinusoidal 34.60 27.31 22.45 40.97 63.96 37.85
w/o fuse step 33.84 27.44 23.50 39.02 63.92 37.54
w/o defuse step 34.77 27.60 23.58 37.94 62.90 37.36
with q 33.89 27.63 23.21 40.39 64.28 37.88
QID (ours) 34.18 27.81 23.56 42.08 63.69 38.26

Table 4. Ablation studies. Impacts of various proposed modules
on the Qwen-VL-Chat models fine-tuned with 1,000 samples.

4.3. Ablation Study

Effect of different modules. Table 4 presents the ef-
fects of each module proposed in our paper: the query-
agnostic module, spherical augmentation, and entropy regu-
larization. Additionally, we experiment with all query token
embeddings. The experiments are conducted using 1,000
samples on Qwen-VL-Chat model. Notably, without the
query-agnostic module, the model performance decreases
by 0.54% compared to the full QID model, due to the shift
in vision representation caused by the incorporation of the
query token as input. In the absence of noise augmenta-
tion and entropy regularization, the model typically per-
forms worse, particularly on the KLC and VizWiz datasets,
compared to the full QID model. This observation confirms
that both fuse and defuse learning steps enable the model
to learn from scarce data more efficiently. Lastly, using all
query token embeddings (with q) tends to limit our ability to
integrate fuse and defuse learning steps, and meanwhile to
introduce redundant tokens in training, resulting in a 0.38%
lower performance than our proposed QID. These findings
validate the necessity of our learning strategies, which in-
corporate query tokens into vision models, thereby enhanc-
ing the comprehension of text-rich documents in VLMs.

Fine-tuning with extremely limited and full data.
To demonstrate our method’s effectiveness across learning
conditions, we fine-tuned Qwen-VL-Chat using 500 sam-
ples per dataset and the full datasets, with consistent train-
ing settings except for a single epoch for full datasets. The
results are shown in Table 5. In the extremely limited data
scenario, with only 500 training samples, our method still
achieved the best performance among all baselines, show-
ing an average of 1.22% improvement over QA-ViT. Mean-
while, with full datasets, our QID achieved the highest per-
formance across all five datasets, obtaining an average im-
provement of 1.38% compared to QA-ViT. Conversely, lim-
itations of QA-ViT are revealed in some scenarios when
trained with full datasets, typically underperforming com-
pared to LoRA by 0.5% on KLC — a dense text dataset.
These results highlight the superiority of our method over
QA-ViT, not only in data-scarce regimes but entire datasets,
in terms of enhancing the image encoder’s ability to discern
more effective cues in text-rich environments.

Method InfoVQA KLC WTQ VizWiz ST-VQA Avg.
ANLS ↑ F1 ↑ ACC ↑ VQA Score ↑ ANLS ↑

PEFT on 500
DoRA [22] 34.00 26.02 22.47 38.00 57.04 35.51
LoRA [12] 34.56 26.60 22.72 38.40 57.63 35.98
VPT [14] 31.00 24.96 19.34 42.92 55.76 34.80
QA-ViT [9] 33.24 25.98 21.60 39.72 61.82 36.47
QID (ours) 34.17 27.17 23.85 39.87 63.41 37.69

PEFT on Full
DoRA [22] 34.56 28.78 24.25 40.19 58.89 37.33
LoRA [12] 34.55 29.15 24.27 40.51 58.50 37.40
VPT [14] 30.37 27.70 21.06 39.39 54.86 34.68
QA-ViT [9] 34.95 28.65 25.19 39.21 63.21 38.28
QID (ours) 35.24 30.17 26.02 41.48 65.39 39.66

Table 5. Ablation studies. Performance of our proposed method
when integrated with the Qwen-VL-Chat model, trained on a very
small number of tuning samples (500) as well as on the full dataset.

5. Limitation & Future Work
While our proposed QID method demonstrates supe-

rior performance across various datasets, we acknowledge
two primary limitations that warrant further investigation.
First, our approach depends on an external pre-trained CLIP
model [20], constrained to 77 tokens, potentially limit-
ing its ability to handle longer or more complex queries;
we plan to mitigate this by exploring state-of-the-art solu-
tions like Long-CLIP [44] and its variants to support ex-
tended text inputs. Secondly, our current experiments fo-
cus on single-hop QA tasks, whereas real-world VDU of-
ten involves multi-hop QA requiring reasoning across mul-
tiple document regions. Although our design—integrating
query-aware and query-agnostic modules into the final ViT
layers (Fig. 2)—efficiently avoids multiple forward passes
per query, its effectiveness for multi-hop reasoning remains
untested; we intend to investigate adaptive query propaga-
tion mechanisms to address this.

6. Conclusion
This paper presents QID, a novel fine-tuning approach

of enhancing OCR-free Visual Document Understanding
(VDU) for Vision-Language Models (VLMs) in data-scarce
regimes. By integrating a single query vector into the vision
encoder without modifying its core architecture, QID effec-
tively directs attention to query-relevant visual regions in
a computationally efficient manner. Our unique fuse and
defuse learning steps strengthen the query representation in
data-scarce settings, while our query-agnostic module en-
sures robust positional encoding, supporting the model’s
adaptability to various document layouts. Our experimental
results demonstrate that VLMs equipped with QID achieve
evident performance gains across various datasets com-
pared to baseline models, particularly excelling for dense-
text tasks, with minimal overhead. Future directions in-
clude exploring multi-turn query representations to enable
interactive VDU and scaling QID for larger, more complex
models in diverse application scenarios.
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