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Abstract

Recent advances in multimodal large language mod-
els (MLLMs) have enabled strong performance on vi-
sion–language tasks, yet they remain limited in spatial
scene text understanding due to inadequate spatial ground-
ing of text. In this work we propose Visual Ground-
ing for Scene Text (VGST) to instruction-tune MLLMs
for improved fine-grained text localization and recogni-
tion in complex, cluttered scenes. Specifically we intro-
duce three tasks/objectives for reverse localization of text
as an instruction-tuning mechanism, where the model is
guided to extract textual content based on spatial local-
ization cues, thereby enhancing its spatial grounding abil-
ity. To further enhance spatial text awareness, we curate
a reasoning-centric dataset containing over 27,000 ques-
tion–answer pairs spanning diverse real-world scenarios.
We evaluate our model (VGST) on three benchmarks cov-
ering sparse to dense text distributions: SVT, Occluded
RoadText, and HierText, where it consistently outperforms
strong MLLM baselines. Specifically, VGST achieves rela-
tive improvements of 8.28%, 8.18%, and 27.3% in Charac-
ter Recognition Rate (CRR) for the text reverse localiza-
tion task; 5.48%, 5.2%, and 5.13% in recall for text lo-
calization; and 8.7%, 3.21%, and 2.45% in F1 scores for
end-to-end text recognition, respectively. Prompt sensitiv-
ity analysis shows that instruction tuning on a specific task
using varied prompt formulations leads to robust perfor-
mance on that task, even when the prompts at inference
differ from those seen during training. These results es-
tablish VGST as a reliable and effective solution for spa-
tially aware scene text understanding in unconstrained real-
world images. Our code and dataset are available here:
https://anonymous.4open.science/r/VGST

Figure 1. We demonstrate our model’s capability to handle all
three key scene text tasks: reverse localization (top-left, spatial un-
derstanding), precise localization (top-right), and comprehensive
scene text recognition (bottom), using our proposed instruction-
tuning framework based on reverse localization.

1. Introduction

Background and Motivation. MLLMs have emerged as
powerful general-purpose vision–language systems capable
of interpreting images via natural language prompts. Their
versatility supports diverse applications, including Visual
Question Answering (VQA), Document Analysis, and Key
Information Extraction. Central to these tasks is the abil-
ity to extract and understand textual content from images, a
capability that remains essential yet challenging in uncon-
strained, real-world settings.

Our Focus. In this work, we consider three complemen-
tary tasks for scene text understanding: Scene Text Reverse
Localization (STRL), where the model identifies text con-
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tent given a bounding box; Scene Text Localization (STL),
which requires predicting the bounding box for a speci�ed
text phrase; and Scene Text Reading (STR), involving tran-
scription of all visible text in an image. Together, these tasks
evaluate �ne-grained spatial reasoning and comprehensive
text extraction in complex scenes.

Challenges. Despite recent advances, state-of-the-art
MLLMs [3, 10, 32, 49, 54] continue to face challenges in
scene text understanding. While these models perform well
on structured document tasks and OCR-centric benchmarks
such as OCRBench [35] and OCRBench v2 [17], they often
struggle generalizing to unstructured and visually diverse
settings in the real-world scenes. Unlike documents with
consistent layouts, scene images contain text embedded in
cluttered, variable backgrounds, with diverse fonts, orienta-
tions, occlusions, with little contextual cues. These factors
make STR and STL substantially more complex, requiring
precise spatial reasoning and robust recognition under un-
predictable conditions.

Visual-Linguistic Spatial Alignment. An underexplored
dimension is how well MLLMs leverage visual–linguistic
spatial alignment in such settings. Despite strong lan-
guage modeling capabilities, current systems exhibit lim-
ited spatial grounding, often producing coarse or inaccu-
rate bounding boxes. Prompting MLLMs for bounding-
box-level extraction frequently results in localization er-
rors, highlighting a persistent gap from human-level spatial
understanding. Although recent advances in object-level
grounding [43, 55, 61, 63] have improved general visual
reasoning, they remain inadequate for the fragmented and
weakly correlated text regions common in scene images.
Additionally, current MLLMs frequently fail on seemingly
simple text extraction tasks such as reading from a given
box, identifying text phrases, or recognizing multiple scat-
tered text instances. These failures expose limitations in
region-level text grounding and instance-aware recognition,
underscoring the need for targeted improvements in spa-
tially grounded scene text understanding.

Our Approach. Rather than framing weak spatial ground-
ing as a general shortcoming, we approach it as a de-
sign opportunity: by instruction tuning on carefully con-
structed, location-aware tasks, we aim to guide the model
toward more spatially grounded behavior. This motivates
our reverse localization objectives, which are designed to
strengthen the alignment between visual input and textual
output. In doing so, our approach also implicitly probes
whether the LLM component can effectively leverage vi-
sual features when explicitly supervised for spatial reason-
ing. Hence, we propose an instruction-tuning framework
that enhances spatial grounding and recognition using the
Qwen2.5VL-7B model as the running baseline. We de-
sign specialized question–answer pairs that de�ne reverse
localization tasks while keeping the vision encoder frozen.

This setup enables us to improve visual–text alignment
across multiple OCR-related tasks without retraining the vi-
sion backbone. Though, not explicitly experimented with,
due to low compute availability, we believe our approach
will generalize to other MLLMs as well.

Contributions. (1) We introduce three instruction-tuning
objectives for reverse localization that explicitly infuse spa-
tial text awareness into an MLLM model. (2) We present
ReaLoc27K-QA, a dataset of over 27,000 question–answer
pairs curated to advance spatial reasoning through reverse
localization tasks. (3) We demonstrate consistent improve-
ments in localization, reverse localization, and text recogni-
tion across complex scene images. (4) We show that instruc-
tion tuning alleviates weak visual-linguistic spatial align-
ment, particularly for spatial text extraction, by enabling
more effective utilization of visual features.

2. Related Work

Scene Text Understanding. Scene text understanding
has long been a fundamental problem in computer vision,
with research split across three sub-tasks: scene text de-
tection [30, 31, 57, 60], recognition [5, 24, 65], and end-
to-end reading [21, 22]. These methods typically rely on
supervised training over large annotated datasets and are
often tailored for either sparse or dense text distributions.
However, most approaches require task-speci�c architec-
tures and struggle with generalization to real-world vari-
ability, such as occlusion, low contrast, and non-standard
layouts. Recently, uni�ed frameworks like Platypus [52]
have attempted to bridge the gap, yet they still fall short in
leveraging natural language interfaces for achieving robust
spatial grounding.

MLLMs for OCR and Scene Text Tasks. Recent models
like [3, 10, 15, 16] demonstrate emergent OCR capabilities
but primarily focus on holistic vision–language tasks rather
than spatially grounded text understanding. In contrast,
OCR-focused models such as [8, 58, 59, 62] are tailored for
document-based VQA and reading, often leveraging layout-
aware architectures and pretraining. However, these efforts
largely operate on structured documents and offer limited
support for scene-level text. Recent evaluation studies [47]
reveal that even strong MLLMs under-perform on localiza-
tion and spatially precise reading tasks. Our work targets
this gap and extends the scope of current MLLMs.

Spatial Grounding in Vision–Language Models. Spa-
tial reasoning remains a key challenge for MLLMs. Prior
work on grounding [34, 39, 43] has primarily focused on
object-level understanding using either caption-based lo-
calization or referring expression grounding. While these
models show promise for generic object detection, their per-
formance does not translate well to scene text due to the
fragmented, low-saliency, and often contextually disjoint



nature of textual regions in the wild. Attempts to incorpo-
rate OCR modules into MLLMs [26, 35] have demonstrated
limited success, often relying on tightly coupled pipelines.
Instruction Tuning for Spatial Reasoning. Instruc-
tion tuning has emerged as an effective strategy to adapt
MLLMs [46] to diverse downstream tasks including spatial
reasoning [7, 27, 41, 53]. Works like [12, 42] have demon-
strated improved generalization through prompt-based �ne-
tuning. However, few efforts have explored task-speci�c
tuning aimed at improving spatial text understanding. Our
work builds upon this gap by introducing reverse localiza-
tion as an instruction-tuning strategy, where spatial cues are
encoded as part of the prompt, thereby guiding the model
to associate localized visual features with semantic content.
This approach enables better alignment for text grounding,
setting it apart from prior work that primarily emphasizes
global or document-level semantics.

3. Proposed Approach

Existing MLLMs [3, 10, 49, 54, 59] often struggle with ex-
tracting text from scene text images due to the dominance
of object-centric visual features [19]. Speci�cally, high-
level image representations passed through the projection
module tend to suppress �ne-grained textual cues, leading
the LLM decoder to under-attend to text regions in favor
of more salient object features. Building on insights from
prior works [6, 18, 56], we hypothesize that such misalign-
ment results in the LLM component under-utilizing visual
information in text understanding tasks. To mitigate this,
we propose a reverse localization-based instruction-tuning
framework aimed at enhancing visual-linguistic synergy, as
detailed in the following subsections.
Architecture and Training. Our model, VGST, is built
on Qwen2.5VL-7B [4] architecture, selected for its strong
baseline performance on generic text reading tasks [17] and
its computational ef�ciency. Figure 2 illustrates our overall
framework, which comprises a visual encoder, a projection
module, and a large language model (LLM) decoder. Given
an input image I 2 RH�W �3 , we follow the dynamic res-
olution strategy proposed in [4], resizing it to the closest
multiple of 28 along each dimension to preserve �ne de-
tails. The visual encoder, based on a Vision Transformer
(ViT) with window-based attention, processes I to produce
a variable-length set of feature tokens F = ff1; : : : ; f n g.
These features are then linearly projected into the LLM's
embedding space via proposed projection module. In par-
allel, the input textual instruction prompt is tokenized into
embeddings compatible with the decoder. Our instruction-
tuning protocol follows the strategy described in [4], while
enabling updates to both the projection module and the
LLM during �ne-tuning. This design ensures that spatial
cues from the visual domain are preserved and meaning-
fully aligned with language representations, supporting our

Figure 2. Architecture diagram inspired by [4], comprising a Vi-
sion Encoder, Projection Module, Prompt Tokenizer, and Qwen
LLM Decoder. The Vision Encoder is frozen, while the Projection
Module and LLM are unfrozen for training with reverse localiza-
tion objectives. For bounding box-based interaction, an external
text detection module is used to provide localized prompts, en-
abling more effective extraction of text.

hypothesis.

Spatial Coordinate Encoding. Spatial coordinates provide
a textual mechanism to specify regions of interest within
an image. While MLLMs have historically struggled with
interpreting such structured spatial inputs, recent work has
shown that targeted �ne-tuning can improve spatial reason-
ing and grounding [29, 38, 43, 45, 53]. Motivated by these
insights, we hypothesize that explicitly training the model
with coordinate-based prompts, where the instruction spec-
i�es a bounding box and requests the text within it, can en-
hance spatial understanding. To encode bounding boxes in
the prompt, we experiment with three representations:
1. Absolute pixel coordinates (ABS),
2. Normalized to [0; 1000] (NORM1000), and
3. Normalized to [0; 1] (NORM01).
Each format expresses the coordinates of the bounding
box as [xmin ; ymin ; xmax ; ymax ], where (xmin ; ymin ) and
(x max ; ymax ) indicate the top-left and bottom-right cor-
ners, respectively. Following [4], we enclose these coor-
dinates within special <box> and </box> tokens in the
prompt (e.g., <box>[xmin ; ymin ; xmax ; ymax ]</box>) to
clearly delimit the region speci�cation. As shown in Ta-
ble 1, prompts using absolute coordinates yield the best per-
formance across three datasets with our base model, sug-



SCR SVT OccRT HierText

ABS 90.76 67.80 45.14
NORM1000 34.31 29.56 17.79
NORM01 25.75 18.39 14.32

Table 1. Spatial Coordinate Representation (SCR). CRR com-
parison across different coordinate systems used for prompting the
base Qwen2.5-VL-7B model with the prompt “Read the text in the
box: <box> without any additional description or explanation.”

gesting that preserving original scale information in textual
instructions aligns well with image regions. The table also
indicates that accuracy declines as the text density in the
image increases.

Reverse Localization Objectives. We introduce a suite
of instruction-tuning objectives aimed at enhancing the
model's ability to spatially ground text within images, a task
we refer to as Scene Text Reverse Localization (STRL).
This builds on our coordinate-based prompting strategy,
where the prompt includes a bounding box input and the
model is expected to return the text contained within that
region. This setup requires a tight association between vi-
sual regions and their textual content, effectively reversing
the typical OCR task. The three instruction-tuning objec-
tives are:
1. Txt-Pred (Text Prediction): Given an image and a

prompt specifying a bounding box, the model is trained
to predict the text contained within that region.

2. Neg-Pred (Negative Text Prediction): To improve ro-
bustness and mitigate over�tting, this objective intro-
duces bounding boxes that do not contain any text. The
model must learn to indicate the absence of text.

3. Res-Loc (Reason-Based Reverse Localization): This
objective extends STRL by including an additional rea-
soning cue in the prompt, leveraging the model's lan-
guage understanding to guide text extraction from the
speci�ed region.

The structured prompt templates used for Txt-Pred and
Neg-Pred are detailed in Table 2. Having a diverse set
of prompt formats helps reduce the model's sensitivity to
prompt phrasing; during training, one template is randomly
selected for each QA pair. VQA-style examples of these
instruction formats are shown in Table 3.

Training Data. We prepare training data for these ob-
jectives by curating samples from several OCR and VQA
benchmarks. Speci�cally, the COCO-Text[50], Uber-
Text[64], and HierText[37] datasets are used to construct
training examples for the Txt-Pred and Neg-Pred objec-
tives. For the Res-Loc objective, we derive supervision
from the TextVQA[48] dataset due to its rich question-text
grounding structure. To further support the Res-Loc ob-
jective, we introduce a new dataset: ReaLoc27K-QA, con-
sisting of approximately 27,000 reason-based localization

Prompt Prompt Text

Prompt-1 <image>nn Extract the text content located at:
<box> <<BOUNDARYCONDITION>>

Prompt-2 <image>nn OCR this speci�c region: <box>
<<BOUNDARYCONDITION>>”

Prompt-3 <image>nn Output the text present in <box>
<<BOUNDARYCONDITION>>”

Prompt-4 <image>nn Identify the text present at this loca-
tion <box> <<BOUNDARYCONDITION>>”

Prompt-5 <image>nn Read the text in the box: <box>
<<BOUNDARYCONDITION>>”

Table 2. Different prompt templates used for text extraction
in our Reverse Localization Objectives. Each prompt includes
the <image> tag followed by a distinct instruction. The tag
<<BOUNDARYCONDITION>> refers to the common instruction
appended to all prompts: “without any additional description or
explanation. Output should not include text from other parts of the
image apart from the bounding box provided.”

Objective Prompt Target

Text-Pred What's the text in <box>? Actual text
Neg-Pred What's the text in <box>? No text
Res-Loc Contextual Clue + <box>? Actual Text

Table 3. An overview of the three instruction-tuning Reverse Lo-
calization objectives proposed in this paper.

question–answer pairs. This resource helps the model learn
to attend to both visual and linguistic cues when extracting
text from speci�ed regions. The effectiveness of the Res-
Loc objective and our dataset is quantitatively demonstrated
in Table 8 in the Experiments section, where it shows sig-
ni�cant contributions to model accuracy.

Loss Formulation. We adopt a standard next-token predic-
tion framework with cross-entropy loss to train our model,
focusing on textual outputs. Given an input image I, its as-
sociated prompt P , and the target answer sequence T =
ft 1; t2; : : : ; tN g, the objective is to maximize the condi-
tional likelihood of each token ti given the image, prompt,
and all previously generated tokens. Formally, the training
loss is de�ned as:

L = �
NX

n=1

log p� (t n j I; P; t <n ); (1)

where � represents the model parameters. The term p� (t n j
I; P; t <n ) denotes the probability of generating the n-th to-
ken tn given the image I, the prompt P , and all previously
generated tokens t<n .



Figure 3. Samples from our proposed ReaLoc27K-QA dataset. The dataset is designed to provide models with both bounding-box
information and accompanying reasoning to support text localization through language understanding. For visualization, the bounding
boxes from the prompts are overlaid on the images. Please zoom in better visualization.

4. Contributed Dataset: ReaLoc27K-QA

We contribute a new dataset, ReaLoc27K-QA, de-
signed to explicitly exploit spatial reasoning within
VQA. ReaLoc27K-QA consists of 27; 049 im-
age–question–answer (IQA) pairs, each with bounding
boxes and detailed reasoning annotations. The dataset
encourages models to condition on both the provided
reason and the localized region to answer questions more
accurately. To further advance spatial reasoning, we
designed this dataset to leverage the capability of MLLMs
to interpret richly structured textual prompts describing
spatial relationships, moving beyond simple region anno-
tations toward more nuanced, language-grounded spatial
understanding.

Dataset Construction. We build our dataset based
on the TextVQA [48] dataset, which offers im-
age–question–answer (IQA) pairs. To obtain the bounding
boxes and corresponding text regions, we �rst run Pad-
dleOCR [13] on all images to extract OCR-detected text
along with their bounding box coordinates. We then
map the answer in each IQA pair to the appropriate
OCR-extracted bounding box by aligning the answer text
with the recognized OCR output, thereby identifying the
relevant localized region. To generate high-quality reason-

ing annotations, we use Gemini-2.5 Pro1 with few-shot
prompting. The model is given the OCR text, bounding box
coordinates, question, and answer, and asked to produce a
new question that explicitly incorporates both the reason
and the bounding box context, transforming it into a
reason-based localization task. All generated annotations
were subsequently subjected to thorough manual and
automated veri�cation to ensure correctness, consistency,
and alignment with the intended objective. Figure 3 shows
some representative examples from the dataset.

5. Experiments and Results

Implementation Details. We implemented VGST on a
Linux system using PyTorch, initializing our model from
the Qwen2.5-VL-7B-Instruct weights. Instruction tuning
was performed in two stages: �rst for 2 epochs using only
the Rev-loc objective, and then for an additional 2 epochs
combining all three objectives. Training was conducted on
8 NVIDIA A100 GPUs (40GB each) using bfloat16 pre-
cision with a learning rate of 2 � 10�7 , employing a cosine
scheduler and a warmup ratio of 0.03. We used a per-device
batch size of 2 and gradient accumulation steps of 4. This
setup yielded the best results, with any deviation leading to
a consistent but moderate drop in performance, highlight-

1https://aistudio.google.com/



ing sensitivity to hyperparameters. The model was trained
with a maximum context length of 32; 000 tokens, enabling
it to process long-text prompts effectively. We tuned only
the projection module and the LLM component while keep-
ing the vision encoder frozen, following our initial hypoth-
esis. Image input resolutions ranged widely, from 784 up to
7.84 million pixels, supporting diverse real-world use cases.
For all our experiments, we set the temperature of VGST to
10�6 and tested on single A100 GPU.
Datasets Used. We use six publicly available scene-text
datasets: COCO-Text [50], HierText [37], Uber-Text [64],
Street View Text (SVT) [51] Occluded RoadText (Oc-
cRT) [1] and IC15 [25]. For training, we use 11; 786 im-
ages from COCO-Text, 8; 281 images from HierText, and
16; 927 images from Uber-Text. These datasets support the
Txt-Pred and Neg-Pred objectives in our framework. To
generate IQA pairs, we randomly sample a set of text in-
stances (with their bounding boxes) from each image and
associate them with prompts drawn at random from the set
shown in Table 2. This procedure yields 285,449 QA pairs.
Combined with the ReaLoc27K-QA dataset, our total train-
ing corpus comprises 312,498 QA pairs. For evaluation, we
use all 249 images from the SVT dataset, 202 validation im-
ages from the OccRT dataset as test, 817 images randomly
sampled from the HierText test split and complete 500 test
set images from IC15 dataset. These four datasets are se-
lected to enable comprehensive evaluation across a broad
spectrum of scene-text scenarios. SVT is characterized by
sparse, low-density text. OccRT contains medium-density
text with frequent occlusions and small-scale text regions.
HierText represents high-density text scenes with numerous
small instances. This diversity ensures that our evaluation
rigorously tests the model's ability to localize and recog-
nize text in varied and challenging real-world settings. The
consistent accuracy improvements observed across these
datasets underscore the model's enhanced spatial under-
standing and robust performance across multiple tasks.
Evaluation Metrics. STRL performance is measured
using the Word Accuracy Ignoring Case and Symbols
(WAICS) [24]-based Character Recognition Rate (CRR),
which normalizes for case and symbol variations. STL is
evaluated using Intersection over Union (IoU) based recall
to assess localization accuracy. STR performance is quanti-
�ed with precision, recall, and F1-score using unique word-
level matching. Additionally, we analyze the model's ten-
dency to hallucinate text by reading instances that are not
present in the scene, providing further insight into its relia-
bility and robustness across diverse visual contexts.

5.1. Quantitative Evaluation

We compare our proposed VGST with several existing
MLLMs, as well as with the base model on which our ap-
proach is built. Although our model is trained exclusively

Model ICL SVT OccRT HierText

GOT[54] 7 87.29 38.16 52.01
InternVL-2.5-7B[11] 7 85.72 59.88 38.74
Qwen2.5-VL-7B[4] 7 90.93 67.80 44.61
VGST (ours) 7 97.51 76.12 67.32

Qwen2.5-VL-7B X 92.38 69.34 67.29
VGST (ours) X 96.97 78.95 82.72

Table 4. Scene Text Reverse Localization. CRR metric compari-
son across benchmark datasets using model-speci�c prompts. The
results highlight performance with and without In-Context Learn-
ing (ICL), where the model is provided with two illustrative exam-
ples before being prompted with the target question.

on the STRL task, we observe consistent improvements not
only in STRL performance but also in the model's ability
on related tasks such as STL and STR.

Model SVT OccRT HierText

GOT[54] 42.84 28.75 26.19
InternVL-2.5-7B[11] 61.77 39.53 42.12
Qwen2.5-VL[4] 78.86 44.17 48.69
VGST (ours) 84.34 49.37 54.72

Table 5. Scene Text Localization. Average recall across images
on benchmark datasets using model-speci�c prompts.

Scene Text Reverse Localization. Our proposed training
objectives are speci�cally designed with the STRL task in
mind. This task also serves as a controlled setup for investi-
gating our hypothesis that the LLM component in MLLMs
can under-utilize encoded visual features, a limitation dis-
cussed in the broader Visual Language Models (VLM) lit-
erature. To examine this hypothesis in a concrete setting,
we focus on applying joint tuning to both the LLM and
the visual projection module responsible for selecting rel-
evant features from visual component. This targeted ap-
proach yields substantial performance improvements in the
STRL task across three standard benchmark datasets, as
summarized in Table 4. These results provide empirical
support for our hypothesis within the scope of text-centric
visual tasks and lay the groundwork for future investiga-
tions across other architectures.
Scene Text Localization. In STL task, we prompt the
model to predict the bounding box location of a speci�c text
instance within an image. To reduce potential sources of
ambiguity, we select, for each image, a set of instances that
are unique (i.e., not repeating) and have less than 90% tex-
tual overlap with other instances. Although our �ne-tuning
procedure is focused on the STRL task, we observe a signif-
icant improvement in localization ability with our proposed
training objectives. Speci�cally, VGST demonstrates a sub-
stantial performance gain over its base model. Table 5 re-
ports the quantitative results, showing consistent improve-
ments across datasets with varying text densities. For all



Model Size SVT OccRT HierText IC15

P R F1 P R F1 P R F1 P R F1

Closed-source Models

Gemini-1.5[15] - 52.79 78.52 63.13 59.45 57.23 58.32 - - - 71.26 72.75 71.99
ChatGPT-4V[47] - 54.88 84.70 66.60 61.59 44.57 51.72 68.67 43.01 52.89 72.57 68.54 70.50

Open-source Models

GOT[54] 580M 55.63 66.43 60.55 36.34 19.45 25.34 55.24 34.52 42.49 60.95 44.02 51.12
InternVL-2[9] 7B 20.09 81.71 32.25 33.98 48.11 39.83 47.09 51.32 49.11 35.58 75.63 48.39
InternVL-2.5[11] 7B 50.92 86.55 63.87 46.13 51.54 48.68 65.82 59.37 62.43 66.07 78.97 71.94
Qwen2.5-VL[4] 7B 45.66 88.37 60.21 42.83 63.88 51.05 63.28 67.79 65.46 57.62 78.49 66.45

VGST (ours) 7B 57.58 86.00 68.97 65.95 60.54 63.13 79.43 61.71 69.46 77.97 72.69 75.24

Table 6. Scene Text Reading. Comparison of different vision-language models on text detection benchmarks. P, R and F1 scores are
reported for four datasets. All computations are performed after post-processing to remove extraneous text generated by models. Prompt:
“Read all visible text from the image without any additional explanation or description.”

Method Size Edit Dist._ F1-score^ BLEU^ METEOR^

UReader [58] 7B 0.568 0.661 0.258 0.488
LLaVA-NeXT [33] 34B 0.499 0.558 0.379 0.678
TextMonkey [36] 7B 0.331 0.743 0.521 0.728
DocOwl1.5 [20] 7B 0.334 0.788 0.525 0.708
InternVL-ChatV1.5 [10] 26B 0.267 0.834 0.587 0.744
Qwen-VL-Max [3] >72B 0.182 0.881 0.586 0.848
GOT [54] 580M 0.112 0.926 0.676 0.896

VGST (Ours) 7B 0.075 0.942 0.819 0.931

Table 7. Comparison of various models on English OCR task.
Results of all the models are taken from [54]

evaluations, we use a standard IoU threshold of 0.5 to com-
pute metrics.

Scene Text Reading. STR is a highly anticipated capabil-
ity of MLLMs due to its importance in a variety of down-
stream tasks, including visual question answering and scene
understanding. Prior works [8, 58] have explored overall
text reading but has typically focused on document images,
where textual content is better formatted and exhibits higher
inter-instance correlation. In contrast, scene text presents
unique challenges such as occlusion, object dominance, and
low to no correlation between different text instances within
the same image. While our VGST model did not achieve an
improvement in overall recall for STR, we observed a no-
table reduction in hallucination compared to other MLLMs,
suggesting that our training objectives may improve predic-
tion reliability even when overall coverage remains similar.
Table 6 shows the quantitative results for this experiment.

English Scene Text OCR. GOT [54] introduced a bench-
mark of 200 English scene text images and evaluated sev-
eral foundation models on OCR tasks. We use the same
benchmark and observe that our model outperforms all prior
methods across all metrics. Table 7 shows the result.

Model SVT OccRT HierText

Base Model 89.45 67.80 44.61
+ Instruction Tuning (Without Res-Loc) 93.52 62.77 48.75
+ Instruction Tuning (With Res-Loc) 97.73 75.98 71.90

Table 8. Ablation study showing performance of VGST on STRL
task. Instruction tuning with the Text-Pred and Neg-Pred objec-
tives improves performance over the base. Adding the Res-Loc
objective leads to the best performance across all datasets, high-
lighting its critical role in enabling effective spatial grounding.

5.2. Qualitative Results

Figure 4 shows qualitative results for the three (STRL, STL
and STR) tasks, highlighting VGST's spatial understanding
and scene text reading ability.

6. Ablation Study

Recent works [2, 23, 40] have shown that careful hyperpa-
rameter selection during instruction-tuning can signi�cantly
in�uence model performance and may even compromise
existing capabilities. While we report the best-performing
settings found within our computational constraints, more
extensive hyperparameter searches could potentially yield
higher accuracy, though at a considerable computational
cost, as noted in prior studies. We have conducted an
ablation study to evaluate the effectiveness of introducing
our new dataset. Speci�cally, we �rst instruction-tuned the
model on only the �rst two tasks, which are inherently com-
plementary and cannot be meaningfully separated. In ad-
dition, we experimented with an initial �ne-tuning stage
using our ReaLoc27K dataset, followed by further tuning
on all three tasks. This approach yielded improved results,
suggesting that our dataset effectively introduces reasoning
cues into the prompts and enhances the model's spatial text
understanding. Table 8 presents this ablation quantitatively.



Figure 4. Visualization results of the proposed VGST model across all three addressed tasks. For the STL task, predicted bounding
boxes generated by the model are overlaid on the input images to illustrate localization performance. For the STRL task, the ground truth
bounding boxes are shown to facilitate visual comparison and interpretation. Please zoon in for better visualization.

7. Failure Cases and Future Directions

In analyzing the model outputs, we observe that certain fail-
ure modes can be attributed to the nature of training data
and model limitations. First, the distribution shift between
generic scene image datasets used during pretraining and
the more structured, text-centric nature of STRL tasks likely
contributes to the under-utilization of �ne-grained visual
cues. Second, inconsistencies in localization performance
where small text instances are sometimes correctly iden-
ti�ed but others near visually complex regions are missed
highlights potential gaps in the model's spatial reasoning
and attention capabilities. These �ndings suggest that cur-
rent MLLMs may struggle to effectively prioritize and rea-
son over relevant visual features in scenarios requiring �ne
spatial discrimination.

We observed that the model exhibits sensitivity to
prompt variations, consistent with �ndings in prior studies
[14, 28, 44]. However, even simple �ne-tuning improved
performance on related but differently phrased prompts at
evaluation. This suggests that mitigating prompt sensitivity
remains an important area for further investigation.

8. Conclusion

In this work, we demonstrated that instruction tuning with
reverse localization objectives can meaningfully enhance
spatial text understanding in MLLMs. We introduced
VGST, a model tailored for scene text tasks, and showed
that structured reverse localization prompts help unlock la-
tent capabilities in localization and reading. Additionally,
we contributed ReaLoc27K-QA, a dataset explicitly de-
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