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Abstract

Visual text grounding provides interpretable
evidence for document question answering.
Due to the complex layouts and mixed visual-
text contents in text-rich images, effective
visual text grounding requires strong visual
and spatial reasoning to localize multiple ref-
erenced regions. Existing multimodal large
language model (MLLM) approaches often
struggle to align query tokens with visual-text
patches, heavily relying on lengthy OCR in-
puts. To tackle this problem, we propose Doc-
AGround, an OCR-free approach that lever-
ages the MLLM’s inherent multi-head attention
for multi-patch grounding. Doc-AGround ex-
tracts a patch-wise attention map as the ground-
ing prediction. Concurrently, it introduces an
effective multi-head weighting mechanism to
amplify the attention heads’ intrinsic role in
connecting vision and text. Empirical results
of Doc-AGround show state-of-the-art perfor-
mance on challenging document grounding
benchmarks, demonstrating the effectiveness of
the proposed attention-based grounding design.

1 Introduction

Visual grounding aims to map natural-language
expressions to their corresponding visual regions,
providing contextual references for downstream ap-
plications such as referential dialogue (You et al.,
2023). It has been studied across diverse settings,
ranging from object-level phrase grounding in nat-
ural images (Li et al., 2022; Liu et al., 2024b)
to implicit actionable-region grounding for graph-
ical user interfaces (GUI) (Wang et al., 2025),
where grounded evidence supports explainable ver-
ification for user-agent interaction. Recently, this
task has been extended to text-rich document im-
ages with Multimodal Large Language Models
(MLLMs) (Liu et al., 2023b; Alayrac et al., 2022).
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Figure 1: An example of aggregated <g>-token atten-
tion map for visual text grounding on InfographicVQA.
Ground truth bounding boxes are shown in red. Ques-
tion: How many assists did Kobe make? Answer: 8.

Document pages often combine heterogeneous vi-
sual elements (Zhong et al., 2020; Mathew et al.,
2022), such as charts, infographics, pictograms,
and forms, together with textual content, requiring
joint semantic, layout, and spatial reasoning (Feng
et al., 2023; Appalaraju et al., 2021). Unlike natural
images, grounded evidence for document answer-
ing is often structured and dispersed across mul-
tiple disjoint regions (Li et al., 2025), demanding
comprehensive multimodal understanding.

In typical document question-answering settings,
explicitly referenced regions can provide a coarse
region of interest, and MLLM reasoning further
discovers additional supporting context from non-
contiguous areas. Existing approaches broadly fol-
low two paradigms. Embedding-based grounding
typically matches query representations with image
regions (Liu et al., 2024b; Li et al., 2025), which is
fragile when the query does not explicitly mention
the final evidence to be localized (e.g., question-
only grounding). Another line of work prompts
an MLLM to generate grounding results before an-
swering (Wang et al., 2023b; Li et al., 2025). How-
ever, coordinate-based supervision (Li et al., 2025)
(i.e., predicting bounding boxes [x_min, y_min,

352

Findings of the Association for Computational Linguistics: ACL 2026, pages 352-370
July 2-7, 2026 ©2026 Association for Computational Linguistics



x_max, y_max]) primarily emphasizes boundary fit-
ting and underrepresents overlap and region cover-
age (Tang et al., 2025). Meanwhile, language-only
supervision can be data-intensive due to indirect
alignment between linguistic semantics and spatial
reasoning (Wu et al., 2025).

To improve visual text grounding on document
images, many prior methods additionally rely on
Optical Character Recognition (OCR) (Cui et al.,
2025) inputs with spatial information of textual ele-
ments, effectively turning grounding into selecting
from OCR-provided candidates (Liu et al., 2024c;
Li et al., 2025). However, OCR inputs can be
lengthy and introduce inefficiency, and they are
less effective on pages with sparse text, such as
charts (Masry et al., 2022).

In this work, we propose Doc-AGround, an
OCR-free and attention-based method for visual
text grounding. Doc-AGround treats the MLLM’s
multi-head self-attention (MHSA) (Vaswani et al.,
2017) between document image patches and ques-
tion tokens as a patch-wise grounding signal, en-
abling direct supervision with patch-wise ground-
ing labels. Specifically, following prior prac-
tice (Zhou et al., 2025; Lin et al., 2024; Wu et al.,
2025) that uses tail tokens to summarize preceding
context, we insert a <g> token after the visual-text
inputs and before generation. Owing to causal
attention, this token aggregates the preceding mul-
timodal semantics. We then extract the attention
weights between <g> and all visual patch tokens as
head-wise patch-level grounding predictions. An
example of the aggregated attention map of <g> is
shown in Fig. 1.

To aggregate predictions across heads, we up-
weight attention heads whose cross-modal correla-
tion patterns are consistent with the model’s global
multimodal behavior (Kang et al., 2025). Con-
cretely, we estimate a global visual-text correlation
pattern from hidden states and compare it with each
head’s cross-modal attention distribution to com-
pute head importance weights. This design enables
fine-grained head contributions without disrupting
pretrained grounding generalization. Our contribu-
tions can be summarized as follows:

* We introduce Doc-AGround, an OCR-free,
attention-grounding framework for complex
document question-answering. Doc-AGround
treats grounding as direct supervision on an
MLLM’s multi-head self-attention, enabling end-
to-end evidence localization without bounding-

box generation.

* Doc-AGround inserts a <g> token to aggre-
gate multimodal context and uses its patch-
wise MHSA map for grounding, facilitating full-
region coverage beyond bounding-box fitting.
We further propose a novel head-weighted merge
strategy that favors heads whose visual-text corre-
lation patterns align with a global pattern inferred
from the hidden state, enabling fine-grained head
contributions.

* Experiments on document grounding bench-
marks show that Doc-AGround achieves state-
of-the-art in-domain and zero-shot performance,
outperforming prior OCR-free and OCR-based
methods, and demonstrating the robustness of
attention-based grounding for document pages.

2 Related Works

Document Understanding via Vision-language
Models Document understanding for text-rich
images, such as tables (Zhong et al., 2020),
charts (Masry et al., 2022), and infograph-
ics (Mathew et al., 2022), has transitioned from
traditional supervised pipelines (Wang et al.,
2021; Xu et al., 2020a,b; Yu et al., 2023) toward
generative Vision-language frameworks (Liu
et al., 2024c¢), enabled by recent MLLMs (Liu
et al., 2023b; Bai et al., 2025; Team, 2024) for
visual-language tasks ranging from visual-text
parsers (Dhouib et al., 2023) to document vi-
sual question answering (Zhou et al., 2024a).
Approaches are commonly grouped as OCR-
dependent (Tang et al., 2023) and OCR-free (Ye
et al., 2023a): TRIG (Li et al., 2025) shows that
the OCR inputs substantially boost document-
grounding performance for MLLMs lacking text-
recognition pretraining. LLaVAR (Zhang et al.,
2023) utilizes off-the-shelf OCR tools (Cui et al.,
2025) with GPT-4 (OpenAl, 2023) to generate syn-
thetic instruction-following data to adapt MLLMs
for text-rich images. OCR-free methods (Ye et al.,
2023b; Kim et al., 2022), such as UniDoc (Feng
et al., 2023), Pix2Struct (Lee et al., 2023), enhance
the MLLM’s text detection and recognition capac-
ity on text-dense images during both pretraining
and fine-tuning. Recent MLLM-based retrieval
method SV-RAG (Chen et al., 2024a) improves
multi-page document understanding without OCR
guidance. In this work, we focus on enhancing
patch-level document understanding of MLLMs
to generate reliable VQA grounding results.
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Figure 2: Architecture of Doc-AGround. (i) Given a MLLM fed with a text-rich image and a user question,
Doc-AGround 1nserts a <g> token before the answer as the context aggregator for multimodal inputs, and extract the

attention vector A%

between <g> and visual tokens as the patch-wise grounding prediction; (ii) For each attention

head (I, h), we quantlfy how well its inter-modality pattern (from Eq. (3)) aligns with the general pattern inferred
from hidden states (from Eq. (2)) via a negative KL-divergence score «; 5,; these ¢ j, weights enable a principled
merge of multi-head grounding predictions; (iii) Unlike prior embedding-based methods, Doc-AGround naturally

supports VQA after grounding.

MLLMs for Visual Grounding Visual ground-
ing aims to connect language particles to their ref-
erents in vision (Ma et al., 2024). Early attempts
at visual language models focus on the token-
level visual grounding on natural images (Li et al.,
2022; Liu et al., 2024b). With the advancement of
MLLMs (Liu et al., 2023b; Alayrac et al., 2022), re-
cent MLLM-based visual grounding methods such
as Ferret (You et al., 2023), Kosmos-2 (Peng et al.,
2023), Shikra (Chen et al., 2023), Gptdroi (Zhang
et al., 2024b), combine the object-level ground-
ing into the visual question answering as the ref-
erential dialogue, while others, e.g., GRIT (Fan
et al., 2025), use the intermediate grounding as
the reasoning chain for answering. Another group
of work, e.g., SeeClick (Cheng et al., 2024), UI-
Tars (Qin et al., 2025), focuses on the visual ground-
ing of Graphical User Interfaces (GUIs). Among
them, GUI-Actor (Wu et al., 2025) and TAG (Xu
et al., 2025) propose the coordinate-free ground-
ing manner of using MLLMs. Besides the visual
grounding on natural images or for GUI agents,
recent works (Wang et al., 2023b) on text-rich im-
ages primarily treat the visual grounding as the
intermediate result for more accurate responses.
TextCoT (Luan et al., 2024) utilizes a separate
MLLM to extract grounded local text. P2G (Chen
et al., 2024b) uses an OCR model to provide extra

textual clues for answering. Besides, TextMon-
key (Liu et al., 2024c) also includes text and VQA
groundings into pretraining tasks. In this work,
we concentrate on the well-formatted visual text
grounding task introduced by TRIG (Li et al., 2025)
to improve the grounding capacity of the MLLM
on document question-answering.

3 Methods

3.1 Task Formulation: Visual Text Grounding
on Text-rich Images

Given a text-rich image Z and a user query Q =
[91,G2; - - -, qg], we follow standard MLLM to-
kenization by patchifying the image into visual
tokens V = [v1, v, ..., v)y|]. Visual text ground-
ing aims to localize the evidence regions in Z that
support answering the query, represented as a patch-
level target over V.

We focus on the query-only setting and study
grounding as evidence localization that precedes
answer generation. This setting is challenging for
prior embedding-based grounding methods, since
their decoupled vision and language modules (see
Section 1) provide limited cross-modal condition-
ing for question-only inputs. We further adopt an
OCR-free input format by excluding OCR text and
bounding boxes, so that grounding performance re-
flects the model’s intrinsic ability to localize visual
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evidence rather than leverage external OCR tools.

In Doc-AGround, we propose a bounding-box-
free method with direct alignments on a single
MLLM’s multi-head self-attention instead of on
the similarity map computed from token-wise em-
beddings. After grounding-specific fine-tuning, the
patch-wise localization in the text-rich image can
be inferred from the inherent aligned self-attention
to support the input questions, while allowing the
followed answering in the same model.

3.2 Visual Text Grounding Indications in
Multi-head Attention of MLLMs

With the patch tokens V of fixed patch size and
the query tokens Q as the input, the L-layer
transformer-based language decoder generates hid-
den states {#,} -, after each layer. Given the pre-
ceding layer’s hidden state H;_,, in layer [, H-
head self-attention {Ab"}H s computed from
query Q(H;_1) and key K (H;_1) embeddings to
capture the head-wise correlation between input to-
kens. Specifically, for the h-th head, the correlation
between question tokens Q and visual tokens V of
the text-rich image can be indicated by the partial
attention Alélfv crossing modalities from the com-

plete A" Compared with using the final layer’s
embedding H o and Hy to compute the similarity
for grounding in previous embedding-based meth-
ods, each token g;’s attention vector Afz’fv with

all image patches in Agfv is a nature patch-wise
grounding indication. If ¢; is the representative
token that serves as the semantic conclusion for
query Q, the magnitude of entry Aé’ffw in Afjihv il-
lustrates the importance of image patch v; towards
the input query, indicating whether patch v; is the
grounding area.

However, for different queries, the measure-
ment of representativeness of each text token
is impractical. Instead of finding the precise
weighting {cm}ﬁ'1 to get the grounding predic-
tion ZiEHQH oy, - Aé’fv from Ab", we propose to
construct a special token after the query Q to avoid
token-wise weighting «, .

Grounding token as the query compressor. Pre-
vious works that use a MLLM as a judge or a classi-
fier for multimodal inputs usually utilize the single
embedding of inherently final-positioned text to-
ken after the query, such as the end-of-sentence
(EOS) token, as the whole input (image and text to-
kens)’s representative embedding for downstream
tasks. Rather than reusing an existing vocabulary

token—which could interfere with the tokens’ orig-
inal functionality, as shown in the blue attention
in Fig. 2, we insert a new special token <g> after
@ and before the potential answer for grounding.
We extract the attention vector Alg’f{/ between <g>
and all visual tokens as the grounding indication of
I-th layer’s h-th attention head A", instead of the
Lh

complex 3o Qi - Ag iy

Now, we can solve the impractical grounding
by adding <g> after Q and extracting Afg’ﬁ, as the
inherent grounding indication instead of finding
oy, for Aé’fv of every query token. Besides the
above token-level design, the strategy for merg-
ing grounding predictions of all attention heads for
comprehensive grounding is underexplored. Con-
sidering the functional differences across different
attention heads in the MLLM, treating each atten-
tion head equally and directly supervising on Alg’f;
given ground-truth patches V9 is very biased. In-
stead, we formulate the weighting importance for
h-th attention head of [-layer as «; j, for merging:

p=> anAl, eRrM. (1)
L,h

p is the attention grounding prediction considering
all heads. In Section 3.3, we propose a strategy for
ay p, for better multi-head control.

3.3 Multi-head Weighting Guided by General
Visual-text Pattern of the MLLM

Previous extensive studies (Gould et al., 2023; Wu
et al., 2024; Zhou et al., 2024b) on the multi-head
attention mechanism have revealed that the impor-
tance of each attention head varies for the MLLM’s
different functionalities, such as safety, factuality.
For visual text grounding on text-rich images, we
need a measurement to identify and emphasize the
group of attention heads that originally focus on
the interactions between visual and text modalities
in Eq. (1).

For the transformer-based MLLM, the inherent
inter-modality pattern can be discovered from each
layer’s hidden state. For text token g;, we can take
the sum of its embedding similarity between all
visual tokens as g;’s visual focus magnitude. Thus,
for all text tokens, we can have the general inter-
modality distribution s = [sg, , ..., 4,5 | as:

s = normalize(| Z Sim(?—[fli,%éj)]‘igll).
UjGV,lE[L]

2
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s can be treated as the general text-visual correla-
tion pattern considering all layers. Similarly, for
attention head h of layer [, we can leverage the
similarity implied by the inherent attention value
to measure the head-level text-visual correlation
distribution a’":

al'™ = normalize(] Z Afhhvj]gll) 3)

v;EV

Although in each transformer block, the output
hidden states H' are forwarded from all attention
heads of this layer, previous studies (Voita et al.,
2019; Elhelo and Geva, 2024) have shown that the
semantic pattern of ' is contributed from a minor-
ity of attention heads. For the general text-visual
correlation pattern we found in H via Eq. (2), we
aim to find the minority attention heads that share
a similar functionality pattern and highlight their
contributions in Eq. (1) via ag . Here, we mea-
sure the pattern matching of each head between
s and a>” as the negative Kullback-Leibler diver-
gence Dy, for oy p,, denoted as dense fully-soft
alignment shown as the pattern matching in Fig. 2,
which is the default setting of Doc-AGround:

Dense: o, = —Dx(s[ja""). 4)

For the distribution matching measurement be-
tween s and a>", the dense fully-soft alignment in
Eq. (4) might bring unexpected bias coming from
the long tail query tokens in the general pattern dis-
tribution s. Query text tokens lying in long tail of
s are less semantic or visually related and their nor-
malized magnitude in s is small but nontrivial. The
participation of this weak tail in the KL-divergence
computation of Eq. (4) could bring in unnecessary
KL penalties. Besides the dense fully-soft match-
ing above, we take the top-K globally salient query
tokens from distribution s and formulate the sparse
matching weight as another option for oy p,:

Sparse: o, = Z s(g:) -a""(q), (9
¢ E€Q*

where Q* = argtopK, co(s(g;)). In this way,
we can highlight the attention heads matching the
general text-visual correlation pattern only from
informative sparse query tokens without the dis-
traction from visual-irrelevant query tokens.

With softmax normalized head-wise weighting
apn = exp(ain)/ Yper) wem eXPlar ), we
can achieve the attention grounding prediction p
from Eq. (1).

Training. Given ground-truth image patches
V9t ¢ Y, the ground-truth patch distribution is

defined as:
1 _
= W []lygt (U1>, vy Lpgt (’U|V|)] S A|V‘ L

(6)
We compute the KL-divergence between ground-
truth p and attention prediction p as the visual text
grounding loss:

p

Lorounding = D1, (p || normalize(p)).  (7)

When the input query only includes the question
on the text-rich image, after grounding, the MLLM
needs to generate the corresponding answer. The
extra next-token prediction loss on tokens of the an-
swer is added for MLLM’s supervised fine-tuning:

L= ['grounding + Lnext—token- (8)

For ay ;,, we treat the global pattern s derived from
hidden states as a fixed target and do not back-
propagate gradients to it. Thus, gradients flow only
through the head-wise pattern a”.

Inference. For inference, after achieving the
patch-wise prediction vector p from Eq. (1) via
dense or sparse pattern matching in Eq. (4)
or Eq. (5), we activate the patch v; for ¢ €
{1,...,|V|} if its value exceeds an adaptive ac-
tivation threshold: p(v;) > m - max(p), with
m € (0, 1] controlling the activation sparsity level.

4 Experiments

4.1 Experimental Setups

Implementation Details. For Doc-AGround, we
utilize Qwen2.5-VL-3B (Bai et al., 2025) as the
backbone of Doc-AGround for document visual
text grounding and set the vanilla attention imple-
mentation for the extraction of full attention weight.
Doc-AGround is trained for one epoch with all pa-
rameters unfrozen on NVIDIA A100 (80GB) GPUs
(around 59 GPU-hours total) with a batch size of
32 and a learning rate of le-5. We implement the
dense matching in Eq. (4) and sparse matching in
Eq. (5) as two Doc-AGround variants, both in the
OCR-free setting. Furthermore, Doc-AGround is
fine-tuned with question-only inputs or the entire
QA pair input, to show the effect of the explicit
answer in grounding. The hyperparameter m for
the adaptive threshold m - max(p) is set to 0.15
for all experiments. The details of m selection are
provided in Appendix A.1.
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Datasets and Metrics. Doc-AGround is fine-
tuned on the training sets of three open-source
document datasets with grounding annotations:
DocVQA (Mathew et al., 2021), ChartQA (Masry
et al., 2022), and InfographicVQA (Mathew et al.,
2022), with a total of 71k training samples. We con-
duct the in-domain evaluation on the same three
sets and zero-shot evaluation on the TRINS (Zhang
et al., 2024a) set in TRIG (Li et al., 2025). For
evaluation, we include Intersection over Union
(IoU), Precision, Recall, and F1-score as the met-
rics for OCR-based grounding and Pixel-level IoU
for OCR-free grounding. The definitions of metrics
are listed in Appendix B.

Baselines. We compare Doc-AGround with
three groups of baselines: (i) general open-
source MLLMs for OCR-based zero-shot evalu-
ation, including LLaVA-v1.6-Vicuna (Liu et al.,
2023b,a, 2024a), Idefics2-8B (Laurengon et al.,
2024), DeepSeek-VL-7B-chat (Lu et al., 2024),
InternLM-XComposer2-VL-7B  (Dong et al.,
2024a), InternLM-XComposer2-4KHD-7B (Dong
et al., 2024b), Monkey-Chat (Li et al., 2024), Phi3-
V(Team, 2024), CogVLM?2-Llama3-19B (Wang
et al., 2023a), MiniCPM-Llama3-V 2.5 (Yao
et al., 2024), InternVL2 (Chen et al., 2024¢), In-
ternVL2.5 (Chen et al., 2024¢), and Qwen2.5-
VL (Bai et al., 2025); (ii) closed-source MLLMs
including Gemini-2.5-flash (DeepMind, 2025), and
GPT-40 (OpenAl, 2024) with OCR inputs; (iii)
visual text grounding-specific methods including
embedding-based and TRIG (instruction) vari-
ants (Li et al., 2025) trained on all four docu-
ment grounding datasets with both OCR-based
and OCR-free settings, also including Qwen?2.5-
VL fine-tuned with ChartQA, DocVQA, and Info-
graphicVQA in the same instruction-based manner
as TRIG for backbone ablations. Extra baseline
details are provided in Appendix A.2.

OCR-based Patch Filter For OCR-based base-
lines, all the bounding boxes and corresponding
text obtained from the OCR tool are included in
the prompts for MLLMSs’ training and inference. In
this manner, the grounding task is turned into the
easier multi-area selection problem.

Although Doc-AGround is OCR-free during
both training and inference, we can still leverage
OCR outputs to post-filter predicted image patches,
which involves no model forwards. Specifically,
we convert the image’s OCR bounding boxes into
a one-hot, patch-wise filter vector m and suppress

TRINS
Pixel IoU

ChartQA  DocVQA InfographicVQA
Pixel IoU Pixel IoU Pixel IoU

Method

Qwen2.5-VL-3Bf 0.43 0.06 0.18 0.23
CogVLM2-Llama3-19Bf 0.19 0.01 0.16 0.66
Monkey-ChalT 0.77 0.19 0.15 0.45
InternLM-XComposer2-4KHD-7B" 1.04 0.10 0.90 0.14
MiniCPM-Llama3-V 2.5 0.44 1.40 0.65 4.96
Gemini2.5-Flash' 0.00 0.00 0.00 0.00
GPT-4of 3.90 1.79 1.60 13.73
TRIG (Embedding) + Answer' 10.51 15.02 7.85 13.88
TRIG (Instruction)’ 2791 23.96 8.61 59.44
Qwen2.5-VL-3B (Instruction) 33.79 28.50 11.23 53.77
Doc-AGround (Dense) 81.08 80.17 62.74 83.17
Doc-AGround (Sparse) 78.88 79.67 64.86 81.11
Doc-AGround (Sparse) + Answer 85.55 83.14 71.86 85.02

Table 1: OCR-free Document grounding results on
TRIG benchmark. Pixel IoU represents Pixel-level In-
tersection over Union score. Doc-AGround is fine-tuned
on the first three datasets and zero-shot evaluated on
TRINS. TRIG variants are trained on all four datasets.
T denotes results reported from previous works. “+ An-
swer” means adding extra answer strings to the inputs.

patches that do not fall within any OCR box, form-
ing the grounded prediction m ® p. As shown in
Section 4.3, the improvement from the OCR filter
is modest.

4.2 Main Results

In this section, we present the evaluation results of
document grounding on TRIG and baselines shown
in Table 1 and Table 2.

Baselines. First, Coordinate grounding is hard
for instruction-following models in the OCR-
free setting. As shown in Table 1, both open-
source and proprietary MLLMs struggle to gen-
erate coordinate-based bounding boxes without
OCR, suggesting limited spatial grounding and
formatting ability to infer implicit supporting re-
gions. Training-time adaptation is still ineffi-
cient: TRIG (instruction) and Qwen2.5-VL-3B
remain weak even in-domain, with a large gap to
OCR-based proprietary models, e.g., GPT-4o.

Under the OCR-based setting, the extra OCR
inputs simplify visual text grounding. Providing
bounding boxes and corresponding content in the
prompt reduces the need for generating autore-
gressive numeric coordinates, turning grounding
into a selection problem among the given boxes,
which is more explicit and straightforward. Conse-
quently, models with grounding pretraining, such
as Qwen2.5-VL-7B and InternVL2.5-8B, perform
relatively well as shown in Table 2. TRIG (instruc-
tion) improves substantially with OCR-based fine-
tuning, highlighting that bridging grounding sig-
nals to explicit coordinates benefits from OCR
inputs under limited supervision.

Embedding matching methods, such as TRIG
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ChartQA DocVQA InfographicVQA TRINS
Method ToU P R F1 Avg. ToU P R F1 Avg. ToU P R F1 Avg. ToU P R F1 Avg.
LLaVA-v1.6-Vicuna-7B! 000 000 000 000 000 000 000 000 000 000 000 000 000 000 000 000 000 000 000 0.00
LLaVA-v1.6-Vicuna-13B* 000 000 000 000 000 000 000 000 000 000 000 000 000 000 000 000 000 000 000 0.00
Idefics2-8b' 0.00 0.00 000 000 000 0.00 000 000 0.00 000 000 000 000 0.00 0.00 1.17 1.17  3.50 1.69 1.88
DeepSeek-VL-7B-chat! 084 135 225 123 142 019 019 150 034 056 000 000 000 000 000 160 1.60 200 1.67 172
InternLM-XComposer2-4KHD-7Bf ~ 1.00  2.00 1.00 125 131 025 050 025 033 033 000 000 000 000 000 367 680 379 465 473
Monkey-Chaﬂ 358 538 991 505 598 094 1.19 1.75 1.15 126 034 030 200 051 079 0.00 000 0.00 0.00 0.00
Phi3-vi 254 3.4 546 325 360 097 122 2.00 1.21 135 040 035 208 059 085 381 4.31 500 428 435
CogVLM2-Llama3-19Bf 165 230 368 202 241 156 187 358 1.89 223 042 084 175 071 093 676 793 833 753 7.64
Qwen2.5-VL-3Bf 377 574 537 502 498 246 300 358 302 302 0.0 017 0.17 017 0.5 10.19 1275 1459 1234 1247
InternLM-XCOmpnserZ-VLJB? 8.10 1531 9.03 1049 1073 736 1128 8.08 873 886 232 639 285 339 374 1582 18.12 17.32 1698 17.06
InternVL2-1B! 343 328 19.10 535 779 0.0 010 075 017 028 035 035 271 062 1.01 2391 3230 4838 31.10 33.92
MiniCPM-Llama3-V 2.5 740 1250 840 924 939 1578 19.22 1842 1748 1773 571 987 734 714 752 5406 62.06 5789 57.95 57.99
InternVL2.5-8BF 999 1254 1424 1151 1207 5.71 6.50 758 625 651 5.11 8.06 846 670 7.08 5951 6398 70.73 64.05 64.57
Qwen2.5-VL-7B' 16.84 26.04 18.61 2022 2043 24.12 2733 2575 2580 2575 581 1142 640 7.69 7.83 5512 6621 6645 62.80 62.65
Gemini2.5-Flash’ 74.65 8131 81.06 7892 7899 73.67 81.86 78.00 77.71 77.81 6628 73.11 79.58 73.12 73.02 72.78 7843 76.85 7580 7597
GPT-40f 83.80 88.80 89.24 87.47 87.33 82.14 87.14 89.50 86.16 86.23 68.19 79.57 7881 75.82 7556 89.08 96.06 91.53 92.16 92.21
TRIG (Embedding) + Answer! 39.97 5726 5289 49.98 50.03 37.82 40.09 7296 4842 49.82 2558 28.68 49.14 3293 3408 70.01 8638 7594 7732 7742
TRIG (Instruction) 7038 81.58 73.78 7578 7538 73.52 81.67 75.13 77.02 76.83 39.23 4729 4286 43.90 4332 8548 92.17 79.94 83.62 8530
Doc-AGround (Dense) 81.08 86.68 92.09 86.85 86.67 80.17 90.64 86.77 87.02 86.15 62.74 7224 817 7253 7230 83.17 93.17 87.15 88.76 88.06
Doc-AGround (Sparse) 78.88 8523 90.12 8525 84.87 79.67 89.61 87.68 86.68 8591 64.86 73.69 82.14 73.83 73.63 81.11 9381 8455 8733 86.70
Doc-AGround (Sparse) + Answer 8555 91.59 92.50 90.25 89.97 83.14 9279 89.09 89.39 88.60 71.86 82.26 84.87 80.36 79.84 85.02 96.28 88.15 89.84 89.82

Table 2: OCR-based Document grounding results on TRIG benchmark. IoU, P, R, F1 represent Intersection
over Union score, precision, recall and Fl-score. For each dataset, we denote Avg. as the average score on
evaluation metrics. TRIG variants are trained on all four datasets. T denotes results reported from previous works.
Doc-AGround is fine-tuned without OCR inputs on the first three datasets and zero-shot evaluated on TRINS. “+

Answer” means adding extra answer strings to the inputs.

ChartQA DocVQA Infographic TRINS Qverall
Method —_—

aLh

Avg. Avg. Avg. Avg. Avg.

Uniform Doc-AGround 85.45 84.75 71.10 81.88  80.80
Doc-AGround (w/o <g>) 83.20 83.43 67.95 78.12  78.18
Doc-AGround 86.67 86.15 72.30 88.06  83.29
Doc-AGround (Qwen2-VL-2B) 82.17 84.15 68.82 84.57 79.93

Dense Doc-AGround (w/o OCR filter) 84.62 84.94 70.72 85.65 81.49
Doc-AGround (top 30% heads) 86.55 86.02 72.27 87.71  83.13
Doc-AGround (lowest 30% heads)  81.46 81.80 71.28 76.19  77.68
Doc-AGround (top-1) 84.87 8591 73.63 86.70  82.78

Sparse Doc-AGround (top-3) 85.00 85.88 73.10 87.64 8290
P! Doc-AGround (top-5) 85.15 86.62 73.29 86.96  83.00
Doc-AGround (lowest-1) 84.08 82.88 68.68 79.56  78.80

Table 3: Ablation results on different attention head
merge manners and the OCR-based filter. Avg. rep-
resents the average score on four evaluation metrics.
Doc-AGround is zero-shot evaluated on TRINS.

(embedding), already performs multi-area selection
via patch-text embedding matching. Thus, extra
OCR inputs provide limited benefits over the OCR-
free setting (13.01 less improvement than TRIG
(instruction) on IoU). In its contrastive training,
only including text hard negatives is insufficient.
Also, the decoupled encoders prevent text features
from conditioning on images, limiting effectiveness
when evidence is not explicitly provided. These fac-
tors contribute to the ~17% average gap to TRIG
(instruction), even with ground truth answers.

Doc-AGround: strong OCR-free grounding
with efficient supervision. In the OCR-free set-
ting, Doc-AGround achieves comparable perfor-
mance with GPT-40 on ChartQA, DocVQA, and
InfographicVQA. It also outperforms OCR-based
open-source and grounding-adapted baselines (e.g.,
~16.53% over the strongest TRIG (instruction) on
average), with the largest gains on InfographicVQA
(+30.31%), the most visually complex benchmark.
Unlike coordinate prediction, Doc-AGround di-
rectly computes correlations between each patch

token and the query compressor token <g>, pro-
ducing precise patch-level indications. This direct
attention supervision improves efficiency in train-
ing (without TRINS, two fewer epochs). And the
attention-grounding design enables faster inference
on TRIG (0.73s/iteration compared with 1.02s for
Qwen2.5-VL-3B), as it uses a single <g> token in-
stead of multiple coordinate tokens for grounding.

Doc-AGround achieves better zero-shot perfor-
mance on TRINS than the in-domain performance
of both TRIG variants and Qwen2.5-VL-3B, sug-
gesting that attention-based fine-tuning improves
visual text grounding without limiting the ground-
ing generalization of the base MLLM. This re-
sult further supports our design of using a single
MLLM to model both modalities under causal con-
ditioning: the <g> embedding accumulates con-
text from prior visual and query tokens, making
A;’gj a stronger indicator than cross-modal em-
bedding matching in TRIG (embedding). Finally,
dense full-distribution head weighting (Eq. (4))
slightly outperforms the sparse variant (Eq. (5)),
consistent with the claim that long-tail tokens pro-
vide marginal additional benefit. Moreover, Doc-
AGround performs well with a weaker backbone
(Qwen2-VL-2B in Table 3), demonstrating robust-
ness across backbones.

4.3 Ablations

Functionality of <g> Token. As shown in Ta-
ble 3, under the same uniform head weight-
ing, removing the <g> token reduces the average
score from 80.80% to 78.18%. Without <g>, the
weighted merge of grounding predictions from all
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Figure 3: Visualization of multi-head weights oy ;, av-
eraged over the TRIG test set. Left: layer-wise mean
% Zthl oy 5. Right: per-layer, per-head weights a; .

query tokens is necessary, for which appropriate
weighting is challenging and hurts performance. In
contrast, <g> simplifies this need by serving as a
single context aggregator for all query tokens under
causal attention. In practice, using a newly added
<g> token or an existing vocabulary token makes
no difference in grounding behavior. We further
discuss our choice of <g> in Appendix D.

Effect of Different Head-wise Weighting o ;, for
Alg’ff/. In Table 3, we ablate head-wise weight-
ing «y j strategies for the merge of head-wise at-
tention maps in Eq. (1). Using uniform weights
across heads leads to a 2.49% degradation, indicat-
ing that treating all heads uniformly is suboptimal,
as grounding-irrelevant attention heads introduce
biased patch predictions, and uniformly supervis-
ing them can also disrupt their pretrained roles.
We further compare dense matching (Eq. (4))
with sparse top-K matching (Eq. (5)), where oy,
is computed from either all query tokens or only a
few query tokens with the largest cumulative con-
nections to visual tokens. We can see a flat overall
declining trend when the distribution for match-
ing is sparser from top-5 to top-1, suggesting that
aligning the long-tail portions of of s and a; 5, in the
dense variant is not critical but still provides a small
benefit to overall grounding. Interestingly, sparse
matching performs better on the challenging Info-
graphicVQA in Table 2, suggesting that including
visually irrelevant query tokens in the text-visual
pattern matching can inject noise and even hurt
head weighting in challenging cases. In contrast,
using the least-salient token (lowest-1 variant), i.e.,
Q" = argmin,, co(s(¢:)), leads to a 4.49% degra-
dation as shown in Table 3, validating the impor-
tance of selecting visual-informative query tokens

for computing the weight oy p,.

Effect of OCR-based Patch Filter. In Table 3,
we compare the performance of Doc-AGround with
or without the OCR-based patch filter described in
Section 4.1. Although post-filtering the patch-wise
prediction p results in 1.8% improvement, Doc-
AGround without post-filtering can still outperform
most of the baselines. This indicates the robustness
of Doc-AGround, as outlier patches rarely arise.

4.4 Analysis of Attention Head Contributions

In Fig. 3, we visualize the multi-head weights o 5,
during inference on the TRIG benchmark. The
results show that heads from mid (e.g., 12, 13, 17)
and late layers (e.g., 31, 33, 34) contribute more
to grounding. While mid layers contain the most
salient heads (e.g., head 12-5), late layers, such as
33, include more heads with higher weights.

We further conduct ablations by preserving only
the top 30% or the bottom 30% of heads by oy
at inference time. As shown in Table 3, keeping
the top 30% heads maintains nearly unchanged
in-domain performance, with a 0.35% drop in zero-
shot performance. In contrast, only preserving
the bottom 30% heads severely reduces perfor-
mance, demonstrating that «; j, reliably reflects
each head’s importance for grounding. We in-
clude the visualization of o ;, for each TRIG bench-
mark subset in Appendix E, showing that more
heads participate actively in grounding on chal-
lenging samples (e.g., InfographicVQA).

4.5 Qualitative Results

Qualitative examples of Doc-AGround’s grounding
results are shown in Appendix C. We also provide
visualizations of the aggregated <g>-token atten-
tion map in Fig. 1 and Fig. 9 of Appendix F, along
with analyses of both correct and failure cases.

5 Conclusion

We propose Doc-AGround, an attention-based vi-
sual text grounding method for text-rich document
images. We introduce a simple yet effective frame-
work that derives patch-wise grounding signals
by inserting a context-compressor token after the
multimodal inputs, and we merge per-head pre-
dictions by measuring the alignment between a
global pattern and local head-wise patterns. Doc-
AGround achieves significant in-domain and zero-
shot improvements over prior methods on challeng-
ing document-grounding benchmarks.
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6 Limitations

Doc-AGround still utilizes a single patch-wise vec-
tor in each attention head for the multi-area ground-
ing on document images. For more complex cases,
where the ground-truth multiple grounding areas
are overlapped or visually distinct, a single con-
text compressor token is not sufficiently expres-
sive. We will explore improving the multi-area
document grounding task by learning disentangled
patch-wise vectors for each region and resolving
assignments via Hungarian matching. We will fur-
ther improve the robustness of Doc-AGround by
adding a box-format loss that encourages regular
box-shaped grounding predictions without isolated
outliers.
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A Extra Experimental Details

A.1 Selection of Hyperparameter

For the hyperparameter m in the adaptive activation
threshold m - max(p), we split a validation set of
200 samples from the training set and compute
the average number of positive patches per sample
from the patch labels. Then, for m ranging from
0.10 to 0.50 with a step size of 0.05, we measure
the average number of activated patches per sample.
We find that m = 0.15 leads to the closest average
number of activated patches to the label statistics on
the validation set. Through this process, we expect
the threshold ratio to activate a reasonable number
of grounding patches, avoiding overly expanded or
overly sparse coverage. We fix this value for all
experiments, and it also works well for our zero-
shot evaluation on TRINS. This threshold selection
uses only a small subset of the training data and
does not involve any evaluation metrics or test data,
to avoid leakage.

A.2 Extra Baseline Details

For the fine-tuned Qwen-2.5-VL-3B, we follow
the standard coordinate-training format of the
Qwen-2.5-VL series: images are resized to dy-
namic resolutions (multiples of 28 for patch align-
ment), and bounding-box coordinates are scaled
and rounded to integer pixel coordinates, instead of
high-precision floating-point coordinates. For the
other training settings, we set the learning rate to
1le-5 and the batch size to 64.

B Evaluation Metrics

We report grounding performance under two eval-
uation settings following prior work: OCR-free
grounding (pixel-level overlap) and OCR-based
grounding (instance retrieval). For both settings,
we denote the test set size as N. We follow the
metric definitions in TRIG (Li et al., 2025).

B.1 Setting 1: OCR-free Grounding
(Pixel-level IoU)

In the OCR-free setting, the model predicts one
or multiple grounded regions on the image. For
sample 7, we convert predictions into a set of fore-
ground pixels PP C {1,...,H} x {1,..., W},
and similarly denote the ground-truth foreground
pixel set as G/
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We evaluate by Pixel-level IoU:
gpix
7
,Ppix U gpix )
(2

)

1 PZPiX N
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B.2 Setting 2: OCR-based Grounding
(Instance-level IoU, Precision, Recall, F1)

In the OCR-based setting, the OCR system pro-
vides a set of candidate bounding boxes with text.
The model selects a subset of candidate boxes as
grounded evidence. For sample ¢, let P; be the set
of predicted (selected) OCR boxes and G; be the set
of ground-truth boxes. We treat boxes as discrete
instances.

Instance-level IoU. We compute the IoU over
instances by set overlap:

Pi NG|
IoUpnstance = Z :73 U gz
Precision and Recall. We report micro-

averaged precision and recall by aggregating
counts across the dataset:

N . .
Precision = —Zile‘Pz NGl ,
> iz [Pl
N
Recall = M
YL, 1G]

F1 score. The F1 score is computed from preci-
sion and recall:

Fl— 2 Precision - Recall

Precision + Recall

C Visualization Examples of
Doc-AGround for Document
Grounding

In Figs. 5 to 8, we show the visualization exam-
ples of Doc-AGround on ChartQA, DocVQA, Info-
graphicVQA and TRINS. The blue boxes in each
figure denote the ground-truth of the document
grounding. And the area in green is the posi-
tive patch-wise attention grounding result of Doc-
AGround.

D Details of the <g> Token
Implementation

The <g> token functions similarly to any existing
special token in our design, as long as it is placed af-
ter all visual and text tokens in the user instruction

to serve as the grounding token. During grounding
training, the token after inputs is easily learned as a
context aggregator for all instruction tokens and as
an indicator of positive image patches via the atten-
tion values between the token and visual patches,
enabled by causal attention in the transformer de-
coder.

We choose to introduce a new <g> token, rather
than reuse an existing special token, such as the
EOS token, in consideration of future extension
of Doc-AGround to multi-target document ground-
ing. In this task, each grounding result requires
a corresponding text description. New <g> token
allows inserting multiple grounding tokens (e.g.,
<g>, textl, <g>, text2, ..., <g>, textN) without af-
fecting the functionality of existing special tokens
or altering decoding behavior.

In Section 3.2, we abbreviate the start and
end tokens for the grounding token: abbre-
viate [<g_START> <g> <g_END>| as <g> In
addition, we try to insert multiple <g> as
[<g_0>,<g_1>,...,<g_N>] to improve the expres-
siveness by expanding the number of patch-wise
prediction vectors for each attention head. But the
naive expansion of <g> without any disentangle-
ment objective for multi-area grounding barely im-
proves the document grounding performance com-
pared with the original single <g> implementation.

E Extra Visualizations of o,

Here, we show the extra visualizations of multi-
head weight oy j, on the four sets of TRIG bench-
marks: ChartQA, DocVQA, InfographicVQA and
TRINS in Fig. 4.

F Extra Visualizations of Aggregated
<g>-token Attention Map and Error
Analysis

Here, we show the extra visualizations of aggre-
gated <g>-token attention map on the TRIG bench-
mark in Fig. 9. The merged attention maps of <g>
token in Fig. 9a,Fig. 9c and Fig. 9d successfully
identify the correct grounding areas in the patch-
wise manner.

“Error” Case Analysis. The visualization ex-
ample of Fig. 9b seems to include extra error ar-
eas on the right side of the figure. Besides the
three country names mentioned in the question,
Doc-AGround also highlights the corresponding
numbers. These additional regions are actually ad-
ditional explainable evidence beyond incomplete
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human annotations in TRIG, which are crucial for
identifying the query target “second highest num-
ber”, which are missing in the ground truth.

G Use Of AI Assistants

We use Al Assistants, e.g., ChatGPT, to assist with
fixing the typos in writing and debugging for the
code.
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Figure 4: Visualization of «; j, in Doc-AGround on each set of TRIG benchmark.
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(a) Question: In brazil which share is high? (b) Question: What is the difference in value between Lamb
Answer: Poor and Corn?
Answer: 0.57

(c) Question: Which country has highest secondary graduation (d) Question: What instant messaging app has the most use in
rate in 2018? Finland?
Answer: Italy Answer: WhatsApp

Figure 5: Visualization examples of Doc-AGround on ChartQA.
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(a) Question: Who prepared the travel authorisation form?
Answer: hirley smith, X77720

Answer: Raveendranath

Figure 6: Visualization examples of Doc-AGround on DocVQA.
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(a) Question: who is the founder of Great Hill Partners?
Answer: christopher s. gaffney

Answer: 42%

Figure 7: Visualization examples of Doc-AGround on InfographicVQA.
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(a) Question: Who are the authors of the book The VIVA (b) Question: Who is the illustrator of the card illustrations in

MAYR DIET? ) The Wildwood Tarot: Wherein Wisdom Residesis mentioned

Answer: The book The VIVA MAYR DIETis written by Dr. in the image?

Harald Stossier and Helena Frith Powell. Answer: The illustrator of the card illustrations is Will Wor-
thington.

Figure 8: Visualization examples of Doc-AGround on TRINS.
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(a) Question: How many kilograms of fruits and vegetables (b) Question: Which country has the second highest number
need to be consumed per person, 2, 10, or 15? of total critical care beds, Spain, Germany, or Japan?
Answer: 10 Answer: germany
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(c) Question: What was the industry share in GDP in 2013? (d) Question: What is the title of the book?

7.04e-09

Answer: 55.01 Answer: The title of the book is "The African Look-
book: A Visual History of 100 Years of African
Women".

Figure 9: Visualization example of aggregated <g>-token attention map for visual text grounding on TRIG
benchmark. Ground truth bounding boxes are shown in red.
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