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Abstract. Visual Question Answering (VQA) aims to achieve cross-modal seman-
tic understanding through joint modeling of visual content and natural language. Al-
though existing attention-based approaches effectively align features, they struggle
to simultaneously accommodate global semantic modeling and local fine-grained
perception within single-path architectures, leading to semantic drift and under-
utilization of information when addressing multi-perspective reasoning tasks. To
mitigate this limitation, we propose a Decoupled Global-Local Collaborative Net-
work (DGL-Net) that structurally partitions the cross-modal reasoning process into
two complementary branches: global semantic understanding and local fine-grained
modeling. Specifically, the global branch employs hierarchical attention fusion to
model long-range dependencies and holistic scene semantics, providing contextual
constraints for reasoning. The local branch introduces semantic relation enhance-
ment and relevant region screening to explicitly model intra-modal structural rela-
tionships, strengthening fine-grained region-word alignment by injecting structural
information. During training and inference, a branch-decoupling and collaborative
fusion strategy enables independent yet complementary feature learning. Extensive
experimental results demonstrate accuracies of 72.15% and 57.87% on VQA-v2 and
GQA benchmarks, respectively. Notably, the proposed method exhibits enhanced
robustness and generalization in complex semantic and compositional reasoning
tasks, validating the efficacy of the decoupled collaborative strategy.

Keywords: Visual Question Answering, Transformer, Decoupled strategy, Cross-
Modal Alignment.

1. Introduction

In recent years, multimodal learning has advanced significantly, driven by large-scale
pretraining and generative models [30][36][9]. However, the semantic gap between vi-
sion and language remains a fundamental challenge constraining the advancement of
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cross-modal understanding. Among various cross-modal tasks, Visual Question Answer-
ing (VQA) stands out as a particularly demanding benchmark: it requires models to simul-
taneously perform holistic scene comprehension (e.g., inferring overall scene atmosphere)
and fine-grained entity recognition (e.g., localizing subtle visual attributes) within a uni-
fied framework, performing semantic reasoning based on their interaction [34][42]. Nev-
ertheless, the crux of this task lies not merely in cross-modal feature alignment, but more
fundamentally in the collaborative modeling of information at heterogeneous semantic
scales—specifically, how to simultaneously accommodate global semantic understanding
and local fine-grained perception within a single reasoning pathway. This inherent tension
between global and local demands renders VQA an ideal lens through which to examine
structural conflicts in modeling paradigms.

Most existing mainstream methods construct single-path cross-modal interactions
based on attention mechanisms, implementing fusion of visual and linguistic informa-
tion through unified attention allocation strategies. Although such methods have achieved
remarkable progress in feature alignment and representation learning, they implicitly as-
sume that information at different semantic scales can be uniformly modeled through the
same reasoning pathway[40]. However, this assumption often fails in practice. Specif-
ically, global semantic modeling relies on holistic perception of scene structure and
long-range dependencies, whereas local reasoning requires high-resolution discrimina-
tive modeling of key regions; these two objectives exhibit essential differences in feature
distribution, attention scope, and information granularity. In a single attention pathway,
the model struggles to optimize both objectives simultaneously, leading to structural con-
flicts in attention allocation: when biased toward the global context, fine-grained infor-
mation becomes diluted; when biased toward local details, overall semantic constraints
become insufficient, resulting in semantic drift and unstable reasoning. This global-local
conflict arising from the modeling paradigm has become a critical bottleneck limiting
performance improvements in VQA models.

Previous studies have attempted to mitigate this issue by enhancing attention mecha-
nisms, such as introducing spatial [28] or channel attention [25] to strengthen local and
global information modeling, respectively. However, these methods essentially perform
feature enhancement within a single representation space, failing to decouple modeling
objectives for different semantic scales at the structural level, and thus cannot fundamen-
tally eliminate conflicts during optimization. Further analysis reveals that different types
of questions often correspond to distinct reasoning modes: fine-grained attribute recogni-
tion relies on local discriminative features, whereas complex semantic judgment depends
on global contextual information. Single-path modeling cannot adaptively match this dis-
tinction, resulting in clear capability boundaries for models in complex scenarios. Specif-
ically, as illustrated in Fig 1, for different questions regarding the same image, visual
reasoning tasks exhibit significant modal differences: Q1 requires precise identification of
fine-grained attributes of specific objects (e.g., “sunglasses” in the question), representing
local detail reasoning; Q2 relies on comprehensive judgment of the overall scene atmo-
sphere (e.g., “dangerous appearance” in the question), representing global semantic rea-
soning. Taking Q1 as an example, when employing methods biased toward global under-
standing, although the model captures the overall scene layout, it lacks precise anchoring
capability for key semantics, causing attention to disperse to irrelevant objects mentioned
in the question that appear in multiple regions, making it difficult to focus on fine-grained
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Fig. 1. Motivation illustration of the decoupled collaborative paradigm. The upper and
lower panels depict the inference mechanisms of the global and local understanding
branches for Q1 (fine-grained attribute recognition) and Q2 (holistic scene reasoning),
respectively.

visual information such as texture attributes of small-region objects, ultimately leading to
incorrect answers. Conversely, if employing methods biased toward local understanding,
the model optimizes the representation capability of regions and words for high-level se-
mantics through contextual semantic modeling, accurately localizes key objects based on
cross-modal information interaction, concentrates attention within a streamlined feature
subspace to execute fine-grained reasoning, and outputs correct answers. Notably, the cor-
rectness of the dual-branch joint inference further validates the efficacy of the decoupled
collaborative paradigm: the late fusion mechanism leverages high-confidence predictions
from either branch to compensate for the other’s low-confidence errors, achieving more
robust reasoning than single-path models. However, while this reasoning approach excels
at detail capture, it may neglect the grasp of overall scene semantics, making it difficult
to handle Q2-type global reasoning tasks requiring comprehensive judgment.

From an optimization perspective, the inherent global-local conflict in single-path ar-
chitectures can be formalized as a multi-objective optimization dilemma within shared
parameter spaces, analogous to the gradient interference phenomenon identified in multi-
task learning[46]. Let Θ denote the unified parameter space, and let Lg(θ) and Ll(θ)
denote the global semantic understanding objective and the local fine-grained align-
ment objective, respectively, where θ ∈ Θ. The standard joint-training paradigm op-
timizes the combined loss L(θ) = Lg(θ) + Ll(θ), whose gradient decomposes as
∇θL = ∇θLg + ∇θLlWhen the two gradient components are negatively correlated,
i.e., cos(∇θLg,∇θLl) < 0, any parameter update that reduces Lg inevitably increases
Ll, and vice versa. This gradient-direction conflict constitutes the mathematical founda-
tion of the global-local dilemma: the model cannot simultaneously accommodate holistic
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scene perception and fine-grained region discrimination within the same parameter sub-
space without suffering from mutual interference during gradient descent.

Based on these observations, this paper proposes a Decoupled Global-Local Collabo-
rative Network (DGL-Net) from a modeling paradigm perspective, explicitly partitioning
the cross-modal reasoning process into two complementary subspaces: global semantic
modeling and local fine-grained alignment. Specifically, the global branch considers vi-
sual features of the entire image, modeling long-range semantic dependencies and holis-
tic scene structure through hierarchical attention mechanisms to provide stable contextual
constraints for reasoning. The local branch models spatial positional information of im-
age regions and semantic dependency structures of question text, excavates intra-modal
semantic associations to extract structural information for structural enhancement of fea-
tures, improves discriminability of key semantic regions and words, and filters visual
features highly relevant to the question based on cross-modal alignment mechanisms,
effectively suppressing interference from irrelevant regions, thereby supporting refined
semantic reasoning. Furthermore, this paper adopts branch decoupling and collaborative
reasoning strategies, enabling representations at different semantic scales to be indepen-
dently optimized while achieving effective fusion, thereby alleviating multi-objective op-
timization conflicts and enhancing overall reasoning capability.

The main contributions of this paper are summarized as follows:

– From a modeling paradigm perspective, we reveal the inherent conflict between global
and local semantic modeling in VQA and identify the structural limitations of single-
path attention mechanisms.

– We propose a decoupled global-local collaborative modeling framework that charac-
terizes information at different semantic scales through dual-branch structures, achiev-
ing structured modeling of the cross-modal reasoning process.

– Experimental results on VQA-v2 and GQA benchmark datasets demonstrate that the
proposed method outperforms existing methods in overall performance and complex
reasoning scenarios, validating the effectiveness and generalization capability of this
modeling paradigm.

The remainder of this paper is organized as follows. Section 2 reviews related work
pertinent to this study, surveying advances in VQA concerning the balance between global
and local perception. Section 3 elaborates on the overall architecture and key module de-
signs of the proposed Decoupled Global-Local Collaborative Network. Section 4 delin-
eates the experimental setup and evaluation metrics, followed by extensive comparative
experiments and analyses on the VQA-v2 and GQA datasets. Section 5 concludes this
work and discusses future research directions.

2. Related Work

2.1. Advances in Visual Question Answering

Visual Question Answering as a pivotal task connecting computer vision and natural lan-
guage processing, has evolved from simple multimodal fusion to deep collaborative rea-
soning since the proposal of standard datasets by Antol et al. [2]. Early VQA methods
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primarily relied on basic multimodal fusion strategies. Kim et al. [19] proposed a mul-
timodal residual learning framework that achieved efficient fusion of visual-linguistic
features through bilinear pooling, pioneering end-to-end VQA training. Yu et al. [48]
further proposed the Multimodal Factorized High-order Pooling method, reducing com-
putational complexity of bilinear fusion through low-rank constraints. These early works
laid the foundation for multimodal representation learning in VQA but lacked explicit
cross-modal alignment mechanisms.

The introduction of attention mechanisms marked the first major leap in VQA tech-
nology. Yang et al. [45] proposed the Stacked Attention Networks, which progressively
refined semantic localization of image regions through iterative visual focusing. Anderson
et al. [1] pioneered the combination of bottom-up object detection and top-down attention
mechanisms, achieving object-level precise attention allocation. Rahman et al.[31] fur-
ther improved reasoning quality through Attention on Attention with contextual gating
mechanisms. However, these unidirectional attention methods struggle to model bidi-
rectional interaction between questions and images. To address these limitations, co-
attention mechanisms emerged. Yu et al. [47] designed the Deep Modular Co-Attention
Network(MCAN), exploring deep interaction of intra-modal and inter-modal relation-
ships through compositions of self-attention and guided-attention units. Lu et al. [24] first
proposed hierarchical co-attention frameworks, achieving bidirectional guidance through
alternating optimization of visual and textual attention. Peng et al. [28] proposed the Mul-
timodal Relation Attention Network, further enhancing cross-modal relationship model-
ing capabilities. With the rise of Transformer architectures, large-scale pretrained VQA
methods have achieved significant progress. Tan and Bansal [39] proposed LXMERT,
which achieved visual-linguistic pretraining through cross-modal Transformer encoders,
substantially improving downstream VQA performance. Li et al. [21] developed Visual-
BERT, utilizing self-attention mechanisms to mine deep associations between image re-
gions and text. Recently, data augmentation strategies by Chen et al. [8] and dual-attention
mechanisms by Mishra et al. [25] have continued to advance attention mechanisms in
VQA. Eslami et al. [10] validated the effectiveness of CLIP pretrained models in domain-
specific VQA. However, existing Transformer-based methods focus predominantly on
global semantic alignment, remaining limited in handling local reasoning problems re-
quiring fine-grained region perception.

2.2. Advances in Global and Local Perception

Existing VQA methods have long faced the inherent conflict between global semantic
coverage and local detail focusing in attention allocation strategies [11]. Early research
predominantly optimized along single dimensions: spatial attention mechanisms [20,43]
strengthen local perception by localizing regions of interest, yet excessive focusing leads
to loss of global context; channel attention methods [26] enhance global semantic repre-
sentation but lack spatial constraints on fine-grained regions.

In recent years, researchers have increasingly recognized the necessity of balancing
global and local perception. However, existing methods predominantly adopt shared-
parameter or joint training strategies to simultaneously optimize global and local ob-
jectives [17,23,27,12], leading to mutual interference during gradient updates. Although
Kil et al. [17] mined implicit knowledge for comprehensive representations, Liu et al.
[23] employed prompt tuning to guide multi-scale attention, Peng et al. [27] revealed the



1264 Zhou et al.

empirical importance of global-local fusion, Guo et al. [12] optimized feature balance
through loss rescaling, and Niu et al. [26] separated confounding factors via causal in-
tervention, none fundamentally decoupled perception requirements at different scales.
The common limitation pervading these approaches is the implicit assumption that a
single interaction pathway can uniformly accommodate multi-scale semantics, thereby
forcing heterogeneous objectives to compete for the same parameter budget—a con-
straint equally present in co-attention frameworks [12,44]and recent compact Transform-
ers [34,47,15,37]. More recently, the research community has shifted toward explicit
multi-scale modeling and architectural decoupling. Guo et al. [13] and Liu et al. [22]validated
the efficacy of decoupling visual interpretation from linguistic reasoning in mathematical
problem solving and rationale generation, respectively, yet their scopes do not extend to
fine-grained visual question answering. Shen et al. [32,34] further advanced this direction
by demonstrating that hybrid or multi-branch architectures can effectively mitigate the in-
herent trade-off between global stability and local adaptability in cross-modal alignment.

Distinct from these works, the proposed DGL-Net physically separates global se-
mantic reasoning and local fine-grained localization into independently optimized dual-
branch architectures. During training, both branches optimize independently, fundamen-
tally eliminating gradient interference inherent in shared-parameter models. During in-
ference, global semantic constraints and local detail localization are organically uni-
fied through late fusion mechanisms. This “independent training–collaborative inference”
paradigm breaks through the limitations of single pathways, providing a principled solu-
tion to the structural conflict between global and local perception during optimization and
achieving more reliable multi-scale semantic modeling.

3. Method

This paper proposes the Decoupled Global-Local Collaborative Network, which achieves
structural decoupling of cross-modal reasoning via explicitly separated global and local
branches, with the overall architecture illustrated in Fig 2. The framework comprises
three core modules: Image and Question Representation (Section 3.1), Global-Local Per-
ception Network (Section 3.2), and Multimodal Fusion and Reasoning (Section 3.3).

3.1. Image and Question Representation

Input Processing
Input images are represented as a series of regional visual features V ∈ Rm×d using
bottom-up attention mechanisms, where m is the number of detected objects and d is the
feature dimension. Specifically, these features are extracted from a pretrained Faster R-
CNN detection model with ResNet-101 as the backbone network, pretrained on the Visual
Genome dataset[20]. By setting a threshold on detection confidence scores, a dynamic
number of salient regions can be obtained, with quantities ranging from 36 to 100. For
the i-th detected object, its feature vector vi ∈ Rd is obtained through mean pooling of
the convolutional feature map corresponding to that region. This object-detection-based
visual feature representation method focuses on semantically salient regions in images,
providing structured visual input for subsequent multimodal reasoning tasks.
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Fig. 2. Overall pipeline of the proposed DGL-Net. Structural information is employed for
intra-modal feature enhancement. Two distinct branch backbones are devised for global
and local understanding, respectively. Decoupling of global-local reasoning is achieved
through the strategy of independent branch training and joint inference.

Question text features are obtained using the CLIP text encoder T ∈ Rn×d, where n
is the sequence length and d is the feature dimension. Specifically, the CLIP employed
in experiments utilizes a deep architecture of multi-layer Transformer blocks pretrained
on large-scale corpora. Input text undergoes preprocessing and tokenization, converting
to discrete token sequences, and is mapped to continuous vectors through a token embed-
ding layer[29]. To preserve positional information between words, the model introduces
learnable position encodings added to word embeddings, obtaining initial feature repre-
sentations T (0) ∈ Rn×dq , where dq is the initial embedding feature dimension. During en-
coding, a multi-level feature aggregation strategy is adopted, fusing output features from
the last layer to obtain final text representations through linear layer dimension alignment.

Intra-Modal Structured Information Representation
In fine-grained local understanding, precise cross-modal alignment depends on the ex-
pressive capability of region and word features for complex semantics. However, treating
regions and words as isolated feature vectors ignores their intrinsic topological structural
relationships. This absence of structural information leads to subsequent self-attention
and guided-attention interactions lacking explicit constraints, with attention weights eas-
ily dispersing to semantically irrelevant elements, making it difficult to form discrimina-
tive local representations. Visually, adjacent or overlapping regions typically exhibit se-
mantic associations; in natural language, words exhibit long-distance dependencies, with
semantically related words often adjacent in syntactic structures. Therefore, a mechanism
is urgently needed to explicitly model sparse structural associations within modalities,
providing prior topological guidance for attention interaction.
Visual Sparse Relation Construction: Given a set of image region features V =
{v1, v2, ..., vn}, where vi ∈ Rd is the feature vector of the i-th region and bi =
(x1, y1, x2, y2) represents its bounding box coordinates. The affinity matrix Avis ∈ Rn×n
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is calculated between regions, where each entry measures the spatial overlap between
bounding boxes using the Intersection-over-Union (IoU) metric: Āvis

ij = IoU (bi, bj).
Subsequently, threshold τv is applied for binarization, constructing the visual sparse ad-
jacency matrix:

Sv
ij =

{
1, if Aij > τv

0, otherwise
(1)

This matrix characterizes spatial co-occurrence relationships between regions: when
two regions significantly overlap in the image, their semantic association probability is
high (e.g., “person” and “hat”); conversely, they are considered weakly associated or ir-
relevant (e.g., “giraffe” and “background fence”).
Textual Sparse Relation Construction: For question text, Semantic Dependency Parsing
(SDP) technology is employed to generate syntactic dependency graphs G = (W, E),
where W = {w1, w2, ..., wm} is the word set and E is the word set and St ∈ Rm×m:

St
ij =

{
1, if (wi, wj) or (wj , wi) ∈ E
0, otherwise

(2)

This matrix captures syntactic-semantic associations between words (e.g., the verb-
object relationship between “sunglasses” and “wearing”), filtering noise interference from
distant vocabulary.
Structure-Aware Attention Calculation: Visual sparse matrix Sv and textual sparse ma-
trix St are injected into corresponding modal multi-head attention mechanisms, respec-
tively. Taking the visual branch as an example, for the h-th attention head, the query-key
similarity matrix VhV

⊤
h ∈ Rn×n is calculated, followed by application of the sparse

mask:

Mv
h = Softmax

(
XhX

⊤
h ⊙ Sv

√
dk

)
(3)

This operation forces attention weights to propagate only within predefined sparse
structures, suppressing responses from irrelevant regions. The final output is:

V sfr = Concat [Mv
1 V1, . . . ,M

v
hVh] ·W (4)

Here, W is a learnable parameter matrix. The text side follows the same paradigm,
generating T str . Through this process, the SSMA module explicitly encodes geometric
space constraints and syntactic structure constraints into feature representations, provid-
ing a structured discriminative foundation for subsequent attention interactions.

3.2. Global-Local Aware Network
Based on the image, question, and corresponding structured features generated by the
above feature representation modules, this paper further constructs global understanding
and local understanding branches, responsible for holistic semantic reasoning and fine-
grained region localization tasks, respectively. Both branches adopt encoder-decoder ar-
chitectures, implementing hierarchical feature interaction through stacking three types of
attention units. The following first introduces the design of the three attention units, then
details the network structures of both branches.
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Fig. 3. Three fundamental attention units employed in the Global-Local Perception
Network—Self-Attention (SA), Hybrid Self-Attention (HSA), and Guided-Attention
(GA)—facilitating intra-modal feature refinement, structural information injection, and
cross-modal semantic fusion, respectively.

Attention Modules

Self-Attention Unit (SA): Following the classic Transformer design[41], it utilizes multi-
head attention with h parallel heads to compute intra-sequence self-dependencies, thereby
refining features, as illustrated in Fig 3(a). Given input features Y ∈ Rn×d , for the h
-th attention head, SA first generates query, key, and value matrices Q,K, V ∈ Rn×d

through linear projections, then executes scaled dot-product attention:

headh = Softmax

(
QK⊤
√
d

)
Vh (5)

Concatenating outputs from all heads yields the complete result:

f = Concat [head1V1, ..., headhVh] ·W (6)

where W is a learnable weight matrix. Followed by fully connected feed-forward
networks and layer normalization to obtain the final output:

Y ′ = LayerNorm (FFN (f)) (7)

where:

FFN (f) = max (0, f ·W1)W2 (8)

Here, W1 and W2 are learnable weight matrices. SA addresses the limitation of tra-
ditional LSTMs in capturing long-distance dependencies between sequence elements, ef-
fectively refining intra-modal contextual semantic representations.
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Hybrid Self-Attention Unit (HSA): Addressing the structural sensitivity requirements of
local understanding tasks, we propose the Hybrid Self-Attention (HSA) unit, as illustrated
in Fig 3(b), which incorporates structural features Y str ∈ Rn×d on the basis of standard
self-attention, introducing GRU to control the injection ratio of structural information into
attention outputs:

f = GRU
(
SA (Y ) + Y str

)
(9)

Modeling its sequence dependencies and potential multi-semantic expressive capa-
bilities through multi-layer recurrence enhances the model’s perception capability of key
topological relationships. After further processing through fully connected feed-forward
networks and layer normalization, more discriminative local representations are obtained.
Guided-Attention Unit (GA): Following the Bottom-Up Top-Down Attention cross-
modal interaction paradigm[1], GA implements bidirectional semantic guidance between
vision and language modalities,as illustrated in Fig 3(c). Taking visual-guided text as
an example, for the h -th attention head, given query question features T ∈ Rm×d and
guiding visual features V ∈ Rn×d , GA computes text-to-visual guided attention:

headh = Softmax

(
TWQ (VWK)

⊤
√
d

)
V (10)

Concatenating results from all heads followed by fully connected feed-forward net-
works and layer normalization yields the final output.GA achieves efficient alignment
and fusion of cross-modal information by actively retrieving visual content with question
features as queries, or constraining text reasoning with visual features as queries.

Stacked Encoders and Decoders

To fully excavate hierarchical semantic associations of multimodal features, this pa-
per adopts competitive encoder-decoder architectures to construct global and local under-
standing branches. This architecture gradually refines intra-modal high-order features and
achieves deep cross-modal interaction through hierarchical stacking of attention units.
Global Understanding Encoder-Decoder: As illustrated in Fig 4(a), the global branch
adopts a stacked structure combining pure self-attention and guided attention. The en-
coder consists of L layers of SA units, processing visual features V and textual features
T layer by layer:

X(l) = SA
(
X(l−1)

)
(11)

The encoder captures potential semantic dependencies through multi-layer self-
interaction, gradually establishing global semantic representations. The decoder similarly
contains L layers, each composed of SA units cascaded with GA units, implementing
cross-modal bidirectional guidance:

X(l) = GA
(
SA
(
X(l−1)

)
, Y (L)

)
(12)
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Fig. 4. Illustration of the encoder-decoder architectures in the Global-Local Perception
Network.

where X(L) is the top-level feature output by the encoder. Through cross-guidance of
GA units, the decoder maintains intra-modal consistency while achieving efficient align-
ment and fusion of visual-linguistic semantics.
Local Understanding Encoder-Decoder: As illustrated in Fig 4(b),the local branch re-
places SA units with HSA units to continuously inject sparse structure priors. Each en-
coder layer receives parallel inputs of dynamic features and static structure features:

X(l) = HSA
(
X(l−1), Xstr

)
(13)

where Xstr represents sparse structural features generated by SSMA, encoding spatial
positional relationships between visual regions and semantic dependency relationships
between text words, respectively. The decoder adopts an alternating stacked structure of
HSA and GA, maintaining structural constraints during cross-modal interaction:

X(l) = GA
(
HSA

(
X(l−1), Xstr

)
, Y (L)

)
(14)

Notably, throughout the forward propagation process, structural featuresXstr remain
constant in the network and are not associated with layer numbers. This design is based
on the fact that structural information originates from inherent topological attributes of
the original semantic space: visual end from physical spatial relationships determined by
object bounding box geometric positions, textual end from grammatical associations de-
fined by dependency syntax graphs—these relationships are statically determined by data
prior structures and do not change with high-level feature abstract transformations. There-
fore, structural features serve as cross-layer shared constant prior information, providing
stable structural constraints for attention calculations at each layer, avoiding topological
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drift during dynamic feature learning, and ensuring that the local understanding branch
always follows original semantic associations for discriminative feature refinement.

3.3. Modal Fusion and Reasoning

After deep co-attention learning, the two branches adopt different feature compression
strategies for answer reasoning: the global branch captures overall semantic profiles through
adaptive attention pooling, while the local branch focuses on key local regions through
explicit similarity calculation and low-temperature sharpening mechanisms.
Global Understanding Branch: This branch aims to encode the overall semantic layout
of scenes. For output visual features V (L) ∈ Rm×d and textual features T (L) ∈ Rn×d

, MLP-based attention compression models are employed to aggregate them into global
vectors. Taking the visual end as an example, importance weights for each region are
first calculated: a = Softmax

(
MLP

(
X(L)

))
, a ∈ Rm , where the MLP structure is

FC (d) → ReLU → Dropout (0.1) → FC (1) . Subsequently, global visual representa-
tions are generated through soft weighted summation:

x̄g =

m∑
i=1

αix
(L)
i (15)

This mechanism adaptively aggregates multi-region information, suitable for compre-
hensive reasoning dependent on holistic scene cognition. Similarly, global textual rep-
resentations ȳg are obtained. Finally, answer distributions are generated through linear
fusion and classification heads:

Zg = LayerNorm
(
W⊤

x x̄g +W⊤
y ȳg

)
, scoreg = σ

(
W⊤

p Zg

)
(16)

Local Understanding Branch: Unlike the distributed aggregation of the global branch,
the local branch aims to precisely anchor a few key regions highly relevant to the question
through explicit semantic similarity screening, suppressing background noise. First, tex-
tual features are compressed into holistic representations ȳl throughMLP attention mod-
els. Subsequently, cosine similarity with each visual region feature v

(L)
i is calculated to

measure semantic relevance:

si =
ȳ⊤l v

(L)
i

|ȳl||v(L)
i |

, i = 1, 2...m (17)

To achieve sharpened selection of a few highly relevant regions, a temperature coeffi-
cient τ is introduced for low-temperature Softmax scaling :

αi =
exp (si/τ)∑m
j=1 exp (sj/τ)

(18)

When τ → 0 , this distribution approaches one-hot form, retaining only regions most
relevant to the question, achieving a soft approximation of hard selection. Final aggre-
gated local visual representation: We set τ = 0.10 as the default temperature, which
achieves a favorable balance between selective precision and semantic completeness.
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x̄l =

m∑
i=1

αix
(L)
i (19)

Finally, answer distributions are generated through linear fusion and classification
heads:

Zl = LayerNorm
(
W⊤

x x̄l +W⊤
y ȳl

)
, scorel = σ

(
W⊤

p Zl

)
(20)

We employ binary cross-entropy loss functions to optimize the distribution of pre-
dicted answer scores:

L = −
N∑
j=1

[tj log (scorej) + (1− tj) log (1− scorej)] (21)

Our strategy involves independently training classifiers on two understanding branches
from different perspectives. Through arithmetic averaging operations, the model achieves
adaptive integration of dual-branch predictions without introducing additional fusion pa-
rameters or complex gating networks, reducing overfitting risks while improving infer-
ence robustness. The answer corresponding to maximum confidence in scorejoint =
scoreg + scorel is selected as the system prediction output.

4. Experiments

4.1. Datasets

Unlike research paradigms relying on large-scale pretrained models to extract generic rep-
resentations, this paper adopts end-to-end training strategies, directly optimizing visual-
linguistic feature alignment on VQA-specific data distributions. This strategy offers three
advantages: First, feature extractors jointly optimized for the VQA task can more pre-
cisely capture question-oriented visual semantic associations, avoiding domain gaps be-
tween features learned by pretrained models on generic corpora and downstream task
requirements. Second, end-to-end training enables the model to adaptively learn dataset-
specific statistical characteristics, reducing dependence on language priors that may exist
in pretraining corpora. Finally, this paradigm enables lightweight architecture designs,
achieving competitive performance without loading massive pretrained weights. To en-
sure fair comparison and validate model effectiveness, this paper selects two mainstream
benchmarks: VQA 2.0 and GQA.

VQA 2.0 [11] and GQA [16] are employed as the primary evaluation benchmarks.
Derived from MS COCO, VQA 2.0 comprises 1.1 million natural language questions
with standard training, validation, and test splits. Its complementary image-pair design
mitigates language priors by enforcing image-grounded reasoning, and questions are cat-
egorized as “Yes/No”, “Number”, or “Other”. Accuracy is reported on the official test-dev
and test-standard sets.

Built upon Visual Genome scene graphs, GQA encompasses 113K images and 22
million structured questions targeting compositional reasoning and relational understand-
ing. The dataset emphasizes multi-step inference and alleviates language bias through
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Table 1. Hyperparameter settings for DGL-Net training and inference.

Hyperparameter Value Description

Hidden dimension d 512 Model embedding size
Attention heads h 8 Parallel self-attention heads
Head dimension 64 d/h
Encoder/Decoder layers L 6 Stacked layer depth

FFN structure FC(4d) → ReLU →
Dropout(0.1) → FC(d)

Feed-forward network

MLP compression FC(d) → ReLU →
Dropout(0.1) → FC(1)

Attention reduction

Visual IoU threshold τv 0.4 Sparse adjacency construction
Visual regions N 36–100 Dynamic, confidence-thresholded
Text parser HanLP (Biaffine) Semantic dependency parsing

Optimizer AdamW β1 = 0.9, β2 = 0.999
Weight decay 10−4 L2 regularization
Batch size 64 Training samples per step
Loss function Binary cross-entropy Multi-label answer classification

Warmup epochs 4 Linear LR warmup
Initial learning rate 2.5× 10−5 Warmup starting value
Peak learning rate 1× 10−4 Post-warmup maximum
Early stopping 3 epochs Patience on validation accuracy
Gradient clipping 0.25 Max gradient norm threshold
Dropout rate 0.1 Applied to all linear projections

balanced answer distributions. Beyond standard accuracy, GQA evaluates Consistency,
Plausibility, Validity, and Distribution to comprehensively measure reasoning robustness.
We utilize the balanced training and validation sets for model development, with all met-
rics reported on the test set.

4.2. Experimental Setup

All experiments are conducted on NVIDIA L40 24GB GPUs. The complete hyperpa-
rameter configurations are summarized in Table 1, ensuring full reproducibility of our
results.The semantic dependency trees are parsed using the HanLP toolkit pretrained on
SemEval-2015 Task 18 English corpora. Visual region quantities are dynamically adjusted
based on Faster R-CNN detection confidence scores.

To ensure reproducibility and fair comparison, the two branches follow a strictly
decoupled training protocol. Both branches share the same data loader and batch or-
der to guarantee identical training distributions, yet maintain completely separate opti-
mizer states and parameter gradients. Specifically, each branch is assigned an independent
AdamW optimizer with identical initial hyperparameters including peak learning rate,
warmup schedule, and weight decay, but their gradient updates are computed and applied
in isolation. Backpropagation from the global branch loss never reaches local branch pa-
rameters, and vice versa. The two branches are trained in parallel on separate GPUs for



Decoupled Global-Local Collaborative Network 1273

the same number of epochs, with early stopping determined independently based on each
branch’s validation accuracy. After both branches converge, their parameters are frozen
and only the arithmetic averaging operation is applied during joint inference. This proto-
col ensures that each branch optimizes its specific objective without gradient interference,
while maintaining strictly comparable training conditions with single branch baselines.

4.3. Model Performance Comparison

To comprehensively validate the effectiveness of the proposed method, we systematically
compare DGL-Net and its single-branch variants DGL-Global and DGL-Local with repre-
sentative methods in the visual question answering field in recent years, with experimental
results shown in Table 2. All comparison experiments are conducted on the official test
sets of VQA 2.0 dataset (test-dev and test-standard) to ensure evaluation fairness and
reproducibility.

Table 2. Performance comparison on the test-dev and test-std splits.

Method Image Feature
Test-dev (%) Test-std

Yes/No Number Other All All

MCAN(’19)[47] Region 87.08 53.16 60.66 70.69 -
CAAN(’22)[3] Region 87.09 53.37 61.13 70.94 71.31
CLVIN(’23)[6] Region 87.09 53.65 60.89 70.86 71.16
RRAF(’24)[35] Region 87.03 55.39 60.95 71.06 71.33
VMAN(’24)[37] Region 86.95 53.28 61.16 70.89 71.34
MPCCT(’24)[4] Region 86.96 55.57 61.27 71.20 -
RMCBG(’25)[5] Region 87.26 55.21 61.34 71.32 -
VWAN(’24)[37] Grid 87.63 53.85 61.89 71.58 -
LCRN(’24)[14] Grid 87.74 53.99 62.29 71.83 72.12
GFSNet(’25)[33] Grid 87.78 54.91 61.94 71.79 71.99

DGL-Global Region 87.46 53.95 60.96 71.08 -
DGL-Local Region 87.60 53.49 60.80 71.01 -
DGL-Net Region 87.99 54.42 61.75 71.73 72.15

Comparison with single-branch baselines shows that DGL-Net significantly outper-
forms single global or local branches through independent training and joint inference
strategies. Specifically, compared with DGL-Global and DGL-Local, DGL-Net brings
absolute performance improvements of 0.65% and 0.72% on test-dev, respectively, val-
idating the effectiveness of the dual-branch decoupled collaborative mechanism. This
improvement primarily stems from the complementary fusion of scene contextual con-
straints provided by the global branch and fine-grained region localization capabilities
contributed by the local branch. Performance comparison with recent methods shows
that DGL-Net achieves 72.15% accuracy on test-standard, outperforming compared con-
temporary methods including LCRN and GFSNet based on Grid features. Notably, both
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LCRN and GFSNet rely on grid-based visual features, while DGL-Net achieves compara-
ble generalization performance using only regional features, indicating that the proposed
decoupled collaborative paradigm has advantages in feature utilization efficiency. On test-
dev, DGL-Net achieves 71.73% accuracy, demonstrating strong competitiveness among
region-based methods. Specifically, compared with recently published region-based meth-
ods RMCBG and VMAN, DGL-Net improves by 0.41% and 0.84%, respectively. Particu-
larly, on “Other” categories representing open-ended questions requiring fine-grained rea-
soning, DGL-Net achieves 61.75%, surpassing RMCBG, indicating that the local under-
standing branch’s modeling capability for fine-grained semantic associations significantly
enhances the model’s open-domain reasoning performance. Comprehensive comparison
shows that as an end-to-end trained region-based method, DGL-Net’s performance ap-
proaches current state-of-the-art grid-based methods. Considering the advantages of re-
gion features in computational efficiency and interpretability, this method demonstrates
strong competitiveness in the trade-off between accuracy and practicality. Furthermore,
DGL-Net achieves competitive scores on both “Yes/No” and “Number” categories, in-
dicating that the decoupled architecture can effectively handle heterogeneous question
types, validating the model’s robustness under different reasoning modes.

To further validate the model’s compositional reasoning capability and generalization,
supplementary experiments are conducted on the GQA benchmark. As shown in Table 3,
DGL-Net demonstrates advantages on multiple evaluation metrics, particularly in open-
ended questions requiring complex reasoning and logical consistency.

Table 3. Performance comparison on multiple evaluation metrics.

Method Binary Open Consistency Validity Plausibility Distribution Accuracy

Human[16] 87.12 90.40 99.40 99.20 97.60 - 89.30
BAN[18] 73.31 41.13 84.64 96.77 85.58 - 56.19
DMFNet[49] 73.98 41.86 86.98 97.62 84.87 - 57.05
LXMERT[39] 75.33 41.89 91.00 95.36 83.5 6.42 60.83
MAGM[43] 70.33 40.65 88.05 96.17 84.22 6.43 57.57
SGCN[44] 68.20 32.80 83.49 95.90 84.10 8.00 54.56
SelfGraphVQA[38] 68.20 32.80 64.30 95.00 90.00 - 54.5
LION[7] - - - - - - 51.56

DGL-Global 76.23 40.84 87.25 96.49 84.94 1.65 57.08
DGL-Local 76.01 40.90 87.16 96.37 84.88 1.7 57.01
DGL-Net 76.56 42.01 87.55 97.12 85.72 1.82 57.87

DGL-Net achieves 42.01% on the Open metric. It is worth noting that LXMERT[33]
and DMFNet [46] employ large-scale vision-language pretraining followed by task-specific
fine-tuning, whereas DGL-Net is trained end-to-end from scratch on VQA-specific data.
The comparison herein serves as a reference rather than direct competition: it demon-
strates that the proposed decoupled architecture, despite using significantly fewer pre-
training resources, achieves competitive compositional reasoning performance through
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Table 4. Comparison of parameter count (Params), computational complexity (FLOPs),
and inference speed of DGL-Net and its single-branch variants on the VQA 2.0 test-dev
set.

Models Params (M) FLOPs (G) Time (ms/img) All (%)

baseline 51.61 3.67 2894 70.75

DGL-Global 52.58 3.81 2931 71.08
DGL-Local 75.70 7.09 3803 71.01
DGL-Net - - - 71.73

explicit global-local collaborative mechanisms. This highlights the efficacy of structural
decoupling as a lightweight alternative to massive pretraining for fine-grained reason-
ing tasks.Meanwhile, the model achieves leading performance on Validity and Plausi-
bility, with the global branch’s overall scene constraints and local branch’s precise se-
mantic localization synergistically reducing logical conflicts during reasoning, validat-
ing the advantages of the dual-branch architecture in generating logically reasonable and
semantically credible answers. DGL-Net achieves 57.87% accuracy through end-to-end
training strategies, demonstrating excellent performance among non-pretrained methods.
Compared with single-branch baselines, DGL-Net improves by 0.79% and 0.86% over
DGL-Global and DGL-Local, respectively, while the Consistency metric increases from
approximately 87.2% to 87.55%, further corroborating the effectiveness of the decoupled
collaborative training strategy in improving model reasoning consistency. These results
indicate that even without dependence on large-scale pretraining, the proposed decoupled
architecture can still achieve competitive compositional reasoning performance through
explicit global-local collaborative mechanisms.

Table 4 compares parameter counts, computational complexity, and inference speed
of the single-branch baselines. DGL-Net is not independently listed because its inference
mechanism introduces no additional fusion parameters or gating networks; the final output
derives from simple arithmetic averaging of the two independently trained branch predic-
tions. Thus, the overall complexity is fully determined by the two decoupled branches
without extra overhead from joint training or fusion modules. The global branch incurs
modest computational increase relative to the baseline, while the local branch demands
higher resources owing to its structural sparse attention and hybrid self-attention com-
ponents. Despite the dual-branch architecture, the collaborative inference achieves abso-
lute improvements of 0.65% and 0.72% over the global and local branches respectively,
representing a favorable accuracy-efficiency trade-off. Relative to large-scale pretrained
methods, DGL-Net maintains a significantly lighter footprint, underscoring the practical
viability of structural decoupling for resource-constrained deployment.

4.4. Ablation Studies

To deeply analyze the contribution of each module to model performance, systematic
ablation experiments are conducted on VQA 2.0 test-dev, with results shown in Table 5.
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Module Ablation Experiments

Table 5. Ablation study results on the test-dev split.

Methods
Test-dev

Yes/No Number Other All

DGL-Global (GED+AR) 87.46 53.95 60.96 71.08

DGL-Global w/ AAR 87.30 53.14 60.79 70.85
DGL-Local (LED+AAR) 87.60 53.49 60.80 71.01

DGL-Coupled (Multi-task) 87.54 53.77 60.67 70.95
DGL-Net 87.99 54.42 61.75 71.73

First, experimental settings are explained: DGL-Global (GED+AR) represents the
global understanding branch using only global encoder-decoder and MLP attention com-
pression; DGL-Global w/AAR represents the variant where alignment attention compres-
sion from the local understanding branch is incorrectly applied to the global architec-
ture; DGL-Local (LED+AAR) represents the local understanding branch using only local
encoder-decoder and alignment attention compression; DGL-Coupled represents the cou-
pled paradigm where dual branches adopt multi-task joint training; DGL-Net represents
the complete decoupled collaborative network with independent training and joint infer-
ence proposed in this paper.

Using only the global branch or local branch alone achieves competitive baseline per-
formance, but both achieve only 60.96% and 60.80% on “Other” open-ended questions,
respectively, with overall accuracy failing to break through 71.1%. This indicates inherent
bottlenecks in single-dimensional reasoning capabilities: while the global branch excels
at capturing holistic scene semantics, it lacks precise localization of fine-grained regions;
while the local branch can screen key regions, it may be constrained by neglecting overall
context.

To validate the compatibility between attention compression mechanisms and network
architectures, we apply the local branch’s alignment attention compression to the global
architecture. Results show that this mismatched scheme performance drops to 70.85%, a
decrease of 0.23% compared with DGL-Global, with particularly significant losses in
the “Number” category, dropping from 53.95% to 53.14%. This indicates that cosine
similarity-based sharpening selection mechanisms are more suitable for local reason-
ing requiring precise region screening, while MLP-based adaptive pooling better satisfies
global scene summarization needs, validating the importance of component adaptation in
divide-and-conquer strategies.

Comparison of dual-branch training paradigms shows that DGL-Coupled is signifi-
cantly lower than DGL-Net, with a performance gap of 0.78%. This result indicates that
simple parameter sharing or multi-task optimization leads to mutual interference between
the two branches during gradient updates, making it difficult to balance heterogeneous
optimization objectives for global and local features. In contrast, DGL-Net’s independent
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training strategy enables each branch to focus on capability learning in specific dimen-
sions during optimization, achieving complementary advantages through late fusion and
effectively avoiding optimization conflicts.

Comprehensive results show that DGL-Net improves by 0.79% over the best single
branch in the “Other” category and 0.47% in the “Number” category, validating the gains
of the dual-branch collaborative mechanism for complex reasoning tasks. Particularly in
open-ended questions requiring fine-grained attribute recognition, the complementary fu-
sion of global and local representations significantly enhances the model’s discriminative
capability. These ablation results fully demonstrate the rationality and effectiveness of
each component design in the proposed decoupled global-local collaborative architecture.

Table 6. Threshold ablation.

Parameter
Test-dev

Yes/No Number Other All

τv=0.2 87.48 53.29 60.92 71.00
τv=0.4 87.60 53.49 60.80 71.01
τv=0.6 87.47 53.65 60.61 70.89
τv=0.8 86.77 53.99 60.85 70.75

Threshold Selection Ablation

To validate the rationality of the region association discrimination threshold in visual
sparse adjacency matrix construction, ablation experiments are conducted on VQA 2.0
test-dev, with results shown in Table 6.

Experimental results show that the model achieves optimal overall performance when
τv = 0.4 . When τv = 0.2 , the threshold is too low, causing the sparse matrix to contain
too many weakly associated regions, introducing structural noise and degrading overall
performance. Conversely, when τv = 0.6 or τv = 0.8 , the threshold is too high, caus-
ing excessive sparsity that destroys local structure integrity, resulting in decreased overall
accuracy. Notably, the counting category shows a monotonically increasing trend with
threshold elevation. This indicates that for counting problems requiring precise enumer-
ation of specific objects, high thresholds can effectively filter out core regions highly
relevant to query targets, suppressing duplicate counting risks brought by overlapping
regions or background interference. However, this high sparsity comes at the cost of over-
all structure perception: when τv = 0.8 , “Yes/No” category performance significantly
decreases, and the “Other” category shows obvious decline at the 0.6 threshold, indicat-
ing that extreme sparsity damages the model’s reasoning capability for complex semantic
relationships.

Comprehensive analysis shows that τv = 0.4 maintains appropriate structural spar-
sity while preserving necessary inter-region semantic associations, achieving optimal bal-
ance across “Yes/No”, “Number”, and “Other” question types. Therefore, this paper fixes
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Table 7. Sensitivity analysis of the temperature coefficient on VQA 2.0 test-dev.

τ Yes/No Number Other All

0.01 87.41 53.66 60.61 70.95
0.10 87.60 53.49 60.80 71.01
0.50 87.36 53.37 60.68 70.88
1.00 86.87 53.14 60.72 70.79

τv = 0.4 as the default threshold for visual sparse structure construction in subsequent
experiments.

Sensitivity Analysis of Temperature Coefficient τ

The temperature coefficient τ modulates the sharpness of the local Softmax distribu-
tion in the region screening module. Its empirical impact is systematically assessed on the
VQA 2.0 test-dev split by varying τ over {0.01, 0.1, 0.5, 1.0} while all other hyperparam-
eters remain at their defaults. The results are reported in Table 7.

The results indicate a non-monotonic response of the local branch to τ , with τ = 0.10
yielding the optimal overall accuracy of 71.01%. At τ = 0.01, aggressive sharpening
suppresses duplicate background counts, marginally improving the “Number” metric to
53.66% while degrading “Yes/No” to 87.41% and “Other” to 60.61% due to excessive
contextual truncation. As τ increases beyond 0.10, the Softmax distribution progressively
flattens: “Yes/No” drops monotonically to 86.87% at τ = 1.00, while ”Other” converges
toward the single-branch baseline, indicating loss of discriminative screening. Accord-
ingly, we adopt τ = 0.10 as the default, achieving the best compromise between selective
precision and context preservation.

4.5. Visualization Analysis

To intuitively demonstrate the reasoning mechanism differences between the two branches,
this paper conducts visualization analysis on cross-modal attention weights generated by
the final decoder layer of both branches. Fig 5 shows attention heatmap comparisons
between Global Awareness (global understanding branch) and Local Awareness (local
understanding branch) in typical samples, revealing significant division of labor between
the two in semantic attention levels.

For the first image with question “Is the man wearing sunglasses?”, the global un-
derstanding branch’s attention mainly concentrates on the salient subject “man”, with
heatmaps showing high response values uniformly distributed across region rows and
word columns representing this target, reflecting its macroscopic grasp of scene dominant
objects. However, this holistic perception mode cannot precisely anchor the fine-grained
attribute “sunglasses”, causing key details to be submerged in strong responses from the
subject object. In contrast, the local understanding branch focuses high weights on spe-
cific regions corresponding to “sunglasses” and the semantic association of “wearing”
through sparse structure constraints and alignment attention mechanisms, showing se-
lective enhancement of local details, validating its localization precision in fine-grained
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Fig. 5. Visualization of attention heatmaps.

attribute recognition. For the second image with question “What sports equipment is the
boy holding?”, both branches show more significant semantic hierarchy differences. The
global understanding branch shows strongest response to the verb “holding”, focusing on
overall scene semantics constituted by action relationships; while the local understanding
branch simultaneously focuses on two noun entities “boy” and “equipment”, supporting
answer inference through recognition of specific objects and their attributes. This differ-
ence reflects the complementarity between the global branch’s summarization capability
for high-order semantic relationships such as actions and scene atmospheres, and the local
branch’s precise localization capability for basic visual concepts such as object categories
and spatial attributes.

Attention visualization results indicate that global and local understanding branches
indeed learn heterogeneous attention allocation strategies: the former tends to capture
dominant semantics and relationship structures in overall scenes, while the latter focuses
on fine-grained regions and entity concepts directly related to queries. Collaborative rea-
soning achieved through late fusion effectively compensates for limitations of single per-
ception modes, providing more robust decision foundations for complex visual question
answering tasks.

Furthermore, to validate the collaborative mechanism, qualitative analysis is con-
ducted on diverse question sets for the same image. As shown in Fig 6, joint reason-
ing achieves averaging fusion of dual-branch predictions: when one branch has high
confidence in the correct answer, its advantage can effectively mask the near-random
low-confidence distribution produced by the other branch due to understanding failure,
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thereby synthesizing dual-branch understanding capabilities. Specifically, for fine-grained
questions such as “Is the man wearing sunglasses?”, the local branch has explicit high-
confidence predictions for correct answers, while although the global branch produces
incorrect judgments, its error distribution has relatively low confidence; after averaging,
correct answers still dominate. Conversely, for global reasoning questions such as “Does
the giraffe appear dangerous?”, the global branch’s high confidence in “No” successfully
suppresses the local branch’s erroneous low-confidence responses caused by excessive at-
tention to local textures. This “high-confidence dominance, low-confidence dilution” fu-
sion mechanism enables joint reasoning to stably inherit advantages from single branches
across different question types.

Fig. 6. Qualitative comparison of the joint model and its decoupled branches.

However, when both branches produce errors or when original visual features have
inherent ambiguities, joint reasoning cannot overcome cognitive limitations. For exam-
ple, for “What do you call this sports location?”, all three branches incorrectly judge it
as “Tennis court”, indicating that underlying feature extraction fails to distinguish visual
similarities between baseball fields and tennis courts. At this point, regardless of fusion
strategy, correct semantics cannot be recovered from ambiguous original representations.
Failure cases reveal the current method’s dependence on visual feature quality. In the fu-
ture, more powerful visual backbone networks can be introduced or visual feature adap-
tive enhancement mechanisms can be explored, dynamically adjusting feature extraction
granularity at the encoder front-end according to question types rather than relying on
fixed region proposals, to further enhance model reasoning robustness.

5. Conclusion

This paper proposes a Decoupled Global-Local Collaborative Network for Visual Ques-
tion Answering. Addressing the structural conflict between global semantics and local
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fine-grained perception in VQA, it achieves decoupled modeling of cross-modal rea-
soning through explicit dual-branch architectures. This method breaks through the lim-
itations of traditional single-path attention mechanisms that trade off global and local
objectives within single parameter spaces, constructing independently optimized global
understanding and local understanding branches: the former captures holistic scene se-
mantics through hierarchical attention fusion, while the latter achieves precise localiza-
tion of key regions based on sparse structural multi-head attention and alignment com-
pression mechanisms. The two branches train independently to avoid gradient interfer-
ence, with late fusion achieving complementary advantages. Distinguished from existing
methods that indirectly balance global and local information through multi-task learning
within shared parameter spaces, DGL-Net fundamentally eliminates optimization con-
flicts through physical separation of parameter spaces. Experimental results demonstrate
that this paradigm achieves competitive performance on VQA 2.0 and GQA benchmarks,
with particular advantages in fine-grained reasoning tasks.

However, the proposed method still exhibits two intrinsic limitations. First, the static
arithmetic averaging fusion ignores the dynamic correlation between branch predictive
uncertainties. When one branch produces high-entropy distributions due to ambiguous
inputs, the fixed fusion weight cannot adaptively suppress noisy contributions, rendering
the model prone to erroneous consensus. Second, the reliance on pre-extracted visual fea-
tures limits the model’s generalization capability. When both branches simultaneously err
owing to inherently ambiguous visual features, the late-fusion mechanism cannot recover
correct semantics from corrupted representations.In light of these limitations, future re-
search will focus on two core directions. First, addressing the static fusion bottleneck, we
will explore uncertainty-driven adaptive fusion paradigms by establishing dynamic eval-
uation mechanisms for branch confidence, enabling fusion weights to be adaptively reg-
ulated according to input reliability, thereby transcending the robustness ceiling of fixed
fusion strategies. Second, addressing the fixed backbone dependency, we will advance to-
ward end-to-end multi-scale visual representation learning, investigating mechanisms that
dynamically adjust feature extraction granularity and receptive field scope in accordance
with reasoning task characteristics, so as to reduce reliance on pretrained detectors while
enhancing the generalization and discriminability of visual inputs.
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