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Abstract

Compositional visual question answering (Compositional
VQA) needs to provide an answer to a compositional ques-
tion, which requires the model to have advanced capabilities
of multi-modal semantic understanding and logical reason-
ing. However, current VQA models mainly concentrate on
enriching the visual representations of images and neglect the
redundancy in the enriched information to bring some neg-
ative impacts. To enhance the value and availability of se-
mantic features, we propose a novel core-to-global reasoning
(CTGR) model for compositional VQA. The model first ex-
tracts both global features and core features from image and
question through a feature embedding module. Then, to en-
hance the value of semantic features, we propose an informa-
tion filtering module to align visual features and text features
at the core semantic level and to filter out the redundancy car-
ried by image and question features at the global semantic
level, which can further strengthen cross-modal correlations.
Besides, we design a novel core-to-global reasoning mecha-
nism for multimodal fusion, which integrates content features
from core learning and context features from global features
for accurate answer predictions. Finally, extensive experi-
mental results on GQA, GQA-sub, VQA2.0 and Visual7W
demonstrate the effectiveness and superiority of CTGR.

Introduction

Compositional Visual Question Answering (Compositional
VQA) refers to answering a compositional question based
on image content, which contains various visual concepts
such as objects, attributes, and relationships (Antol et al.
2015). As shown in Fig.1, the key to answering the composi-
tional question is not only to understand the color of the cur-
tain as white, but also to understand the spatial relationship
between the chair and the curtain (Zerroug et al. 2022; Shen,
Inoue, and Shinoda 2024). Compared to general VQA (Wu
et al. 2017; Schwenk et al. 2022), compositional VQA re-
quires models that can deeply mine multiple visual concepts
and generate accurate answers for a challenging question.
Due to the advantage of spatial and semantic understanding,
the compositional VQA can be used in various fields, such
as intelligent assistants, smart homes, and automatic driving
(Barra et al. 2021; Andreas et al. 2016).
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Figure 1: (a) An example of compositional VQA. (b) The
visualization of the model’s attention with different semantic
values by filtering image and question features.

In literature, compositional VQA methods fall into two
categories(Jing et al. 2022b): modular-based and holistic-
based models. Modular-based methods (Chen et al. 2021;
Shi, Zhang, and Li 2019) divide the VQA model into distinct
modules according to the input question, and construct a dy-
namic neural modular network (NMN) with the semantic
symbols for reasoning. For example, Andreas ef al. (Andreas
et al. 2016) decomposed the input question into linguistic
substructures, such as objects, relations, attributes, etc., and
then dynamically instantiated modular networks for reason-
ing based on these substructures. Most of them focus on the
generalization and explainability of visual reasoning based
on NMN (Xue, Qian, and Xu 2023). Holistic-based mod-
els (Jing et al. 2022a, 2020; Zhang et al. 2021) use a single
model, such as graph neural network (GNN), for different
inputs to learn multiple semantic features to achieve infer-
ence. For example, Hu ef al. (Hu et al. 2019) constructed a
GNN with objects in the scene as nodes and learned contex-
tual features for inference by message passing.

However, most VQA models focus on enriching im-
age representations without checking whether all enriched
features are necessary to reason about the answer or not
(Nguyen et al. 2022). Except for the core predicate seman-
tics (e.g., object, relations, and attributes in images and ques-
tions), the enriched features still contain a large amount of



redundant information, which weakens the semantic value of
image features and exacerbates the difficulty of multimodal
semantic alignment. Figure 1(b) shows the visualization of
the model’s attention with different semantic values by fil-
tering image and text features. We can find that even with
enriched representations of image and question, the model
is hard to accurately locate the visual regions related with
the answer due to the interference of redundant information,
therefore increasing inference difficulty and uncertainty (as
shown in the left of Fig.1(b)). By removing redundant in-
formation from text or image features, the model more eas-
ily establishes the relations between core words and visual
regions, improving the accuracy and reliability of model
prediction (as shown in the middle and right of Fig.1(b)).
To refine the semantic features of images, Nguyen et al.
(Nguyen et al. 2022) proposed a framework based on the
Faster RCNN network to extract some key semantic fea-
tures like objects, relationships, and attributes in images,
and constructed a coarse-to-fine reasoning, effectively im-
proving the compositional VQA performance. However, the
semantic features they extracted still contain some noises,
which limits the model’s reasoning ability. Actually, both
questions and images contain considerable redundant infor-
mation in compositional VQA, which becomes one of the
causes of the semantic gaps in multimodal understanding
(Xue, Qian, and Xu 2023; Wang et al. 2023).

To tackle the above challenges, we propose a novel Core-
To-Global Reasoning (CTGR) framework for compositional
VQA. Our CTGR mines core semantic features to enrich im-
age and question representations, aligns and filters semantic
features to reduce redundancy, and achieves core-to-global
reasoning for efficient multimodal semantic fusion. Specifi-
cally, to obtain core semantic features, we first extract ques-
tion predicates through a stop-word filter and extract object,
attribute, and relationship features for images through an
improved scene graph generation (SGG) framework. Then,
to enhance the semantic value of core features, we design
an information filtering module for feature refinement. The
visual core features will be aligned with the text core fea-
tures via a semantic alignment mechanism. And the unnec-
essary information will be filtered out from global features
of questions and images. Besides, we propose a novel core-
to-global learning to extract content and context features for
multimodal information fusion and prediction. Finally, our
model achieves 0.80%, 2.44%, 0.80% and 0.40% perfor-
mance improvement on the GQA, GQA-sub, VQA2.0 and
Visual7W datasets, respectively. Our main contributions can
be summarized as follows:

¢ We introduce an effective framework to extract hierarchi-
cal semantics from question and image, including global
and core features, which provide rich representations for
model learning.

We design an information filtering mechanism to en-
hance the semantic value of features, which promotes
core semantic alignment between different modalities
and removes redundant information from global features.

We propose a core-to-global learning approach to fuse
multimodal information, which learns content informa-
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tion from the core level and context information from the
global level for answer predictions.

Related Works

VQA. It is crucial for VQA to extract meaningful features
from images and texts for multi-modal fusion. Grid fea-
tures(Jiang et al. 2020), BUTD features(Anderson et al.
2018), and object features (Nguyen et al. 2019) are usu-
ally used to extract image representation in VQA models.
BERT (Devlin et al. 2018) and Glove (Pennington, Socher,
and Manning 2014) are used to convert words or sentences
in questions into vector features. Recently, Chen et al. (Chen
et al. 2020) takes the large-scale pre-training models for
image-text representation. For multimodal fusion, the atten-
tion mechanism is widely applied in various VQA models
to obtain joint embeddings of images and questions. For ex-
amples, Kim et al. (Kim, Jun, and Zhang 2018) proposed
the bilinear attention mechanism to fully utilize the visual-
linguistic information and learn their interactions. Besides,
some VQA models are dedicated to exploring the rela-
tions between visual regions and words in questions, such
as through message passing, pairwise relationship modeling
(Cadene et al. 2019), adversarial learning (Li et al. 2021).
Compositional VQA. Compositional VQA needs to gen-
erate an answer for a given compositional question based on
the image content(Chen et al. 2021; Andreas et al. 2016).
The compositional VQA models can be divided into two
categories: holistic-based (Hu et al. 2019; Jing et al. 2022a,
2020; Zhang et al. 2021; Yang et al. 2020; Yu et al. 2019)
and modular-based models (Andreas et al. 2016; Chen et al.
2021; Shi, Zhang, and Li 2019). The holistic-based mod-
els tend to build a unified multimodal fusion framework, of-
ten employing the graph neural network or attention mecha-
nism for training and inference. Hudson et al. (Hudson and
Manning 2019a) proposed an NSM model, which performed
sequential inference on a probabilistic scene graph and
achieved multi-hop reasoning for predictions. The modular-
based models consist of various modules, which mainly re-
flect the reasoning structure implicit in the question. An-
dreas et al. (Andreas et al. 2016) decomposed the ques-
tions into language substructures and dynamically gener-
ated modular networks for inference. On this basis, Chen
et al. (Chen et al. 2021) proposed an IoU-based Kullback-
Leible divergence model to provide additional supervisory
information for keeping the reasoning on track. Besides, the
consistency in compositional VQA attracted the attention of
some researchers(Ribeiro, Guestrin, and Singh 2019; Ray
et al. 2019). Jing et al. (Jing et al. 2022b) generated a series
of sub-questions for each question on GQA dataset to test
the model’s reasoning ability for compositional questions.

Method
Model Overview

Figure 2 illustrates an overview of the proposed core-to-
global reasoning framework for compositional VQA. The
framework takes a question and an image as inputs, and con-
sists of three modules: feature embedding module, informa-
tion filtering module, and multimodal fusion and inference
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Figure 2: The framework of CTGR model. It consists
module, and multimodal fusion and inference module.

module. In the feature embedding module, image features
and visual core features are extracted through an improved
SGG framework, while question features and text core fea-
tures are derived using a question embedding framework.
The core features include object, attribute, and relationship
features in both question and image. The information filter-
ing module is adopted to enhance the semantic value of vi-
sual and text representations, including visual core features
alignment, image features filtering, and question features fil-
tering. In the multimodal fusion and inference module, se-
mantics at different levels are fused through core learning
and global learning with hierarchical bilinear attention, and
answers will be predicted via the core-to-global reasoning.

Feature Embedding Module

The feature embedding module includes image embedding
and question embedding. Specifically, the image embedding
is to obtain image features and visual core features. Image
features are extracted by an object detector with the Mask
RCNN (He et al. 2017). To obtain more refined visual core
features, we utilize the SGG framework proposed by Tang et
al. (Tang et al. 2019) to extract object and relational features.
Given an image /, the model can extract image Rol features
£7°% and object proposal boxes B through Mask RCNN.

£ B = RCNN(I), (1)
Similar to BUTD, we consider image Rol features as image
features, i.e., f; = £7°%. In the SGG framework, we construct
a TreeLSTM network by prim’s algorithm (Prim 1957) and
adopt BiTreeLSTM (Tang et al. 2019; Zhou et al. 2023) to
extract object features and relations features.

£°% = BiTreeLSTM (f"°?), )

3

To extract object attribute features, we incorporate an ad-
ditional attribute branch into the SGG framework. Taking

frel = BiTreeLST M (f°%7).

_________________

Information Filtering
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the refined Rol features £7°¢ from BiTreeLSTM as inputs, at-
tribute branch learns object attribute features and predicts at-
tribute categories via cross entropy loss. The object attribute
features can be expressed as:
foitr — MLP(f™, B). (4)

We take three learnable linear projection functions to
project the pairs of object, object-attribute, and object-
relations-object into the same dimension. And the object,
attribute, and relationship features in the image will be com-
bined into a matrix and form the visual core features fj.

The question embedding is to obtain question features and
text core features. Specifically, given a question consisting
of n words @ = {q1,92,...,4qn}, word embedding is ap-
plied to map them to feature vectors = {x1,xa, ..., T, }.
The embedding vectors x; are then sequentially fed into the
GRU unit (Cho et al. 2014) to obtain question features fy.
Following CFR(Nguyen et al. 2022), text core predicates are
extracted through a stop-word filter, which consists of two
lists. The first list is to remove meaningless words based on
stop-words list in the NLTK. The second list includes rare
words whose frequency is less than 10 from all questions.
The text core predicates can be obtained via the stop word
filter. We applied 300-dim Glove word embedding to extract
text core features f;, from text core predicates.

Information Filtering Module

Enriched image and question features often contain a lot of
redundant information in VQA task. There are usually fewer
objects and regions in images associated with text questions,
while irrelevant information increases the difficulty of model
locating effective regions for prediction. Therefore, we de-
sign an information filtering module to reduce unnecessary
information and enhance the semantic value of images and
question features. The information filtering module includes
visual core features alignment, image features filtering, and
question features filtering.

Visual core features alignment. The detailed structure of
visual core features alignment is shown in Fig.3. We take the
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Figure 3: The structure of visual core features alignment.

text core features as the supervisory information to calculate
the importance of all semantic pairs in visual core features,
and then select the semantic pairs that are closely related to
the questions as new visual core features. Specifically, given
visual core features f;;, € R%*>dit and text core features
for € R®a+¥dak  where n;;, and ngy represent the number
of feature instances, and d;; and dgx represent the dimen-
sion of feature instances. The importance of semantic pairs
related to text core features can be computed as:

&)

where al; € R"a+ >k 7., () and 74 () are learnable linear
projection functions. They can project f;, € R"#>dix and
for € Ruak*dak jnto f/;,, € R™k>dr and f/qk € Ruakxdr
The importance vector dg; can be obtained by summing the
importance matrix a,; by rows, whose value represents the
importance of each semantic pairs in the visual core features.

By sorting d4; by descending, we select Top K semantic
pairs to form a new visual core features ;. € Rrxxdr gpd
filter out unimportant instances. The value of K is:

K = X x mean(dg), (6)

where A is a hyper-parameter and mean(d,;) denotes the
average of text core predicates extracted from all questions.

Features filtering of image and question. To reduce the
redundancy and enhance the semantic value of image and
question features, we take the visual core features and text
core features as the supervision to refine image features and
question features, respectively. For visual core features f;
and image features f;, the weighting map 1); is computed as:

ag;i = softmaz(Ty, (£45) Tike (fik)T),

K
P = softmax(z 7i(£) (Er)y)

p=0

) (N

where 7;() is learnable linear projection functions, which
projects f; € R™*di into f/; € R™*d~_ The refined image
features can be obtained by:

fi=(i-1")of+1, (3)

where 1 € R% is a channel-scaled vector, ® denotes the
Hardamard product. Similarly, taken the text core features
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f’ i, as supervision information, we can compute the weight-
ing map 1), and refined question features:

vy = softmaz(y 74(E)(E )], ©)
p=0
f‘q = (wq . 1T) © f/q + f/q7 (10)

where 7,() is learnable linear projection functions, which
projects f, € R *da into f’; € Ria>dr,

Multimodal Fusion and Inference Module

Effective multimodal fusion can deepen the model’s under-
standing of both image and question information, allowing
it to discern cross-modal semantic correlations and improve
the accuracy of VQA. In this section, we propose a core-to-
global learning for multimodal information fusion and pre-
diction. In core-level learning, visual core features and text
core features are fused. The model can learn the interaction
between them, which provides essential and content features
for answer prediction. In global-level learning, the model
will fuse the visual features and question features, which
promotes the model’s understanding of multimodal seman-
tics and provide context features for accurate answer pre-
dictions. We have designed a hierarchical bilinear attention
mechanism for core-level learning and global-level learning.
In core-level learning, the bilinear attention mechanism
(Kim, Jun, and Zhang 2018) is used to fuse visual core fea-
tures and text core features. It outputs a joint representation
vector ¢, with dj, dimensions. For m-th element in the joint
representation ¢y, the value ¢;;; can be computed by:

e = (F g War) T A (Bt Wit ) (11)

where Wy, € Rd-*dix and Wy, € Rdr*dix are learnable
factor matrices, A% € R™ax*1x jg the bilinear attention dis-
tribution map and it can be computed by:

Ak = softmax((f’quék)((Ek i’k)T), (12)

where W/, € Rd-*dix and W, € Rd~*dix are learnable
parameter matrices.

In global-level learning, the model takes both question
features and joint representation vector ¢;; as supervision
to fuse image features and question features. The supervi-
sion information at global level is: f5; = (¢ ||f,W,), where
|| denotes the concatenation. Similarly, the bilinear attention
mechanism is used to fuse image features and question fea-
tures at global level. It outputs a joint representation vector
Cgc With dg4. dimensions. For j-th element in joint represen-
tation €y, the value égc can be computed by:

&= (FWai)] A% (EW);, (13)
where W,; € RdxXdge and W; € r9*dse are learnable
factor matrices, A9¢ € R(Ma+1)Xni iq the bilinear attention
distribution map and it can be computed by:

A9¢ = softmax((Ff,, W.,) (EW])T), (14)
where W/,

1€ Rduwxdse and W/ € Rd=*dse are learnable
parameter matrices.



Model Val acc (%) Test acc (%)

BUTD / 49.7
BAN 61.5 55.2
CTI 61.7 54.9
MCAN / 574
RCVQA / 59.6
MMN / 60.4
LXMERT 59.8 60.0
OSCAR / 61.6
CFR 73.6 72.1
CTGR 75.0 72.9

Table 1: Results on GQA validation and test set.

In semantic reasoning, the model combines ¢;; and ¢,
and selects appropriate information with the core-to-global
reasoning for answer prediction. Specifically, taken ¢;;, and
Cgc as inputs, the model will output the probability distri-
bution via softmax classifier. The candidate answer with the
highest probability will be selected as the prediction:

Ans = max(softmax (7 (G1) + Tye(Ege) + ban)), (15)

where 7, and 74 are learnable linear projection functions.
They can convert the dimensions of vectors ¢, and ¢, to
d 4, respectively, and A is the number of candidate answers.
Finally, through the end-to-end training process, the
learned model can learn adaptive weights to remove the
noise information in images and question features, align
multimodal core semantics, and realize deep fusion of mul-
timodal semantic features via core-to-global reasoning.

Experiments
Experimental Setup

Datasets. We evaluate our CTGR model on four bench-
marks: GQA (Hudson and Manning 2019b), GQA-sub
(Jing et al. 2022b), VQA2.0 (Goyal et al. 2017), and Vi-
sual7W(Zhu et al. 2016), and follow the same split in each
dataset for training and testing. GQA is a real-world dataset
for visual reasoning and compositional VQA. It contains
113000 images and 22 million novel questions, with a vo-
cabulary of 3097 words in questions and 1878 candidate an-
swers. GQA-sub is a subset of GQA dataset that can quan-
titatively evaluate the inference consistency in the composi-
tion VQA. VQA2.0 contains 204,721 images of real world,
with 332,793 questions and 29,332 answers. Visual7W is a
subset of the visual genome dataset, containing 47300 im-
ages and 327929 QA pairs. The questions are composed of
what/here/how/he/how/why with 4 candidate answers.
Implementation details. We trained and tested our model
on an NVIDIA RTX 3090TI GPU. The model is trained with
a batch size of 32 and an initial learning rate of 0.001 using
Adam optimizer. Similar to CFR(Nguyen et al. 2022), we
use the Glove to extract embedding vectors for questions.
To extract image semantic features, we retrained both the
attribute branch and relationship branch on SGG framework
with the weight parameters proposed by Tang (Tang et al.
2019). The parameters d;j, and d. are empirically set to 768.
Metrics. We adopt the standard accuracy metric to evalu-
ate our model. For Visual7W dataset with multiple choices,
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Model ACC ACC(sub) RC(1) RC(2) RC(3)
Language-only 43.86 41.16 31.61 18.81 7.31

Visual-only 56.63 53.97 46.63 28.16 16.26
MAC 62.08 62.63 56.1  41.67 33.96
LCGN 64.16 63.74 57.37 4432  35.09
MMN 65.05 64.46 58.79 4398 33.96
DIS 69.71 70.31 6498 53.55 48.86
CTGR 69.75 72.75 65.58 54.78 50.77

Table 2: Results on GQA-sub validation and test sets.

the accuracy is directly used to evaluate model performance.
For GQA, GQA-sub, and VQA2.0 dataset, the accuracy is
defined as a prediction that is judged to be correct if it
matches the answers provided by at least three annotators.

Experimental Results

Experimental results on GQA. We compare our model
with some recent VQA models, including: BUTD(Anderson
etal. 2018), BAN(Kim, Jun, and Zhang 2018), CTI(Do et al.
2019), RCVQA(ing et al. 2022b), MCAN(Yu et al. 2019),
MMN(Chen et al. 2021), LXMERT(Tan and Bansal 2019),
OSCAR(Li et al. 2020), and CFR (Nguyen et al. 2022). The
results on GQA validation set and test set are shown in Tab. 1.

From Tab.1, compared to BAN model, the accuracy of
CTGR on validation and test sets has improved by 13.5%
and 17.7%, respectively. These significant improvements in-
dicate that when facing complex compositional questions,
our model can better understand questions and images by
extracting objects, relationships, and attributes features, and
accurately establish associations between text core predi-
cates and image core regions by multimodal semantic align-
ment. Compared with the CFR model, our model gets 1.4%
and 0.8% improvements on validation set and test set, re-
spectively. Meanwhile, CTGR model also achieves the best
performance among all models, which indicates that the
core-to-global reasoning promotes the model’s understand-
ing of images and questions, and enables the model to accu-
rately locate and generate candidate answers.

Experimental results on GQA-sub. The GQA sub
dataset can be used to evaluate the performance on com-
bined VQA and the inference consistency. We compare our
model with Language-only, Visual-only, MAC(Hudson and
Manning 2018), LCGN(Hu et al. 2019), MMN(Chen et al.
2021), and DIS (Liu et al. 2024). And the results on GQA-
sub dataset are shown in Tab.2.

The metrics in Tab.2 reflect the accuracy of model per-
formance (ACC) and reasoning consistency (RC(K)). ACC
and ACC (sub) represent the accuracy of validation set on
GQA and GQA-sub datasets, respectively. RC(K) represents
the consistency score of reasoning with K sub-problems. As
shown in Tab.2, CTGR achieves best performance in both
accuracy and reasoning consistency. Specifically, compared
to MMN model, CTGR gets 6.79%, 10.80%, and 16.81%
performance improvements on RC(1), RC(2), and RC(3),
respectively. Compared with the SOTA DIS model, CTGR
improves the performance of ACC (sub) from 70.31% to
72.75%, and achieves improvements in consistency scores
of 0.60%, 1.23%, and 1.91%, respectively. These improve-



Model Val acc (%) Test acc (%)
BAN 66.0 70.0
DFAF 66.2 70.2
CTI 66.0 70.1
MCAN 67.2 70.6
ViLT / 70.9
LXMERT / 72.4
CFR 69.7 72.5
CTGR 71.0 73.3

Table 3: Results on VQA 2.0 validation and test sets.

Model Val acc (%) Test acc (%)
BAN 65.7 67.5
fPMC / 66.0
STL 67.5 68.2
CTI 67.0 69.3
CFR 69.8 71.9
CTGR 70.5 72.3

Table 4: Results on Visual7W validation and test sets.

ments primarily stem from CTGR model’s ability to com-
prehensively understand the core semantics of both images
and questions. By employing the core-to-global reasoning,
our model can deepen its understanding of questions and
images, accurately recommend relevant candidate regions,
thereby strengthening its capacity for consistent reasoning.

Results on VQA2.0 and Visual7W. For a fair compar-
ison, we compare our model with some recent VQA mod-
els, including: BAN(Kim, Jun, and Zhang 2018), DFAF(Gao
et al. 2019), CTI(Do et al. 2019), MCAN(Yu et al. 2019),
LXMERT(Tan and Bansal 2019), CFR(Nguyen et al. 2022),
ViLT (Kim, Son, and Kim 2021). The results on VQA2.0
dataset are shown in Tab.3.

From Tab.3, we can find that CTGR model gets the best
performance on VQA2.0 dataset. Compared to BAN model,
CTGR model achieves 5.0% and 3.3% improvements on the
VQA 2.0 validation set and test set, respectively. The se-
mantic features extracted in CTGR model, such as objects,
relationships, and attribute features, are more refined than
with CFR model. And compared with it, the performance of
our model has been improved by 1.3% and 0.8% on the val-
idation set and test set, respectively. This result also demon-
strates that extracting multiple core semantic features from
images can effectively enhance the visual reasoning ability.
Besides, we compare our model with several models trained
on Visual7W dataset, including: BAN(Kim, Jun, and Zhang
2018), fPMC(Hu, Chao, and Sha 2018), STL(Wang et al.
2018), CTI(Do et al. 2019), and CFR(Nguyen et al. 2022).
The results on Visual7W dataset are shown in Tab.4. The ta-
ble reveals that compared to the latest CTT and CFR (Nguyen
et al. 2022) models, CTGR model has shown respective per-
formance improvements of 3.0% and 0.4% on the test set,
and also achieved the best performance on Visual7W.

Ablation Study

We conduct the following ablation studies with different
variants and parameters to verify the effectiveness of CTGR.
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Feature embedding  Information filtering Multimodal fusion Val acc

Q+I(BUTD) / / 63.3
Coarse2Fine features / / 66.7
v / / 68.0

v Text filtering / 68.9

v Image filtering / 70.2

v v / 70.8

v v Bilinear attention 72.7

v v Hierarchical attention ~ 74.1

v v v 75.0

Table 5: Ablation studies of proposed modules.

A2
Acc | 70.5

4 5 6 7 9
72.8 739 750 748 74.0

Table 6: The effect of the hyper-parameter .

Effectiveness of the proposed modules. To fully explore
the roles of the various modules proposed in CTGR model,
we design four ablation experiments to verify the influence
of three modules and their variants on the model perfor-
mance. Tab.5 shows the results of these experiments on
GQA validation set.

The contribution of each module. In Tab.5, we study the
contribution of each module to model performance. When
equipped the feature embedding module, the performance
of the model increased by 4.7%. This improvement demon-
strates that core features can enhance the model’s under-
standing of images and questions, thereby improving the
model’s performance.When the information filtering mod-
ule is embedded in the model, its performance improves
from 68.0% to 70.8%. This result validates that by filtering
redundant information and aligning multimodal semantics
in images and questions, the model can pay more attention
to useful information directly related to the answers. When
equipped with the multimodal fusion and inference mod-
ule, the model can fuse multimodal semantic features and
learn both content features and context features for answers
prediction via core-to-global reasoning, its performance is
improved by 4.2%. More importantly, the performance im-
proves consistently when three modules are used together.

Study on variants of feature embedding module. To
study the impact of feature embedding module, the model
takes different features and visual modalities as inputs, in-
cluding image+question features, Coarse2Fine features ex-
tracted by CFR, and the features extracted by CTGR model.
The results are shown in the upper row of Tab.5. Both CFR
and CTGR extracted the core features of questions and im-
ages, but the text core features and visual core features ex-
tracted by our model are more refined than those obtained by
CFR, and CTGR model gets 1.3% improvements. This re-
sult indicates that fine semantic features can help the model
to deepen the accurate understanding of the image and text.

Study on variants of information filtering module. As
shown in the middle row of Tab.5, we design three variants
of information filtering module to study its effectiveness: (1)
question features filtering only, (2) image features filtering
and refining, and (3) question+image features filtering and
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Figure 4: The visualization results on the GQA dataset.

Sub-Q: Is any couch visible?
A:yes

Q: Is the table to the right or to
the left of the red couch?
A: left

Sub-Q: Is there a table to the
right of the couch?
A:no

Sub-Q: Is the able to the right
or to the left of the couch?
A: left

Figure 5: The visualization results on the GQA-sub dataset.

refining. By filtering question feature, the model’s perfor-
mance is improved by 0.9%. By introducing image features
filtering and refining, the accuracy increases from 68.0% to
70.2%. When using the proposed information filtering mod-
ule, the model gets 2.8% improvements and achieves the
highest accuracy among the three variants. This result in-
dicates that filtering unnecessary information in the text and
image features can enhance the semantic value of the fea-
tures, thereby mitigating the negative impact of redundancy.

Study on variants of multimodal fusion and inference
module. We mainly construct bilinear attention, hierarchical
attention, and hierarchical bilinear attention for multimodal
features fusion. As shown in the bottom row of Tab.5, hierar-
chical bilinear attention combines the advantages of bilinear
and hierarchical attention, and achieves 2.3% and 0.9% per-
formance improvements, respectively.

The effect of the hyperparameter \. In this section, we
further investigate the influence of different hyperparameter
A We set \=2, 4, 5,6, 7,9, and the corresponding results
are shown in Tab. 6. From Tab. 6, we find that when \ =
6, our model can get the best performance. When \ > 6,
the improvement of model performance is trivial, and it will
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expand trainable parameters. Therefore, we recommend A=6
to determine the value of Top K to filter visual core features.

Visualization

Fig.4 shows the visualization results on the GQA dataset.
The larger the grayscale value of words or the higher the
transparency of image regions the more important they are
in Fig.4. The result demonstrates the effectiveness of CTGR
model in inferring the correct answer. As shown in Fig.4(c),
a compositional question includes several core words, such
as “buses”, “vehicle”, and “left”. The model first aligns the
image region of “vehicle” and “bus” with the core word “ve-
hicle” and “buses”. And then by integrating the text core
word features of “left” with the visual core features (such as
“bus-behind-vehicle”), the model can correctly predict the
answer as “No”. Fig.5 shows the visualization results on the
GQA-sub dataset. For the question, our model first focuses
on the right region of the picture to answer the first sub-
question. Then, it pays attention to the relationship between
“couch” and “table” when answering the second and third
sub questions. Finally, our model can infer the correct an-
swer as “left” for original question based on the color at-
tribute of “couch” and the relationship between “couch” and
“table”. In general, our method answers the compositional
questions and their sub-questions consistently, which might
improve the interpretability of the model.

Conclusion

In this paper, we have introduced a new core-to-global
reasoning model for compositional VQA. After extracting
global features and core features of image and question, our
model achieves the alignment for visual core features and
text core features, and filters out the redundant information
for global features to enhance the value of semantic features
via a feature filtering module. Furthermore, to fuse multi-
modal semantics, we propose a new reasoning module to
learn the content and context features for answer predictions
in a core-to-global manner. CTGR model has been validated
on four datasets and achieves better performance in both ac-
curacy and consistency inference. The ablation studies also
demonstrate the effectiveness of the proposed module. In
future work, research on multimodal semantic alignment is
worth further exploration.
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