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Graph Pooling Inference Network for Text-based VQA
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MENG WANG, HeFei University of Technology, China

Effectively leveraging objects and optical character recognition (OCR) tokens to reason out pivotal scene text

is critical for the challenging Text-based Visual Question Answering (TextVQA) task. Graph-based models

can effectively capture the semantic relationship among visual entities (objects and tokens) and report re-

markable performance in TextVQA. However, previous efforts usually leverage all visual entities and ignore

the negative effect of superfluous entities. This article presents a Graph Pooling Inference Network (GPIN),

which is an evolutionary graph learning method to purify the visual entities and capture the core semantics.

It is observed that the dense distribution of reduplicative objects and the crowd of semantically dependent

OCR tokens usually co-exist in the image. Motivated by this, GPIN adopts an adaptive node dropping strategy

to dynamically downscale semantically closed nodes for graph evolution and update. To deepen the compre-

hension of scene text, GPIN is a dual-path hierarchical graph architecture that progressively aggregates the

evolved object graph and the evolved token graph semantics into a graph vector that serves as visual cues to

facilitate the answer reasoning. It can effectively eliminate object redundancy and enhance the association of

semantically continuous tokens. Experiments conducted on TextVQA and ST-VQA datasets show that GPIN

achieves promising performance compared with state-of-the-art methods.
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1 INTRODUCTION

With the advancement of multimodal research [12, 36, 45, 53–55, 61], Question Answering (QA)
involving both vision and language has become a hot topic, such as Visual Question Answering

(VQA) [8, 17, 18, 21], Knowledge-based VQA [11, 16], and Text-based VQA (TextVQA) [25, 44].
Compared with the general VQA tasks that involve common visual questions about people, scenes,
and even plot understanding, TextVQA is more challenging due to the additional incorporation of
scene text. As a representative QA task to study scene text in images, TextVQA is dedicated to
perceiving and comprehending scene texts to answer text-based visual questions. This requires
the model to have a variety of capabilities, including object detection, text recognition, and multi-
modal reasoning. In practical application, the TextVQA model can be widely used in various real-
world scenarios, including driving assistance [63], children education [15], and assisting visually
impaired users [44].

Benefited by the development of object detection technology [5, 38, 39, 42, 46], TextVQA models
integrate object detectors [42, 46] and optical character recognition (OCR) systems [5, 38] to
better perceive scene text-based images. Specifically, object detectors excel at identifying visual
objects (e.g., paper and toy in Figure 1), whereas OCR systems perform well at recognizing scene
texts (e.g., “meg” and “gardiner” in Figure 1). To achieve an effective scene text understanding, it
is necessary to pay attention not only to the visual properties of objects and scene texts but also to
the linguistic properties of scene texts. Therefore, the pivotal research problem of TextVQA is how
to effectively and jointly model the objects and OCR tokens to accurately understand and leverage
the scene text for answering.

Many efforts have been dedicated to this task [13–15, 22, 25, 26, 32, 35, 37, 44, 48, 64], in which
graph-based models [14, 15, 26, 37] achieve remarkable performance on TextVQA benchmark
datasets due to their strong capacity of relationship modeling. However, to utilize objects and OCR
tokens, most existing graph-based TextVQA models always leverage all the visual entities (nodes)
detected in the given image with full relationships (edges) (CRN [37] and MM-GNN [15]) or sparse
relationships (SA-M4C [26], SMA [14], and TIG [35]) for graph learning. We argue that consider-
ing all visual entities may inevitably introduce the redundancy issue that is not easily alleviated by
just sparse relationship learning. It is mainly caused by the following two reasons: (1) Cumulative
redundant entities tend to cause attention bias, such as the green toy covered with many similar
bounding boxes in Figure 1, and (2) sparse relationship learning cannot effectively reduce the neg-
ative effect of entity redundancy, and strong sparsity [14] or weak sparsity [26] is easy to cause
insufficient interaction or inadequate redundancy removal. Unlike previous graph models, this ar-
ticle builds an evolutionary graph learning solution that can adaptively downscale the superfluous
nodes to dig out core semantics for achieving effective and robust scene text-based VQA.

Based on our observations, enough object and OCR token features contribute to understand-
ing the image content [25], yet the key to TextVQA model is to deduce the local visual entities
associated with the answers in the image based on the questions. As shown in Figure 1, there
are plenty of objects and scene texts distributed throughout the nature image, but only a few are
relevant to the answer. However, previous efforts often emphasize the role of all visual content
(even redundancy) in answer reasoning instead of focusing on mining the core semantics, result-
ing in inevitable redundancy and thus hindering the accurate modeling of the semantic association
between tokens. Differently, this article emphasizes capturing key scene semantics while under-
standing the image content. To this end, we consider the spatial distribution of objects and OCR
tokens and point out the difficulties in mining core objects and OCR tokens from the following
two aspects: (1) Redundancy removal of densely distributed objects. Based on the common object
detector [42] on TextVQA, it is observed that boundary boxes of similar size are often overlaid
on the same object, leading to the accumulation of redundancy, e.g., three similar-sized bounding
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Fig. 1. The TextVQA task requires understanding objects and tokens and deriving the pivotal scene texts to

answer the question. To solve this task, we propose a graph model to learn semantically closed node clusters

and downscale the nodes driven by the question for semantic purification.

boxes are repeatedly detected for the green toy in Figure 1. Such repetitive objects may hinder
the scene text-based answer reasoning. (2) Semantic integration of discrete OCR tokens. Different
from the spatial distribution of objects, each scene text is detected as a single OCR token by OCR
systems [5, 38], and individual tokens are discretely distributed in the given image [43, 49]. If scene
text is a phrase or sentence (e.g., “meg gardiner”), then TextVQA model needs to combine discrete
tokens to convey its overall meaning.

To deal with aforementioned challenges, this article proposes a novel Graph Pooling Infer-

ence Network (GPIN), which designs an adaptive node dropping strategy with the goal of puri-
fying the semantics of objects and OCR tokens to excavating core semantics. The main technique
of GPIN is to distinguish semantic similarity between nodes and then downscale the semantically
related nodes (i.e., redundant objects or semantically continuous tokens) guided by the question.
This process involves two aspects: redundancy removal of objects and semantic connectivity of
tokens. Specifically, GPIN is a dynamic graph learning model that adaptively drops semantically
closed nodes for graph evolution and update. To fully exploit visual cues, GPIN is a hierarchi-
cal graph architecture that progressively converges evolved graph semantics while mitigating the
effect of the irrelevant or redundant message. In this way, to better comprehend scene text in im-
ages, we design a Hierarchical Object Graph module and a Hierarchical Token Graph module to
take into account the respective characteristics of objects and tokens. Ultimately, an informative
graph vector is obtained by a Dual-Path Graph Fusion module to facilitate the answer reasoning.
Extensive experiments and analysis on TextVQA and ST-VQA datasets showed the effectiveness
and interpretability of our method.

The main contributions are summarized as follows:

— We propose an evolutionary graph learning model, GPIN, which is a pioneer in introduc-
ing graph pooling learning into the TextVQA task. The core of GPIN is an adaptive node
dropping technique to augment the graph evolution.

— The proposed GPIN is a hierarchical graph structure that progressively digs out visual hints
in objects and tokens. We design a Hierarchical Object Graph and a Hierarchical Token
Graph to semantically purify the visual content. By the Dual-Path Graph Fusion, a compre-
hensive graph representation is obtained for answer reasoning.

ACM Trans. Multimedia Comput. Commun. Appl., Vol. 20, No. 4, Article 112. Publication date: January 2024.
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— Extensive experiments on TextVQA and ST-VQA datasets demonstrate that our method has
excellent performance compared with the SOTA methods including pre-trained methods. Ex-
tensive visualization also shows a better purification effect on visual content in our method.

2 RELATED WORK

2.1 Text-based Visual Question Answering

Text-based VQA is being investigated to boost the generalization ability of VQA models [23, 24] in
comprehension of scene texts in the image. Existing methods can be divided into four categories: (1)
Attention-based models, e.g., LoRRA [44] and Three-block [63]; (2) Transformer-based models, e.g.,
M4C [25], PAT [60], LaAP-Net [20], LaTr [2], and GRT [52]; (3) Representation learning-based model

BOV [57]; (4) Graph-based models, MM-GNN [15], CRN [37], SMA [14], SA-M4C [26], TIG [35], and
SSGN [62]. Apart from these, pre-training models TAP [56], LOGOS [40], and LaTr [2] demonstrate
great precision performances but necessitate large-scale datasets and expensive training cost [33].
Due to the complicated relationship learning among objects and OCR tokens in the image, graph
modeling is the dominant framework for this task. Our method also falls within the scope of graph
modeling. Unlike previous graph-based models, this article presents a dynamic graph learning
(evolutionary) model that adaptively drops superfluous nodes and progressively aggregates the
graph semantics. It helps to mine visual cues from complex image scenes for answer reasoning.

2.2 Graph Pooling

Graph Pooling [51, 58] is a new neural operation on the graph neural network that aims to down-
scale the graph structure and refine the graph representation. It has been attempted to apply in
the visual and language tasks [24, 34, 50, 59]. For caption generation, Zhang et al. [59] construct
multiple scene graphs for the same image and embed each graph into a vector by graph pooling
and, finally, generate dense captions. For video grounding, Li et al. [34] apply graph pooling on the
attentive features of video and query to obtain more representative multimodal features. And as for
the task of community question answer matching, graph pooling is used to select important nodes
for question-answer matching [24]. In this work, we are the first to introduce the graph pooling
for TextVQA task. We propose a graph pooling inference network, which realizes an adaptive node
dropping of superfluous visual entities (i.e., objects and OCR tokens), thus achieving the semantic
purification of visual entities. To be specific, the effect is to merge redundant object entities and
bridge the semantic association of isolated tokens in the image separately.

3 METHOD

Given a question referring to scene text appearing in the image, TextVQA task requires under-
standing the question, perceiving scene texts, and answering the question accurately. One of the
key challenges of this task is how to cut off irrelevant visual distractions and reason out the piv-
otal scene texts. In this work, we propose a GPIN to address this issue. As shown in Figure 2, our
model consists of three modules as follows: (1) Graph Construction builds a spatial object graph
and a spatial OCR token graph in Section 3.1, where both the object detector and OCR system are
considered to guarantee the discovery of all the scene text cues in the image; (2) Graph Pooling

Inference outlines the core methodology of our graph model in Section 3.2 and a Dual-Path Graph

Fusion architecture is designed in Section 3.3, which perform an adaptive and progressive graph
pooling network for the purification on semantically related nodes; and (3) Answer Generation and

Model Optimization is introduced in Section 3.4, where an iterative transformer block is applied as
the answer decoder to predict the answer.
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Fig. 2. The overall framework of GPIN. Given an image and a question, we prepare the features of the ques-

tion (Q), OCR tokens (T ), and objects (V), and build two spatial graphs Gv and Gt with nodes V and

T , respectively. In this work, a novel graph pooling inference is used to progressively purify the semantics of

question-relevant objects and OCR tokens. It effectively removes objects’ redundancy and establishes dense

tokens’ connection. By this inference process, we obtain a global graph vector to represent the informative

hint for predicting the answer.

3.1 Graph Construction

3.1.1 Feature Encoding. Accurately understanding the question and perceiving scene text in
the image are the prerequisites for answer prediction. As shown in Figure 2, attempting to cover
all of the scene texts, we take Faster R-CNN [42] to extract the object feature V ∈ RM×d and
use the OCR system [5, 38] to extract the OCR token feature T ∈ RN×d in the image, where M
and N is the respective number of object and OCR token. And we extract the question feature
Q ∈ RLQ×d , where LQ is the length of the question. Following Reference [37], we input Q , V , and

T into a transformer-based encoder and update the features Q = {qi }LQi=1, V = {vi }Mi=1, and T =

{ti }Ni=1, where qi ,vi , ti ∈ Rd .

3.1.2 Graph Representation. We build the object graph and OCR token graph respectively, i.e.,
G = {GV ,GT }. The object graph GV = {V,EV} is a fully connected graph, where V includes
all object nodes and EV is a set of bidirectional directed edges denoted as EV = EV↔V . Simi-
larly, the OCR token graph is defined as GT = {T ,ET }, where ET = ET↔T . Moreover, for the
answer reasoning, it is critical to not only encode the characters and appearance in the image
(e.g., color, font, and background) but also take into consideration the spatial cues (e.g., layout and
location). For example, in Figure 2, the spatial relationship of “the foot on the ball” is an impor-
tant clue to answer the question. To tap the spatial cues, we build the spatial relationships of two
nodes (two object nodes in GV and two token nodes in GT ), i.e., spatial edge modeling. Taking
an edge ei→j from node ni to node nj as an example, the edge is assigned with spatial weights

as ei→j = [
x t l

i −xc
j

w j
,

yt l
i −yc

j

hj
,

xbr
i −xc

j

w j
,

ybr
i −yc

j

hj
, wi ∗hi

w j ∗hj
], where (x t l

i ,y
t l
i ) and (xbr

i ,y
br
i ) denote the top-left

and bottom-right coordinates of node ni ’s bounding box and (xc
j ,y

c
j ),w j , and hj denote the center

coordinate, width, and height of node nj ’s bounding box, respectively. Generally, due to the differ-
ent size of each node’s bounding box, the relationship (edge weights) of the paired bidirectional
edges are not equivalent, e.g., ei→j � ej→i .

3.1.3 Object Refinement. In a natural image scene, it is observed that visual objects are
relatively more abundant than scene texts. As mentioned above, we have detected M objects
and N OCR tokens, i.e., M = 100 and N = 50, to provide enough object and token features
for understanding images following References [25, 57]. As is well known, there are redundant
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objects such as overmuch similar objects covering the same subject in the image, and partial
objects are irrelevant to answering the question. In this part, we attempt to downscale the object
set in a question-driven manner. Specifically, we perform a similarity filtration scheme to obtain
the association between the objects and the question. The scheme first calculates the cosine
similarity matrix A and uses it to obtain a semantic difference representation SV = {svi

}Mi=1
between the question and each object as

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎩

A = Softmax(C (Q,V )) ∈ RLQ×M ;

ai =
∑LQ

j=1
ai jvi ∈ Rd ;

svi
=

Ws1
|vi − ai |2

‖Ws1
|vi − ai |2‖2

∈ Rp ,

(1)

where C(·) is cosine function, | · |2 and ‖·‖2 indicate element-wise square and L2-norm, and
Ws1
∈ Rp×d is a learnable parameter.

With the difference representation SV , we further predict the corresponding difference scores
˜SV = {s̃vi

}Mi=1 of objects to the question, where s̃vi
denotes the difference of objectvi to question Q.

Please note that a smaller s̃vi
represents a higher relevance. We rank and select the TopK relevant

objects with small scores. The process is formulated as follows:

⎧⎪⎨⎪⎩
˜SV = σ (Ws2

SV );

G′V = TopK(GV , ˜SV ) |K=N ,
(2)

where Ws2
is a learnable parameter and σ (·) is sigmoid function and we set the number K =

N to keep the numbers of objects and tokens consistent. As a result, the object graph G′V =
{V′,EV′↔V′ } is updated,V′ = {v ′i }Ni=1, and the token graph GT is unchanged.

3.2 Graph Pooling Inference

In TextVQA, numerous objects and tokens are detected in the image, but only a few are associated
with the answer. The phenomena of the dense distribution of reduplicative objects and associated
tokens are taken as a breakthrough point to help answer reasoning. This article proposes a graph
pooling inference that dynamically downsizes semantically closed nodes (i.e., superfluous objects
or relevant tokens) to narrow down the scope of answer inference. It involves three operations:
question-guided message passing, adaptive node dropping, and graph pooling.

3.2.1 Question-guided Message Passing. The task requires reasoning the answers referring to
a question, and thus we use the question semantics to assist in answer reasoning. Specifically, we
apply a self-attention mechanism to observe the question. The sentence semantics is integrated
by strengthening the semantics of important words in the question. Then, we obtain the sentence
embedding as follows:

q̃ =

LQ∑

i=1

Softmax(Wqqi ) · qi , (3)

whereWq is a learnable parameter.
The question-guided graph learning is performed on the graphs G′V and GT separately. Taking

the object graph G′V as an example, we calculate the relation matrix A ∈ RN×N for message passing

ACM Trans. Multimedia Comput. Commun. Appl., Vol. 20, No. 4, Article 112. Publication date: January 2024.
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between objects in G′V and then update node v ′i as follows:

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

α = Tanh
(
WeEV′↔V′ +Wq̃q̃

)
∈ RN×N ;

A = Softmax (Waα ) ∈ RN×N ;

M{v ′j }→v ′i
=
∑N

j=1
Wmai jv

′
i ;

ṽi =Wvv
′
i +WnM{v ′j }→v ′i

,

(4)

where {We ,Wq̃ ,Wa ,Wm ,Wv ,Wn } are learnable parameters. We obtain the updated object graph

G̃V , where Ṽ = {ṽi }Ni=1. Using the same implementation, we update the token graph G̃T , where

T̃ = {t̃i }Ni=1.

3.2.2 Adaptive Node Dropping. After the message passing, we obtain the explicit correlation of
all nodes. The nodes with similar weights tend to be densely distributed along with redundancy
or semantic association. We apply an adaptive node dropping strategy to downscale nodes for

purifying semantics. Taking the object graph G̃V again, we getZV , which reflects the importance
of the nodes {ṽi }. We manually regulate the dropping ratio γ to preserve the �γN 	 nodes with the
large values inZV and drop the rest:

⎧⎪⎨⎪⎩
ZV = Softmax

(
WzṼ

)
∈ RN×1;

G̃′V = TopK(G̃V ,Z) |K= �γ N 	 ,
(5)

whereWz is a learnable parameter.

3.2.3 Graph Pooling. To encapsulate the graph semantics for answer generation, we learn a
global graph vector to represent the purified semantics in the image. To achieve a comprehensive
graph representation, we implement both average pooling and max pooling on the node features

of graph G̃′v and obtain the дmean ∈ Rd and дmax ∈ Rd vectors. By combining them, we obtain the

final graph vector д ∈ R2×d :

д= [дmean ,дmax ]=
1

�γN 	

�γ N 	∑

i=1

ṽi | |Max
�γ N 	
i=1 ṽi , (6)

where Max(·) returns the channel-wise maximum value.

3.3 Dual-Path Graph Fusion

Since exploring the visual and linguistic properties of objects and scene texts is critical for answer
inference, we excavate cues in both objects and tokens. In this work, we emphasize mining the key
scene semantics on the premise of understanding the scene content with sufficient object and token
features. To this end, we design a dual-path hierarchical graph architecture that implements pro-
gressive graph learning to make a semantic purification of objects and OCR tokens and discover the
core semantics. In practice, our approach can effectively extract the semantics of key objects and
tokens, especially by eliminating object duplication and improving token semantic connectivity.

3.3.1 Hierarchical Object Graph. Under the application of object detectors [42], multiple bound-
ing boxes with inconsistent sizes cover the same subject, probably resulting in redundant objects,
e.g., duplicate boundary boxes cover the far right player in Figure 2. These similar and close ob-
jects are always accompanied by dense and significant relationship weights, and these cumulative
data biases may lead to a wrong answer prediction. To solve this issue, we apply an object-path
hierarchical graph pooling inference to make full use of visual cues and suppress redundant noise
by aggregating hierarchical graph semantics.

ACM Trans. Multimedia Comput. Commun. Appl., Vol. 20, No. 4, Article 112. Publication date: January 2024.
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Specifically, we perform the hierarchical graph pooling learning on object graph G′V with L
steps. First, to facilitate the description of the hierarchical graph architecture, we denote the three
operations in Equations (4), (5), and (6) as GPI(·) function. The effect of GPI(·) is to drop superfluous
nodes and encapsulate the graph semantics. At the lth graph layer, we perform GPI(·) on the previ-

ous graph G̃ (l−1)
V to obtain the current graph G̃ (l )

V , and the final graph vector is obtained as follows:

д(l )
V = GPI

(
G̃ (l−1)
V

)
∈ R2×d , (7)

Please note that at the initial stage, we set G̃ (1)
V = G̃′V , and at the Lth layer, we perform GPI(·)

without adaptive node dropping operation.

After L layers graph pooling inference, we obtain a series of graph vectors д(1)
V ,д

(2)
V , . . . ,д

(L)
V ,

which represent the important objects of each graph layer. Here, we introduce a multi-layer se-
mantic aggregation operation that enables the model to harness contextual information across dif-
ferent layers. This approach reinforces the semantic representation of significant visual elements
and serves to mitigate graph over-smoothing [7]. Finally, all of them are fused into a global vector
д̃V ∈ Rd to represent the purified semantics of objects:

д̃V =W
v
1
д(1)
V +W

v
2
д(2)
V + · · · +W

v
L д(L)
V , (8)

where {W v
1
,W v

2
, . . . ,W v

L }∈Rd×2d are learnable weights.

3.3.2 Hierarchical Token Graph. The OCR tokens output by current OCR systems [5, 38] have
different distribution characteristics from objects; each scene text is detected as a single OCR to-
ken and they are always distributed discretely in the image, but semantically similar tokens are
distributed in close proximity [49]. If a phase or a sentence is composed of several tokens, then it
is necessary to gather the semantics of isolated tokens together to understand the entire meaning,
such as “samsung mobile” in Figure 2. We apply a token-path graph pooling inference to learn
semantically similar tokens and gradually locate the answer tokens by reducing the graph scale.

Same as the object graph, we perform the graph learning on G̃T with L steps and set G̃ (1)
T = G̃T .

Similarly, we obtain graph vectors д(1)
T ,д

(2)
T , . . . ,д

(L)
T , and fuse them into a global vector д̃T ∈ Rd

to represent the critical OCR token semantics.

3.3.3 Dual-Path Graph Fusion. Leveraging single objects or OCR tokens is insufficient to
comprehend the scene text for answer prediction. As the above, it is necessary to aggregate the
informative cues of objects and tokens. Finally, we combine both graph vectors into a joint graph
vector д̃ ∈ R2×d ,

д̃ =
[
W v

д д̃V ,W
t

д д̃T
]
∈ R2×d , (9)

where {W v
д ,W t

д } are learnable parameters.

3.4 Answer Generation and Model Optimization

3.4.1 Answer Decoder. Following References [25, 37], the answer decoder is composed of a four-
layer transformer block and two classifiers—an object classifier ψobj and an OCR token classifier

ψtk . We concatenate the question Q, the nodes of Ṽ and T̃ , the graph embedding д̃, and a hidden
state o ∈ Rd and input them into the transformer block as follows:

[Qt+1,Vt+1,Tt+1, д̃t+1,ot+1] =Ψ ([WqQt ,WvVt ,WtTt ,Wдд̃t ,Woot ]), (10)

where {Wq ,Wv ,Wt ,Wд ,Wo } are learnable parameters. The hidden state o0 is initialized by

the positional embedding [25], and where the initialization of V0 = Ṽ , T0 = T̃ , and д0 = д̃.
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By iteratively performing the transformer block LA times, we obtain the generated sequence
O = [o1, . . . ,oLA ] ∈ RLA×d .

At the t th decoding step, the classifierψobj is optimized to predict the probability scoreyobj
t over

a preset object vocabulary. The classifierψtk calculates the relevance score ytk
t of ot and the OCR

token Tt . We implement the Argmax function on yobj
t and ytk

t to predict the word yt . The details
are as follows:

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

yobj
t = ψobj (ot ) =W1ot + b1;

ytk
t = ψtk (Tt ,ot ) = (W2Tt + b2)
 (W3ot + b3);

yt = Argmax([yobj
t ,y

tk
t ]),

(11)

where {W1,W2,W3} are learnable weights and {b1, b2, b3} are bias parameters. LA is the length of
answer. Thus, the generated answer is represented as Y = {y1, . . . ,yLA }.

3.4.2 Model Optimization. For the network training, apparently, the answer prediction can be
regarded as a multi-label classification problem with the classifierψobj and the classifierψtk . Binary
cross-entropy loss function Lbce is suitable for multi-label classification and has been widely used
in the TextVQA task [25, 37]. Besides, since the completely correct answers are too strict to be
predicted, a new auxiliary policy gradient loss Lpд based on Average Normalized Levenshtein

Similarity (ANLS) [3] is introduced for model optimization. ANLS measures the character-level
composition similarity between the predicted answer and the ground truth,

ANLS (Y, Ỹ ) = 1 − NL(Y, Ỹ )

max ( |Y |, |Ỹ |)
, (12)

where NL(·) is the normalized Levenshtein distance [31]. If it is less than 0.5, then ANLS is set to
0 in this task following the practice in Reference [3].

We detail the objective terms Lbce and Lpд . The total objective is formulated as follows:

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

Lbce = −Ỹ log(σ (Y )) − (1 − Ỹ ) log(1 − σ (Y ));

Lpд = − log(σ (Y )) · ANLS(Y, Ỹ );

L = Lbce + λLpд ,

(13)

where Ỹ denotes the ground-truth answer and λ is a tradeoff hyperparameter.

4 EXPERIMENT

4.1 Datasets and Metrics

Datasets. We experiment on two benchmark datasets. (1) TextVQA [44] is collected from large-scale
Open Images v3 [29] dataset, which contains 28,408 images and 45,336 questions. It is split into the
train/valid/test sets with questions 34,602/5,000/5,734. In this dataset, questions are interested in
visual objects or scene texts in the images. In particular, up to 39% (approximately 18,000 QA pairs)
of answers do not involve any OCR token. (2) ST-VQA [3] is a mixed dataset; the images is selected
from six datasets for the tasks of VQA, object detection, image captioning, scene text recognition,
scene text retrieval, and text detection—VizWiz [19], ImageNet [9], Visual Genome [30], COCO-
Text [47], IIIT Scene Text Retrieval [41], and ICDAR 2013/2015 [27, 28]. Following the protocol
[25, 56], we experiment on the open dictionary task of the ICDAR ST-VQA Challenge,1 containing
21,892 images and 30,144 questions and being divided into the train/valid/test sets with images
17,028/1,893/2,971 [25]. Different from the TextVQA dataset, the ST-VQA dataset emphasizes the

1ICDAR ST-VQA Challenge: https://rrc.cvc.uab.es/?ch=11&com=tasks
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Table 1. Main Comparison on TextVQA Dataset

Method Venue OCR System Extra Data Val Acc Test Acc

Attention-based models

LoRRA [44] CVPR’2019 Rosetta-ml — 26.56 27.63

SSBaseline [63] AAAI’2021 SBD-Trans — 43.95 44.72

SSBaseline [63] AAAI’2021 SBD-Trans ST-VQA 45.53 45.66

Transformer-based models

M4C [25] CVPR’2020 Rosetta-en — 39.40 39.01

M4C [25] CVPR’2020 Rosetta-en ST-VQA 40.55 40.46

LaAP-Net [20] COLING’2020 Rosetta-en — 40.68 40.54

LaAP-Net [20] COLING’2020 Rosetta-en ST-VQA 41.02 40.54

PAT [60] ACM MM’2022 Google-OCR — 42.80 43.41

Representation Learning-based models

BOV [57] ACM MM’2022 SBD-Trans — 44.87 45.63

BOV [57] ACM MM’2022 SBD-Trans ST-VQA 46.24 46.96

Graph-based models

MM-GNN [15] CVPR’2020 Rosetta-ml — 31.44 31.10

CRN [37] ACM MM’2020 Rosetta-en — 40.39 40.96

SA-M4C [26] ECCV’2020 GoogleOCR — 43.90 —

SA-M4C [26] ECCV’2020 GoogleOCR ST-VQA 45.40 44.60

TIG [35] PR’2021 Rosetta-en — 40.45 —

SMA [14] TPAMI’2021 SBD-Trans — 43.74 44.29

SMA [14] TPAMI’2021 SBD-Trans ST-VQA 44.58 45.51

SSGN [62] TIP’2023 Microsoft-OCR ST-VQA 46.85 47.16

GPIN (Ours) — Rosetta-en — 42.20 42.00

GPIN (Ours) — SBD-Trans — 45.70 46.53

GPIN (Ours) — SBD-Trans ST-VQA 47.38 47.24

GPIN (Ours) — Microsoft-OCR — 46.61 47.43

GPIN (Ours) — Microsoft-OCR ST-VQA 48.12 48.12

Pe-training technologies2

TAP∗ [56] CVPR’2021 Microsoft-OCR ST-VQA 50.57 50.71

TAP∗ [56] CVPR’2021 Microsoft-OCR Multi-Source 54.71 53.97

LOGOS† [40] ICCVW’2021 Microsoft-OCR VG 50.79 50.65

LOGOS† [40] ICCVW’2021 Microsoft-OCR ST-VQA, VG 51.53 51.08

LaTr-Base� [2] CVPR’2022 Amazon-OCR IDL 58.03 58.86

Bold and underline indicate the best and second-best results among the non-pre-trained models,

respectively.

questions that have to be answered with scene texts. In other words, answering a question in
TextVQA requires a thorough understanding of all scene text of an image, whereas ST-VQA relies
on OCR tokens.
Evaluation Metrics. We adopt the accuracy (Acc) and the ANLS as metrics, where ANLS is primarily
proposed for dataset.

4.2 Implementation Details

Following the previous work [25, 56], we use the pre-trained BERT [10] to extract textual features
of the question and Faster R-CNN [42] to detect objects in the image. Each detected object
obtains appearance feature va

i ∈ R
2048 and boundary box feature vb

i ∈ R
4. They are encoded

by a separate fully connected layer and then added into the initial object feature vi ∈ R768, i.e.,
vi =W v

f1

(va
i )+W v

f2

(vb
i ), whereW v

f1

andW v

f2

are fully connected layers. As for OCR detection, each

OCR token output by OCR systems [5, 38] consists of four aspects, i.e., FastText feature tf
i ∈ R

300 [4],
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Table 2. Main Comparison on ST-VQA Dataset

Method Venue OCR System Extra Data Val Acc Val ANLS Test ANLS

Attention-based models

SSBaseline [63] AAAI’2021 SBD-Trans — — — 0.509

SSBaseline [63] AAAI’2021 SBD-Trans TextVQA — — 0.550

Transformer-based models

M4C [25] CVPR’2020 Rosetta-en — 38.05 0.472 0.462

LaAP-Net [20] COLING’2020 Rosetta-en — 39.74 0.497 0.485

PAT [60] ACM MM’2022 GoogleOCR — 41.10 — 0.508

Representation learning-based models

BOV [57] ACM MM’2022 Rosetta-en - 40.18 0.500 0.472

Graph-based models

CRN [37] ACM MM’2020 Rosetta-en — — — 0.483

SA-M4C [26] ECCV’2020 GoogleOCR — 42.23 0.512 0.504

TIG [35] PR’2021 Rosetta-en — 41.52 0.516 0.505

SMA [14] TPAMI’2021 Rosetta-en — — — 0.486

SSGN [62] TIP’2023 Microsoft-OCR TextVQA 48.81 0.589 0.573

GPIN (Ours) — Rosetta-en — 41.55 0.520 0.508

GPIN (Ours) — SBD-Trans — 42.58 0.530 0.513

GPIN (Ours) — SBD-Trans TextVQA 45.50 0.563 0.553

GPIN (Ours) — Microsoft-OCR — 47.26 0.570 0.562

GPIN (Ours) — Microsoft-OCR TextVQA 50.13 0.598 0.587

Pe-training technologies2

TAP∗ [56] CVPR’2021 Microsoft-OCR — 45.29 0.551 0.543

TAP∗ [56] CVPR’2021 Microsoft-OCR Multi-Source 50.83 0.598 0.597

LOGOS† [40] ICCVW’2021 Microsoft-OCR VG 44.10 0.535 0.522

LOGOS† [40] ICCVW’2021 Microsoft-OCR TextVQA, VG 48.63 0.581 0.579

LaTr-Base� [2] CVPR’2022 Amazon-OCR IDL 58.41 0.675 0.668

Bold and underline indicate the best and second-best results among the non-pre-trained models, respectively.

pyramidal histogram of characters feature t
p
i ∈ R

604 [1], appearance feature ta
i ∈ R

2048, and bound-

ing box feature tb
i ∈ R

4. All the features are encoded by a separate fully connected layer and then

added to obtain the initial OCR token feature ti ∈ R768, i.e., ti =W t
f1

(tf
i )+W t

f2

(t
p
i )+W t

f3

(ta
i )+W t

f4

(tb
i ),

whereW t
f1

,W t
f2

,W t
f3

, andW t
f4

are fully connected layers. The unified feature dimension is set to d

= 768. For both TextVQA and ST-VQA datasets, each question is truncated to a length of LQ = 20
words. For each image, we detect N= 50 OCR tokens and M=100 objects with high probabilities.

For model implementation, following the practice in Reference [37], a two-layer transformer
with 12 heads is performed as the feature encoder in Section 3.1.1, and a four-layer transformer
with 12 heads is applied as the answer decoder in Section 3.4.1. For the object refinement in
Section 3.1.3, the dimension of difference representation is set to p = 256, and we downscale the
size of the object set into N = 50. For the graph pooling inference in Section 3.3, we set the layer
number of graph pooling L = 3 and the dropping ratio to γ = 40%. Besides, we set the step number
of answer decoding to LA = 12. As for model optimization, we adopt the Adam optimizer with

2Symbol * denotes training the model with three pre-training tasks, i.e., MLM (masked language modeling), ITM (image-

text matching), and RPP (relative position prediction) tasks. Symbol † denotes training the model with a question-visual

grounding task. Symbol � denotes training the model with a layout-aware de-noising pre-training task, which includes the

two-dimensional spatial embedding. Multi-Source is the combination of TextVQA, ST-VQA, TextCaps, and non-public OCR-

CC [56] datasets. VG denotes the Visual Genome dataset [30]. IDL3 denotes the industrial document library, which produces

about 13M documents, translating to about 64M pages of various document images. According to statistics [33], pre-training

models need roughly 70 times as much training data and 20 times as much training time as non-pre-training models.
3Industrial Document Library: https://www.industrydocuments.ucsf.edu/

ACM Trans. Multimedia Comput. Commun. Appl., Vol. 20, No. 4, Article 112. Publication date: January 2024.

https://www.industrydocuments.ucsf.edu/


112:12 S. Zhou et al.

Table 3. Ablation Studies of Different Graph Structures

on TextVQA Dataset

Method Val Acc Test Acc

Backbone 45.38 46.35
Backbone w/ OR (Object Refinement) 45.85 46.65

+ OG (Object Graph) 46.45 47.39
+ TG (Token Graph) 47.89 47.80
+ OTG (Object-Token Interactive Graph) 46.33 46.36

GPIN (Ours) 48.12 48.12

Bold represents the result of the best-performing variant.

the learning rate of 1e-4 and the tradeoff loss parameter is set to λ = 1. We multiply the learning
rate by 0.1 at 10,000 and 21,000 iterations for a total of 24,000 iterations.

4.3 Comparison with the States of the Art

4.3.1 Results on TextVQA. In Table 1, our method achieves promising performance compared
with the state-of-the-art methods. Compared with the optimal attention-based model SSBaseline

[63], the proposed GPIN exceeds it by 1.85% on Val Acc and 1.58% on Test Acc. Compared with
the top transformer-based model PAT [60], GPIN improves by 4.58% on Val Acc and 3.83% on
the Test Acc. Since our method is a graph-based model, we compare it with the best-performing
graph model SSGN [62]; obviously, ours has an absolute advantage of 1.27% on Val Acc. Among
these methods without pe-training technologies, the state-of-the-art performance is reported by
a representation learning-based model BOV [57], GPIN also surpasses it by 0.90% on Test Acc,
achieving the best. In addition, the performance of GPIN can be further improved when stronger
pre-training tasks and more training data are introduced.

4.3.2 Results on ST-VQA. ST-VQA dataset is complex and challenging as it involves six datasets
covering completely different text scenes and tasks. In this dataset, OCR tokens are frequently
taken as the answers to the questions, this requires recognizing and understanding scene texts
more accurately. Our method shows a significant superiority in this dataset. In Table 2, when
merely using Microsoft-OCR4 without extra data, GPIN already upgrades 1.97% of Acc and 0.019
of Test ANLS compared with the pe-training model TAP [56], where TAP uses a quite large-scale
training data for improving performance. When further adding the TextVQA data, GPIN reaches
50.13%/0.598/0.587 on Val Acc/Val ANLS/Test ANLS.

4.4 Ablation Studies

4.4.1 Different Graph Structures. We consider different graph structures in Table 3, i.e., single
object graph (OG), single token graph (TG), object-token interactive graph (OTG), and our
GPIN (the combination of OG and TG). In OTG, the intra-object and intra-token relationship are
not considered, while it considers the relationship between object and OCR token. We fix Backbone

w/ OR as the base model, which improves by 0.47% on Val Acc on the basis of Backbone. Either OG

or TG improves the performance compared with Backbone w/ OR. Notably, TG brings conspicuous
improvement, increasing 2.04% on Val Acc. Besides, to demonstrate the effect of our dual-path
graph architecture, we compare the interactive OTG and GPIN; GPIN is significantly increased
by 1.79% on Val Acc. Since objects and tokens have each characteristic, it indicates that dual-path
graph fusion plays more nontrivial roles than interactive correlation learning.

4Microsoft-OCR API: https://azure.microsoft.com
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Table 4. Ablation Studies of Graph Pooling Inference Abbreviated as GPI (Including both

Adaptive Node Dropping and Graph Pooling) on TextVQA and ST-VQA Datasets

Method

TextVQA ST-VQA

w/o GPI w/ GPI w/o GPI w/ GPI

Val

Acc

Test

Acc

Val

Acc

Test

Acc

Val

Acc

Val

ANLS

Test

ANLS

Val

Acc

Val

ANLS

Test

ANLS

OG (Object Graph) 45.88 46.70 46.45 47.39 46.54 0.571 0.552 48.13 0.581 0.575
TG (Token Graph) 46.98 46.79 47.89 47.80 47.72 0.578 0.566 49.32 0.589 0.581
GPIN (Both Graphs) 47.11 47.09 48.12 48.12 48.56 0.583 0.573 50.13 0.598 0.587

Bold represents the result of the best-performing variant.

Table 5. Ablation Studies of Adaptive Node Dropping on

TextVQA and ST-VQA Dataset

Method
TextVQA ST-VQA

Val Acc Test Acc Val Acc Val ANLS Test ANLS

w/ random 46.68 46.84 48.60 0.585 0.575
w/o adaptive 47.03 47.05 49.85 0.591 0.582
GPIN (Ours) 48.12 48.12 50.13 0.598 0.587

Bold represents the result of the best-performing variant.

4.4.2 Graph Pooling Inference. In Table 4, we test whether we need the graph pooling infer-

ence (GPI) on TextVQA and ST-VQA datasets. The variant w/o GPI denotes the setting of the
hierarchical graph model without adaptive node dropping and graph pooling operations, i.e., three-
layer fully connected graph. On TextVQA dataset, for the single OG, the setting of w/ GPI improves
the Test Acc by 0.69% over w/o GPI, and the single TG can improve 1.01% on Test Acc. By combining
them, the performance is also consistently and steadily improved by 1.03% on Test Acc. Besides,
on the ST-VQA dataset, in OG, w/ GPI improves by 1.59% on Val Acc over w/o GPI, and in TG, it
can improve by 1.60% over Val Acc. Furthermore, the performance of our GPIN improves by 1.57%
over Val Acc. These results on both datasets show that our graph pooling inference could suppress
visual noise in reasoning by dynamically discarding superfluous nodes.

4.4.3 Adaptive Node Dropping. To verify the validity of the adaptive node dropping strategy,
we compare random node dropping and our adaptive node dropping in graph pooling inference.
In Table 5, w/ random is conducted to take random node dropping operation to replace the adap-
tive node dropping operation of GPIN; w/o adaptive is supplemented to test the variant of GPIN
without the adaptive node dropping operation, i.e., a three-layer fully connected graph with graph
pooling operation. Compare with w/ random, our GPIN performs obviously better by lifting Val Acc

with 1.44% and 1.53% on TextVQA and ST-VQA datasets, respectively. Compared with w/ random,
w/o adaptive improves 0.35%/0.21% over Val Acc/Test Acc of TextVQA. The results show that the
arbitrary deletion of nodes may result in the loss of important visual elements. Besides, we test
dropping ratio γ . As shown in Table 6, γ = 40% is the optimal setup. This indicates neither too-large
nor too-small γ is inappropriate for node dropping. When γ is large, redundant nodes along with
some useful nodes are dropped, whereas when it is small, redundant nodes are not pruned enough.

4.4.4 Hierarchical Graph Layers. We test the effect of each graph layer in Table 7. Among single

graph layers, w/ д(1) , w/ д(2) , and w/ д(3) denote the obtained graph vector in the respective three

graph layers. Among them, the result of w/ д(2) is the best, reaching 47.41% on Val Acc and 47.71%

on Test Acc. When merely w/ д(1) is available, there may be a lot of redundant noise interfering

with answer reasoning. When only setting w/ д(3) , it may result in insufficient visual cues. We
further test them in pairs, and the overall performance is further improved. When superimposing
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Table 6. Ablation Studies of Node Dropping Ratio γ on

TextVQA and ST-VQA Datasets

γ
TextVQA ST-VQA

Val Acc Test Acc Val Acc Val ANLS Test ANLS

20% 47.33 47.09 49.91 0.596 0.584
40% 48.12 48.12 50.13 0.598 0.587
60% 47.87 47.69 50.01 0.596 0.588

80% 47.26 47.36 49.65 0.587 0.587

Bold represents the result of the best-performing variant.

Table 7. Ablation Studies of Hierarchical Graph Layers on

TextVQA Dataset

Method l=1 l=2 l=3 Val Acc Test Acc

w/ д(1) � — — 47.11 47.18

w/ д(2) — � — 47.41 47.71

w/ д(3) — — � 46.49 47.11

w/ д(1)&д(2) � � — 47.56 47.78

w/ д(2)&д(3) — � � 47.88 47.72

GPIN (д(1)&д(2)&д(3) ) � � � 48.12 48.12

Table 8. Ablation Studies of Graph Pooling Operation on

TextVQA Dataset

Method дmean дmax Val Acc Test Acc

w/ дmax — � 47.63 47.83
w/ дmean � — 47.58 47.59

GPIN (дmean&дmax ) � � 48.12 48.12

Table 9. Comparison of Graph Attention and Cross Attention in

Question-guided Message Passing on TextVQA and ST-VQA Datasets

with Microsoft-OCR System

Method
TextVQA ST-VQA

Val Acc Test Acc Val Acc Val ANLS Test ANLS

cross-attention 46.60 46.53 48.56 0.574 0.562
GPIN (graph attention) 48.12 48.12 50.13 0.598 0.587

multiple layers, the model can fully mine visual cues and suppress the interference of redundancy,
reaching the optimum performance.

4.4.5 Graph Pooling Operation. We test the effect of graph pooling operations in Table 8. Com-
pared with GPIN w/o GPI in Table 4, there is a performance boost when either average pooling w/
дmean or max pooling w/ дmax operation is performed. When both operations are applied simul-
taneously, the performance improvement is greatest. Compared with w/o дmax , GPIN increases
by 0.49% on Val Acc and 0.29% Test Acc, respectively. Compared with w/o дmean , GPIN improves
by 0.54% on Val Acc and 0.53% Test Acc. The possible reason is that average pooling helps gather
semantics of the neighbors and their adjacency around the nodes; max pooling emphasizes the
role of salient semantics in the node features. Our method considers both node characteristics and
their adjacency semantics to achieve the optimal benefits.
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Table 10. Performance of GPI under Different Number Settings

of Objects and OCR Tokens with Microsoft-OCR Features

on TextVQA Dataset

Method
w/o GPI w/ GPI

Val Acc Test Acc Val Acc Test Acc

M = 40, N = 20 46.10 46.23 46.75 46.89
M = 60, N = 30 46.48 46.63 47.09 47.13
M = 80, N = 40 46.82 46.89 47.43 47.62
M = 100, N = 50 (Ours) 47.11 47.09 48.12 48.12

Fig. 3. Visualization of answer prediction. Layer 1→ 2→ 3 denotes three graph layers. The results display

that our model progressively encapsulates the relevant semantics in either the object graph or token graph

for predicting correct answers.
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Fig. 4. Visualization of GPI. The comparison shows that the GPI module can remove redundant nodes and

establish a more explicit relationship in the graph for answer reasoning.

4.4.6 Question-guided Message Passing. We conduct experiments to compare graph attention
and cross-attention [6]. In Table 9, cross-attention denotes the variant of GPIN where the question-
guided message passing operation is replaced by cross-attention [6]. Specifically, we calculate the
cross-attention between the question and objects (tokens) to update the object (token) features.
Compared with cross-attention, our graph attention has an improvement of 1.52%/1.59% on Val

Acc/Test Acc of TextVQA and 1.57%/0.024/0.025 on Val Acc/Val ANLS/Test ANLS of ST-VQA. The
results show that graph attention performs better than cross-attention for relational learning.

4.4.7 Different Object and Token Number Setting. To demonstrate the effectiveness of our
method, we conduct ablation experiments on graph pooling inference with four sets of objects
M and OCR tokens N number settings, i.e., M= 40, 60, 80, and 100; N= 20, 30, 40, and 50. We
conclude the following two conclusions: (1) Sufficient object and token features are beneficial to
improve the visual understanding ability of the model. As shown in Table 10, among the four vari-
ants of w/ GPI, compared to the setting “M = 40, N = 20”, the performance of M = 100, N = 50”
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Fig. 5. Visualization of dual-path graph fusion. We discuss single OG, single TG, and GPIN (dual-path). The

results demonstrate that the object graph and token graph are complementary for answer prediction.

exhibits an improvement of 1.37% on the val set and 1.23% on the test set. (2) Our GPI exhibits
effectiveness across various object and token number settings. In Table 1, when setting “M = 40,
N = 20”, compared with w/o GPI, w/ GPI improves 0.65% on the val set and 0.66% on the test set.

4.5 Visualization Analysis

4.5.1 Answer Prediction. We select two samples separately from TextVQA and ST-VQA datasets.
As an example (a) in Figure 3, both the object graph and token graph pay more attention to the
correct answer “3.50” even though it appears in the image at an extremely small size. Turning to
example (b), the object graph pays attention to the scene text “banana”, while the token graph
focuses on “99”. Both “banana” and “99” are strongly relevant to the question. Under the joint
semantics, GPIN predicts the correct cents “99”.

4.5.2 Graph Pooling Inference. We compare GPIN w/o GPI and GPIN in Figure 4 to display the
effect of graph pooling inference. For GPIN w/o GPI, redundant objects determine the highly re-
sponsive region (the car head), while relatively average relationships among OCR tokens lead to
attending on words “facebook” and “yes you”. In contrast, GPIN effectively drops redundant nodes
and makes the relationship in the graph more explicit for answer prediction. Both object and token
graphs consistently highlight “yes you do”.

4.5.3 Adaptive Node Dropping. As shown in Figure 3 again, redundant objects are strictly
pruned with the dropping ratio γ (N = 50→20→8). However, OCR tokens are to be pruned flexibly.
A fact is that the maximum number of OCR tokens output by the OCR system is N = 50. Actually,
the initial token number may be much less than 50 as shown in Figure 3(a) and (b). We fill the token
with “null” nodes up to 50 nodes and then count the relevant nodes. When adaptively dropping
the nodes, the number of OCR tokens is dynamic.

4.5.4 Dual-Path Graph Fusion. At last, we test the dual-path graph structure in Figure 5. Given
a question “can you enter this gate?”, the single OG attends to the visual object “gate” and answers
“yes”. As for the single TG, it observes the word “enter” and answers “yes”. However, our dual path
GPIN predicts the correct answer “do not enter”, owing to the OG pays attention to visual symbol
“stop” and the TG attends scene texts “do not”.

5 CONCLUSION

In this article, we propose a novel GPIN for TextVQA. We develop a dynamical evolutionary graph
learning model that progressively and adaptively purifies the visual content to dig out the core
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semantics for answer reasoning. We evaluate GPIN on two benchmark datasets and conduct ex-
tensive ablation studies to demonstrate the validity of our model. Experimental results show the
superiority of our method over the state-of-the-art models.
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