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The large-scale development of live-streaming e-commerce has created an urgent demand 

for real-time product image recognition. However, products in live broadcasts often suffer 

from degradation such as motion blur, partial occlusion, and complex backgrounds due to 

camera movement, host manipulation, and scene switching. Moreover, fine-grained product 

categories exhibit subtle inter-class differences, which causes significant bottlenecks in both 

robustness and discriminability for recognition methods relying solely on single RGB 

appearance features. To address these challenges, this paper proposes the Saliency-Guided 

and Quality-Aware Multi-Modal Fusion Network (SG-QMFNet). The method jointly 

models four complementary cues: RGB appearance, edge structure, weakly supervised 

saliency, and on-screen Optical Character Recognition (OCR) text. It constructs a structure–

appearance–semantic three-stream cross-modal alignment Transformer, where intra-modal 

self-attention and inter-modal cross-attention interact layer by layer to achieve deep 

alignment and complementary enhancement of heterogeneous features in a unified semantic 

space. To suppress interference from low-quality modalities, an uncertainty-driven dynamic 

gating fusion mechanism is designed. This mechanism uses classification confidence as a 

self-supervised signal to estimate per-frame reliability of each modality and adaptively 

adjusts fusion weights through a differentiable gating function. On the temporal dimension, 

a quality-aware temporal aggregation module is proposed, which jointly regresses frame-

level quality scores using clarity metrics, saliency completeness, and detection confidence, 

and embeds them as attention biases into the temporal encoding process. This enables the 

selection of highly discriminative information from continuous frames while suppressing 

the negative impact of degraded frames. The four modules are progressively connected with 

degradation robustness as the core objective, forming a unified end-to-end recognition 

framework. Experiments on the self-built live-streaming product dataset LiveProduct-10K 

show that SG-QMFNet achieves a Top-1 accuracy of 85.7% and an mean Average Precision 

(mAP) of 87.5%, which are 3.3% and 2.8% higher than the best baseline method, 

respectively. On subsets with motion blur and partial occlusion, the improvement exceeds 7 

percentage points. Generalization experiments on the public fine-grained product dataset 

Product-100 further verify the effectiveness of the method in static scenarios. Ablation 

studies and visualization analyses reveal the independent contributions and synergistic 

mechanisms of each module. 
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1. INTRODUCTION

The large-scale development of live-streaming e-commerce 

has made real-time product image recognition a key problem 

that urgently needs to be solved in the field of computer vision 

[1]. Unlike static product images, product targets in live-

streaming frames are continuously in dynamic change. 

Camera movement, host hand gestures, and frequent scene 

switching cause degradation such as motion blur, defocus, and 

partial occlusion [2]. Overlapping bullet comments and 

decorative props in the background further increase 

interference [3]. At the same time, live-streaming product 

recognition usually targets fine-grained categories, such as 

lipsticks of different shades or snacks of different flavors, 

where inter-class differences are subtle, posing higher 

requirements for feature discriminability [4]. Traditional 

recognition methods based on single RGB appearance features 

suffer a sharp performance drop under degradation conditions 

[5], making it difficult to meet the dual requirements of real-

time performance and robustness in live-streaming scenarios. 

From the perspective of image processing, edge structure 

information can still maintain high stability under blur and 

low-light conditions [6]; saliency information helps suppress 

complex background interference [7]; and on-screen Optical 

Character Recognition (OCR) text can provide direct category 

semantic prior [8]. Therefore, how to effectively fuse these 

heterogeneous modalities [9] and dynamically select high-

quality information in continuous frames [10] constitutes the 
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core scientific problem for improving live-streaming product 

recognition performance. 

Existing research on product recognition still has obvious 

shortcomings in the above aspects [11]. First, the 

discriminability of single-modal features is severely 

constrained by degradation factors [12]. Most methods rely 

only on RGB appearance features. Under conditions such as 

motion blur, surface reflection, and occlusion, appearance 

texture information is largely lost, while complementary 

modalities such as edge structure and text semantics are not 

fully explored and utilized [13]. Second, foreground modeling 

under complex backgrounds is relatively weak [14]. In live-

streaming frames, the product region usually occupies only a 

small part of the frame. Existing methods mostly use global 

features or features directly extracted from detection bounding 

boxes for classification, lacking fine-grained decoupling of the 

product foreground region [15]. This causes a large amount of 

background noise to mix into the discriminative features, 

significantly reducing recognition accuracy [16]. Third, multi-

modal fusion strategies are relatively simple. Existing works 

have attempted to combine text and image modalities, but 

mostly adopt feature concatenation or fixed-weight addition 

[17], without considering the reliability differences of 

different modalities across different frames and under different 

degradation conditions, thus failing to achieve truly adaptive 

fusion [18]. Fourth, the utilization of temporal redundant 

information is insufficient. Live streaming itself is a 

continuous video stream, and there are significant quality 

differences and complementary cues between frames [19]. 

However, existing methods generally perform recognition 

based on a single frame, so single-frame misjudgments cannot 

be effectively corrected by temporal context, limiting overall 

recognition stability [20]. 

To address the above problems, this paper proposes a 

Saliency-Guided and Quality-Aware Multi-Modal Fusion 

Network (SG-QMFNet). The method jointly models four 

complementary cues: RGB appearance, edge structure, weakly 

supervised saliency, and on-screen OCR text. It constructs a 

structure–appearance–semantic three-stream cross-modal 

alignment Transformer, and achieves deep alignment and 

complementary enhancement of heterogeneous features 

through layer-by-layer attention interaction. To suppress 

interference from low-quality modalities, an uncertainty-

driven dynamic gating fusion mechanism is designed, which 

uses classification confidence as a self-supervised signal to 

estimate the per-frame reliability of each modality and 

adaptively adjusts fusion weights. On the temporal dimension, 

a quality-aware temporal aggregation module is proposed, 

which jointly regresses frame-level quality scores using clarity 

metrics, saliency completeness, and detection confidence, and 

embeds them as attention biases into the temporal encoding 

process, thereby selecting highly discriminative information 

from continuous frames and suppressing the negative impact 

of degraded frames. The above modules are progressively 

connected with degradation robustness as the core objective, 

forming a unified end-to-end recognition framework. 

The rest of this paper is organized as follows. Section 2 

introduces the overall architecture of SG-QMFNet and the 

technical implementation of each core module in detail; 

Section 3 presents comparison experiments, ablation 

experiments, robustness analysis, and visualization 

discussions on the self-built live-streaming product dataset 

and the public fine-grained product dataset; Section 4 

concludes the paper and looks forward to future research 

directions. 

 

 

2. METHOD 

 

2.1 Overall framework 

 

SG-QMFNet takes a continuous -frame live-streaming 

video clip as input. Each frame It  first passes through a 

lightweight object detector to extract candidate product 

regions, and simultaneously constructs four modal 

representations: RGB image patches, Canny edge maps, 

weakly supervised saliency maps, and OCR text sequences. 

The RGB branch adopts EfficientNet-B4 to extract appearance 

features. The edge branch uses a shallow convolutional 

network to capture structural information from binary edge 

maps. The saliency map performs foreground decoupling on 

RGB features to suppress background interference. The text 

sequence is encoded into semantic vectors by a lightweight 

Bidirectional Encoder Representations from Transformers 

(BERT). The decoupled appearance features, edge features, 

and text features are converted into token sequences of a 

unified dimension and fed into a cross-modal alignment 

Transformer for layer-by-layer interaction, enabling deep 

alignment of structure, appearance, and semantic information 

in a shared representation space. The aligned global 

representations of each modality are adaptively fused via an 

uncertainty-driven dynamic gating mechanism to obtain the 

frame-level representation Ffused
(t)

. The quality-aware temporal 

aggregation module then performs weighted encoding on the 

fused features of T consecutive frames, outputs a video-level 

product representation, and feeds it into a classifier to 

complete the final recognition. The detailed design of each 

module is presented in turn below. 

 

2.2 Multi-modal input construction and feature encoding 

 

The original resolution of live-streaming frames is usually 

1920 × 1080 or 1280 × 720. Directly performing recognition 

on the full frame would introduce a large amount of 

background noise and incur high computational cost. This 

paper first uses a You Only Look Once version 5 small 

(YOLOv5s) detector pre-trained on the COCO dataset and 

fine-tuned on self-built live-streaming product detection data 

to extract all candidate product regions, with a confidence 

threshold of 0.3 and an Intersection over Union (IoU) 

threshold of 0.5 for non-maximum suppression. For each 

detected product bounding box, the margin is expanded 

outward by 10% to retain necessary contextual information, 

and then the region is cropped and resized to a resolution of 

224 × 224, yielding the RGB image patch It
rgb

. When multiple 

product targets exist in a frame, each target independently 

enters the subsequent pipeline for separate recognition. For 

matching the same target across consecutive frames, a joint 

criterion of bounding box IoU and appearance feature 

similarity is used for simple tracking, ensuring that the features 

of each frame in the temporal aggregation stage correspond to 

the same product instance. 

Motion blur, low lighting, and partial occlusion in live-

streaming frames significantly damage RGB appearance 

features, causing a large loss of texture details. However, 

structural information such as the contour boundaries of 

products and the edges of packaging text is largely preserved. 

Based on this observation, this paper introduces an edge 
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structure modality to provide stable discriminative cues for 

degraded frames. For each RGB image patch It
rgb

, it is first 

converted to a grayscale image and smoothed with a Gaussian 

filter with a kernel size of 5 × 5 and a standard deviation of 1.0 

to suppress sensor noise. Then the Canny edge detector is 

applied with a low threshold of 50 and a high threshold of 150 

to obtain a binary edge map It
edge

{0,1}
224×224

. The edge 

branch uses a three-layer shallow convolutional network for 

feature extraction: the first layer uses a 3 × 3 convolution with 

stride 2 and 32 channels, followed by Batch Normalization 

(BatchNorm) and Rectified Linear Unit (ReLU); the second 

layer uses a 3 × 3 convolution with stride 2 and 64 channels, 

followed by BatchNorm and ReLU; the third layer uses a 3 × 

3 convolution with stride 2 and 112 channels, followed by 

BatchNorm and ReLU. The output feature map 

FedgeR
112×28×28  is strictly aligned in spatial size with the 

output of the third stage of the RGB backbone network. Since 

the edge branch network has limited depth, its computational 

overhead is negligible while it can quickly respond to spatial 

changes in structural information. 

The RGB appearance branch adopts EfficientNet-B4 as the 

backbone network. The network is pre-trained on ImageNet 

and has good feature extraction capability and computational 

efficiency. This paper selects the output feature map of its third 

stage as the appearance representation, because this stage 

achieves a good balance between semantic abstraction level 

and spatial resolution. It not only retains sufficient local details 

to support fine-grained discrimination, but also has a certain 

semantic abstraction capability to cope with appearance 

changes. The input 224 × 224 image patch is processed by the 

third stage to obtain the feature map FrgbR
112×28×28 . The 

parameters of the first two stages of the backbone network are 

frozen in the first training stage to stabilize the feature 

distribution, and the parameters of the third stage and 

subsequent stages are kept trainable. 

 

 
 

Figure 1. Schematic diagram of multi-modal input construction and feature extraction module 
Note: ROI: Region of Interest; YOLOv5s: You Only Look Once version 5 small; BERT: Bidirectional Encoder Representations from Transformers; CNN: 

Convolutional Neural Network; PaddleOCR: Paddle Optical Character Recognition. 
 

Live-streaming frames contain rich text information, 

including product titles, price tags, brand names, and high-

frequency keywords in bullet comments. These texts have a 

strong semantic indication effect on product categories. This 

paper uses the PaddleOCR engine to perform text detection 

and recognition on the entire frame, supporting mixed Chinese 

and English scenarios. For each candidate product region, all 

text boxes whose IoU with its bounding box is greater than 0.2 

are selected, sorted in descending order by detection 

confidence, and the top L = 32 text tokens are intercepted. If 

the number of valid tokens is less than 32, it is padded with a 

special padding token. Each text token is mapped to a vector 

through a lightweight BERT encoder. The encoder contains 2 

Transformer layers, with a hidden dimension of 112 and 4 

attention heads, and finally obtains the text sequence feature 

FtextR
L×112. When the OCR engine fails to detect any text, a 

learnable empty text token is input, so that the text modality 

degenerates into a fixed category-independent prior, avoiding 

invalid information from interfering with the subsequent 

fusion process. Figure 1 shows the schematic diagram of 

multi-modal input construction and feature extraction module. 

 

2.3 Saliency-guided product region decoupling 

 

In live-streaming scenarios, product regions are often 

partially occluded by host hand gestures, props, background 

decorations, and bullet comments. Directly performing global 

pooling on candidate regions will introduce a large amount of 

background noise unrelated to the product. To this end, this 

paper constructs a weakly supervised saliency generation 

network to generate a product foreground probability map 

using only category labels, and accordingly performs 

foreground enhancement and background suppression on 

RGB features. Figure 2 shows the principle of the RGB feature 

foreground decoupling mechanism based on weakly 

supervised saliency. The saliency decoder takes the feature 

map FrgbR
112×28×28 output from the third stage of the RGB 

backbone network as input. Its structure consists of two 

convolutional layers: the first layer is a 3 × 3 convolution with 

stride 1 and padding 1, reducing the number of channels from 
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112 to 64, followed by BatchNorm and ReLU; the second 

layer is a 3 × 3 convolution with stride 1 and padding 1, 

reducing the number of channels from 64 to 1, followed by 

Sigmoid activation. The output initial saliency map 

Sinit[0,1]28×28 , where the value at each spatial location 

indicates the probability that the location belongs to the 

product foreground. Since only category labels are provided 

during the training process, a weak supervision mechanism 

needs to be established to guide the saliency map to focus on 

discriminative regions. This paper uses the Gradient-weighted 

Class Activation Mapping (Grad-CAM) of the classification 

branch to generate a class activation map Mcam[0,1]28×28 . 

The calculation method is as follows: Frgb  is processed by 

global average pooling and then sent to a fully connected layer 

to obtain classification logits. The gradient of the target 

category is back-propagated to Frgb, and the global average of 

the gradient for each channel is calculated to obtain channel 

weights. After weighted summation, ReLU and normalization 

are applied to obtain the class activation map. Then a center 

constraint is applied to the initial saliency map to keep its high-

response region consistent with the high-response region of 

the class activation map. The constraint loss is defined as: 

 

𝐿center=
1

|Ω|
∑ (Sinit(p)-M‾ cam(p))

2

pΩ

 (1) 

 

where, Ω  is the set of spatial locations, and M‾ cam  is the 

normalized class activation map. This loss forces the main 

response of the saliency map to coincide with the classification 

discriminative region, thereby achieving foreground 

localization without pixel-level annotations. 

 

 
 

Figure 2. RGB feature foreground decoupling mechanism based on weakly supervised saliency 

 

The initial saliency map is usually blurry at the boundary 

and difficult to accurately fit the product contour. To alleviate 

this problem, an edge prior constraint is introduced to align the 

spatial gradient distribution of the saliency map with the edge 

structure information. Specifically, the binary edge map It
edge

 

is first downsampled to 28 × 28, denoted as Ît
edge

, and then the 

edge alignment loss is defined as: 

 

𝐿edge=
1

|Ω|
∑ ∥

∥∇Sinit(p)-∇Ît
edge

(p)∥
∥
2

2

pΩ

 (2) 

 

where, ∇  represents the spatial gradient calculated by the 

Sobel operator, and Ît
edge

 is the edge prior after downsampling 

the original binary edge map It
edge

 to 28 × 28. This loss 

encourages the saliency map to produce a gradient change of 

corresponding amplitude at locations with strong edge 

response, so that the saliency boundary tends to the product 

contour. It should be noted that the Canny edge map 

simultaneously contains edges of background objects, but the 

center constraint loss has pulled the saliency main body to the 

product region. Under the joint action of the two, the saliency 

map will preferentially fit the boundary of the product main 

body. The final saliency map St is obtained by upsampling the 

initial map Sinit to 224 × 224 and applying Gaussian smoothing, 

with a smoothing kernel size of 3 × 3 and a standard deviation 

of 0.8. In the inference stage, the saliency map can be directly 

obtained through a single forward propagation without any 

additional annotations. 

After obtaining the saliency map, it is downsampled to 28 × 

28 to obtain St' . Foreground enhancement and background 

suppression operations are performed on the RGB features, 

specifically calculated as: 

 

Frgb
fg
=Frgb⊙St', Frgb

bg
=Frgb⊙(1-St') (3) 

 

where, ⊙  denotes element-wise multiplication. The 

foreground enhancement feature Frgb
fg

 amplifies the feature 

response of the product main body region, and the background 

suppression feature Frgb
bg

 retains the residual information of the 

non-main body region. The two are concatenated with the 

original feature Frgb along the channel dimension to obtain a 

feature map with 336 channels, which is then reduced to 112 

dimensions by a 1 × 1 convolution, forming the decoupled 

appearance representation Frgb
decR112×28×28 . This 

representation significantly strengthens the foreground 

discriminative information while retaining the global context, 

providing a cleaner appearance feature for subsequent cross-

modal alignment. 
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Figure 3. Architecture of the structure–appearance–semantics three-stream cross-modal alignment transformer 

 

2.4 Structure–appearance–semantics three-stream cross-

modal alignment transformer 

 

To fuse the decoupled appearance features, edge structure 

features, and textual semantic features, this paper constructs a 

three-stream cross-modal alignment Transformer. It maps the 

three modalities into a unified token space and achieves 

information complementarity through layer-by-layer attention 

interaction. Figure 3 illustrates the architecture of the 

structure–appearance–semantics three-stream cross-modal 

alignment Transformer. First, the decoupled appearance 

feature Frgb
decR112×28×28 and the edge feature FedgeR

112×28×28 

are flattened into spatial token sequences Xv = {x1
v ,…,xN

v } and 

Xe = {x1
e ,…,xN

e } , respectively, where N = 28 × 28 = 784 , and 

the dimension of each token is 112. The text feature 

FtextR
L×112 is itself a sequence, with the number of tokens 

L = 32, and its dimension is consistent with the visual tokens. 

The three types of tokens share the same feature dimension, 

facilitating unified attention calculation in the subsequent 

steps. To distinguish the modality sources, learnable modality 

type embeddings ev,ee,etR112  are added to each token, 

corresponding to the appearance, structure, and semantics 

modalities, respectively. For the two types of visual tokens 

(appearance and structure), learnable spatial position 

encodings PRN×112  are also appended to preserve spatial 

structural information. The final token sequence 

representations input to the Transformer are: 

 

X̃
v
=Xv+ev+P, X̃

e
=Xe+ee+P, X̃

t
=Xt+et (4) 

 

The cross-modal alignment Transformer is stacked with 

K = 3 layers. Each layer contains an intra-modal self-attention 

sub-layer and an inter-modal cross-attention sub-layer, 

followed by a residual connection and LayerNorm for each 

sub-layer. The intra-modal self-attention separately applies 

standard multi-head self-attention to each modality to model 

the global dependencies within each modality. Taking the 

calculation of the appearance modality at layer as an example, 

its self-attention output is: 

X̃
v,(k)

=LayerNorm (Xv,(k-1)
+SelfAttn(Xv,(k-1))) (5) 

 

where, SelfAttn( )  is the multi-head self-attention, with the 

number of heads set to 4, and the dimension of each head set 

to 28. The self-attention calculation methods for the structure 

and semantics modalities are the same, but the projection 

parameters of each modality are independent of each other. In 

the inter-modal cross-attention sub-layer, pairwise interactions 

are performed between the modalities. Taking the case where 

appearance tokens act as queries and structure tokens act as 

keys and values as an example, the cross-attention is 

calculated as: 

 

CrossAttn(Xv,Xe)=softmax(
Q
v
Ke
T

√d
)Ve (6) 

 

where, Q
v
 = X̃

v,(k)
WQ
v , Ke = X̃

e,(k)
WK
e , Ve = X̃

e,(k)
WV
e , 

WQ
v ,WK

e ,WV
eR112×112  are learnable projection matrices, and 

d = 112  is the feature dimension. The output of the cross-

attention is processed by a residual connection and LayerNorm 

to obtain the updated appearance tokens:  

 

Xv,
(k)
=LayerNorm (X̃

v,(k)
+CrossAttn (X̃

v,(k)
,X̃
e,(k)

)) (7) 

 

Similarly, appearance tokens also perform cross-attention 

with semantic tokens, structure tokens interact with 

appearance and semantic tokens respectively, and semantic 

tokens interact with appearance and structure tokens 

respectively. In each layer, each modality performs cross-

attention once with each of the other two modalities, resulting 

in a total of six pairwise interactions, thereby achieving 

sufficient inter-modal information flow at a controllable 

computational cost. 

After K = 3 stacking layers, the aligned three types of token 

representations Zv,Ze,Zt are obtained. The token sequences of 

each modality are average-pooled to obtain the global 

representation of that modality: 
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z‾v=
1

N
∑ zi

v

N

i=1

, z‾e=
1

N
∑ zi

e

N

i=1

, z‾t=
1

L
∑ zi

t

L

i=1

 (8) 

 

To explicitly pull closer the distance between 

representations of the same product under different modalities 

while increasing the modal distance between different 

products, a cross-modal contrastive alignment loss is 

introduced. For the samples within a batch B, two contrastive 

terms—appearance vs. structure and appearance vs. 

semantics—are constructed. The loss function is defined as: 

 

𝐿align =  

-
1

B
∑ log

B

i=1

exp(sim(z‾i
v,z‾i

e)/τ)+exp(sim(z‾i
v,z‾i

t)/τ)

∑ [exp(sim(z‾i
v,z‾j

e)/τ)+exp(sim(z‾i
v,z‾j

t)/τ)]B
j=1

 
(9) 

 

where, sim(a,b) denotes cosine similarity, and τ = 0.07 is the 

temperature parameter. This loss encourages the appearance 

representation of the same product to be close to its structure 

representation and semantics representation in the embedding 

space, thereby enhancing the information consistency between 

different modalities and promoting the subsequent fusion 

stage to fully utilize multi-modal complementary cues. During 

training, the samples within a batch come from different 

categories, so negative sample pairs are formed naturally 

without requiring additional construction. 

 

2.5 Uncertainty-driven dynamic modal gating fusion 

 

After obtaining the three types of global representations 

from cross-modal alignment, the reliability of different 

modalities in the same frame often varies significantly. In 

motion-blurred frames, edge structure features are usually 

more stable than RGB appearance features; while when OCR 

text is missing or recognition is incorrect, the text semantic 

modality should not be given excessive trust. To adapt to this 

frame-by-frame variation in modal reliability, this paper 

introduces an uncertainty estimation branch for each modality. 

For the global representations of the appearance, structure, and 

semantics modalities z‾v,z‾e,z‾t , each is mapped to a scalar 

uncertainty score through a two-layer Multi-Layer Perceptron 

(MLP). The input dimension of the MLP is 112, the hidden 

layer dimension is 64, ReLU activation is used, the output 

layer is 1-dimensional, and it is finally activated by softplus to 

ensure non-negativity. Taking the appearance modality as an 

example, its uncertainty score is calculated as: 

 

uv=log (1+exp(MLPv(z‾
v))) (10) 

 

The uncertainty scores ue,ut for the structure and semantics 

modalities are obtained in the same way. The smooth property 

of the softplus activation is beneficial for gradient 

backpropagation and training stability. The larger the value of 

um ≥ 0, the lower the reliability of that modality in the current 

frame. The introduction of this branch enables the network to 

quantitatively evaluate the credibility of each modality based 

on its own feature state, providing a basis for subsequent 

adaptive fusion. 

Based on the above uncertainty scores, the gating weights 

corresponding to each modality are calculated. For the 

appearance, structure, and semantics modalities, the weights 

are defined as: 

 

g
m
=

exp(-um/τg)

∑ expi{v,e,t} (-ui/τg)
 (11) 

 

where, τg = 0.5  is the temperature hyperparameter, used to 

control the smoothness of the weight distribution. When the 

uncertainty score of a certain modality is significantly higher 

than the others, its corresponding gating weight will be 

automatically reduced; conversely, modalities with lower 

uncertainty will obtain larger fusion weights. The sum of the 

three gating weights is always 1, ensuring the scale stability of 

the fused representation. The final frame-level fused feature is 

obtained by weighted summation of the global representations 

of each modality according to the gating weights, namely: 

 

Ffused=gv⋅z‾
v+g

e
⋅z‾e+g

t
⋅z‾t (12) 

 

This dynamic weighting method enables the fusion process 

to adaptively adjust according to the modal reliability of each 

frame, avoiding the suboptimal problems that fixed weights or 

simple concatenation may cause under different degradation 

conditions. 

 

 
 

Figure 4. Uncertainty-driven dynamic modal gating fusion module 
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To give the uncertainty estimation a clear semantic meaning, 

classification confidence is used as a self-supervised signal for 

constraint. The global representations of the three modalities 

z‾v,z‾e,z‾t  are respectively fed into a shared fully connected 

classifier to obtain their respective predicted probability 

distributions p
v
,p
e
,p
t

. Taking the predicted probability 

corresponding to the ground-truth category p
m
gt , the target 

uncertainty of this modality is defined as 1-p
m
gt, which means 

that the lower the prediction confidence, the higher the 

uncertainty should be. Thus, a mean square error loss is 

constructed: 

 

𝐿unc=
1

3
∑ (um-(1-pm

gt))
2

m{v,e,t}   (13) 

 

This loss guides the uncertainty estimation network to learn 

the correspondence between modal reliability and 

classification confidence. During training, the predicted 

probabilities of each modality are synchronously updated 

through the shared classifier, and the uncertainty branch 

adjusts its output accordingly. In the inference stage, the 

uncertainty score can be directly obtained by forward 

calculation of the MLP without relying on additional output 

from the classifier, thus not increasing inference complexity. 

Through the above self-supervised mechanism, dynamic 

gating fusion can perceive modal quality at the semantic level, 

thereby effectively suppressing the interference of low-quality 

modalities in the frame-level representation. Figure 4 shows 

the complete architecture of the uncertainty-driven dynamic 

modal gating fusion module. 

 

2.6 Quality-aware temporal feature aggregation 

 

The quality difference between consecutive frames of live-

streaming video is significant. Some frames are clear and 

without occlusion, while some frames may suffer from blur, 

occlusion, or illumination degradation due to camera 

movement or target interaction. If all frames are aggregated 

with the same weight, the noise in low-quality frames will 

weaken the discriminative contribution of high-quality frames. 

To this end, this paper constructs a quality-aware temporal 

aggregation module, which estimates a comprehensive quality 

score for each frame and introduces this score as a bias in 

temporal attention to achieve selective aggregation. The 

calculation of the frame-level quality score is based on three 

complementary indicators. The sharpness score is measured 

by the variance of the Laplacian. The Laplacian operator 

response is calculated on the grayscale image patch It
gray

 and 

its variance is computed, namely: 

 

q
t
sharp=

1

Np
∑ (∇2It

gray(p)-μ
lap

)
2

p   (14) 

 

where, ∇2 represents the 3 × 3 Laplacian convolution kernel, 

μ
lap

 is the mean of the Laplacian response, and Np is the total 

number of pixels. A higher sharpness score indicates that the 

frame image is clearer. The saliency completeness is defined 

as the spatial mean of the saliency map S‾ t , reflecting the 

proportion of the product foreground in the candidate region. 

When severe occlusion occurs, the foreground region shrinks 

and the mean decreases accordingly. The detection confidence 

ct[0,1]  is given by the object detector, indicating the 

reliability of the candidate box. The three indicators are 

concatenated into a three-dimensional vector and then input 

into a lightweight regression network. The network is a three-

layer MLP with an input dimension of 3, a hidden layer 

dimension of 16, and the output is activated by Sigmoid to 

obtain the frame-level comprehensive quality score: 

 

q
t
=σ (MLP([q

t
sharp,S‾ t,ct])) (15) 

 

where, q
t
(0,1), and a larger value indicates higher frame 

quality. The regression network is jointly trained with the 

overall framework without requiring additional annotations. 

The selection of the three indicators takes into account the 

quality attributes of image sharpness, foreground 

completeness, and detection reliability. 

After obtaining the quality scores of each frame, they are 

embedded into the aggregation process as additive biases of 

temporal attention. The frame-level fused features of T 

consecutive frames Ffused
(1)

,…,Ffused
(T)

 are formed into a sequence 

and input to a single-layer Transformer encoder, with the 

dimension of each feature being 112. In the self-attention 

calculation, after the dot product of query and key is scaled, it 

is linearly added to the quality score vector. The attention 

weight calculation formula is: 

 

Attn(Q,K,V)=softmax (
QKT

√d
+λq1q

T)V (16) 

 

where, Q,K,V  are the query, key, and value matrices, 

respectively, d = 112  is the feature dimension, q = 

[q
1
,…,q

T
]
⊤
RT×1 is the quality score vector, 1RT×1 is an all-

ones vector, so 1qTRT×T adds the quality score of each frame 

as an additive bias on the key dimension. λq  is a learnable 

scaling factor, initialized to 0.1. The introduction of this bias 

term makes the attention weight tilt toward high-quality 

frames on the basis of the original content similarity, while 

preserving the global temporal dependency between frames, 

avoiding information discontinuity that may be caused by hard 

threshold screening. The Transformer encoder adopts 4 

attention heads, the hidden dimension of the feed-forward 

network is 256, and the Dropout rate is 0.1, which is consistent 

with the training configuration of the overall framework. 

The output sequence of the encoder is average-pooled to 

obtain the video-level product representation: 

 

Fvideo=
1

T
∑ ht

T

t=1

 (17) 

 

where, ht is the output vector of the t-th frame after passing 

through the Transformer encoder. This video-level 

representation fuses multi-frame information and implicitly 

suppresses low-quality frames according to the quality scores, 

and then is fed into a fully connected classifier to obtain the 

final category prediction. Through this aggregation method, 

single-frame misjudgments can be effectively corrected by the 

temporal context, while the discriminative information of 

high-quality frames is enhanced, thereby improving 

recognition stability at the video level. The computational 

overhead of the entire quality-aware temporal aggregation 

module only adds a single-layer Transformer, which does not 

cause a significant burden on real-time inference. Figure 5 

shows the complete principle of the quality-aware temporal 

feature aggregation module and video-level classification. 
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Figure 5. Quality-aware temporal feature aggregation module and video-level classification 
Note: YOLO: You Only Look Once; MLP: Multi-Layer Perceptron. 

 

2.7 Loss function 

 

The training of SG-QMFNet is completed by jointly 

optimizing five losses. The total loss is defined as: 

 

𝐿total=𝐿cls+λ1𝐿sal+λ2𝐿align+λ3𝐿unc+λ4𝐿temp (18) 

 

where, 𝐿cls is the video-level classification cross-entropy loss, 

calculated as -logp
video

gt
, and p

video

gt
 represents the probability 

corresponding to the ground-truth category in the video-level 

prediction. 𝐿sal  is the weakly supervised saliency loss, 

composed of the center constraint loss 𝐿center  and the edge 

alignment loss 𝐿edge , which respectively constrain the main 

response location and boundary gradient distribution of the 

saliency map. 𝐿align is the cross-modal contrastive alignment 

loss, used to pull closer the representation distances of the 

same product under appearance, structure, and semantic 

modalities. 𝐿unc is the uncertainty self-supervised loss, which 

uses the classification confidence of each modality as the 

target signal to guide the uncertainty estimation branch to 

output scores consistent with modal reliability. 𝐿temp  is the 

temporal consistency loss, defined as: 

 

𝐿temp=
1

T-1
∑∥∥Ffused

(t)
-Ffused

(t+1)
∥∥
2

2
T-1

t=1

 (19) 

 

This term constrains the fused features of adjacent frames 

to change smoothly, suppressing drastic fluctuations in inter-

frame representations. The five loss terms act on different 

stages such as saliency generation, cross-modal alignment, 

gated fusion, and temporal aggregation, forming a complete 

supervision for the overall framework. 

The weight coefficients of each loss term are determined by 

grid search on the validation set, and are finally set to λ1 = 0.5, 

λ2 = 0.3, λ3 = 0.2, λ4 = 0.1. Training is conducted in two stages: 

in the first stage, the parameters of the first two stages of the 

backbone network are frozen, and only the saliency decoder, 

edge branch, text encoder, gated fusion module, and classifier 

are trained for 10 epochs; in the second stage, all trainable 

parameters are unfrozen for end-to-end fine-tuning for 30 

epochs. The optimizer uses Adam with Weight Decay 

(AdamW), the batch size is set to 32, the initial learning rate is 

1 × 10-4, the weight decay is 0.05, and the learning rate decays 

according to the cosine annealing strategy. The number of 

input frames is fixed to T = 5 , and the resolution of image 

patches is uniformly 224 × 224. The data augmentation 

strategies include random cropping, horizontal flipping, color 

jittering, and random occlusion simulation. The latter 

approximates local occlusion caused by host hand gestures and 

props by randomly covering rectangular areas in the image 

patch, enhancing the model's robustness to occlusion scenarios. 

 

 

3. EXPERIMENTAL RESULTS AND ANALYSIS 

 

3.1 Dataset and experimental setup 

 

There is a lack of fine-grained product recognition 

benchmarks for live-streaming scenarios in existing public 

datasets. This paper constructs the LiveProduct-10K dataset. 

The data is sourced from public replay videos of multiple real 

e-commerce live-streaming platforms, covering 50 fine-

grained product categories, including 12 categories of lipstick, 

10 categories of snacks, 8 categories of beverages, 7 categories 

of phone cases, and 13 categories of skincare products. For 

each category, video clips containing the target product are 

intercepted from different live rooms and different time 

periods. Each clip lasts about 2 seconds, from which 5 frames 

are sampled at equal intervals as representative frames. Each 

frame is annotated with product bounding boxes and category 

labels, and the degradation type is recorded. The dataset 

contains a total of 10,000 clips, which are divided into training, 

validation, and test sets in an 8:1:1 ratio. Table 1 shows the 

detailed statistics of the dataset. 
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Table 1. Statistics of the LiveProduct-10K dataset 

 
Statistic Item Value 

Total number of clips 10,000 
Total number of frames 50,000 
Number of categories 50 

Average number of clips per category 200 
Average number of product bounding boxes per 

frame 
1.3 

Training/Validation/Test clips 8,000/1,000/1,000 
Proportion of clips with motion blur 22.4% 

Proportion of clips with partial occlusion 31.7% 
Proportion of clips with low lighting 18.9% 

Proportion of clips with complex background 45.2% 
Proportion of clips without degradation 27.6% 

 

As can be seen from Table 1, the dataset exhibits significant 

diversity in the distribution of degradation types. More than 

70% of the clips contain at least one degradation scenario, with 

complex backgrounds and partial occlusion having the highest 

proportions, reaching 45.2% and 31.7%, respectively. This 

distribution characteristic is highly consistent with the visual 

conditions in real live-streaming scenarios and can effectively 

test the recognition capability of the method under non-ideal 

conditions. 

To verify the generalization performance, experiments were 

also conducted on the public fine-grained product dataset 

Product-10K. A subset named Product-100 was formed by 

selecting 100 categories containing at least 50 samples, 

totaling approximately 50,000 static product images. Since 

this dataset consists of static images, the experiment runs in 

single-frame inference mode and does not enable the quality-

aware temporal aggregation module to ensure a fair 

comparison. 

The evaluation metrics include Top-1 accuracy, Top-5 

accuracy, and mean Average Precision (mAP). Frame-level 

inference speed (FPS) is also reported to evaluate 

computational efficiency. All experiments were completed on 

a single NVIDIA RTX 3090 GPU, implemented based on 

PyTorch 1.12. The backbone network EfficientNet-B4 is pre-

trained on ImageNet, the edge branch and saliency decoder are 

randomly initialized, and the lightweight BERT encoder uses 

pre-trained weights from Chinese Wikipedia. The number of 

input frames is T = 5, and the resolution of image patches is 

224 × 224. Training uses the AdamW optimizer with a batch 

size of 32, an initial learning rate of 1 × 10-4, cosine annealing 

scheduling, and a total of 40 epochs. 

 

3.2 Comparison experiments with existing methods 

 

To comprehensively evaluate the performance of SG-

QMFNet, three types of representative methods are selected 

for comparison: single-modal image classification methods 

include Residual Network (ResNet)-50, Efficient Network-B4, 

and Swin Transformer (Swin-T); fine-grained recognition 

methods include Neural Teacher Student Network (NTS-Net), 

Contrastive Attention Learning (CAL), and Transformer for 

Fine-Grained Recognition (TransFG); multi-modal fusion 

methods include Vision-and-Language Transformer (ViLT) 

and ALign BEfore Fuse (ALBEF). 

All methods use the same data split and augmentation 

strategy, and are retrained to convergence on LiveProduct-

10K. Table 2 shows the Top-1, Top-5, mAP, and FPS of each 

method on the test set. 

As can be seen from Table 2, SG-QMFNet achieves the best 

results on all three metrics of Top-1, Top-5, and mAP, 

reaching 85.7%, 96.2%, and 87.5%, respectively, which are 

3.3 percentage points, 1.4 percentage points, and 2.8 

percentage points higher than the best baseline TransFG. This 

improvement margin is of practical significance in fine-

grained recognition tasks, indicating that multi-modal 

complementary information and degradation robustness 

design can bring stable performance gains. It is worth noting 

that ViLT and ALBEF, which introduce the text modality, do 

not significantly outperform pure vision methods. ViLT's Top-

1 is even 1.2 percentage points lower than EfficientNet-B4. 

The reason is that the OCR text in live-streaming frames 

contains a large amount of noise and redundant information, 

and simple image-text joint encoding makes it difficult to 

effectively screen out semantic cues that are valuable for 

category discrimination. SG-QMFNet dynamically adjusts the 

contribution weight of the text modality through uncertainty 

gating, fully utilizing the semantic prior when the OCR result 

is reliable, and automatically reducing its influence when text 

is missing or erroneous, thereby avoiding the interference of 

noisy text on the fused representation. In terms of inference 

speed, the frame-level FPS of SG-QMFNet is 67. Although it 

is lower than lightweight methods such as ResNet-50 and 

EfficientNet-B4, it still maintains high single-frame 

processing efficiency. The efficiency loss mainly comes from 

the cross-modal Transformer and quality-aware temporal 

aggregation. Thanks to the lightweight design of each module, 

the overall computational overhead remains within an 

acceptable range. 

 

Table 2. Comparison results with existing methods on the 

LiveProduct-10K test set 

 

Method Top-1 (%) Top-5 (%) mAP (%) 
FPS 

(frames/s) 

ResNet-50 76.3 91.2 78.5 156 

EfficientNet-B4 79.8 93.5 82.1 142 

Swin-T 81.2 94.1 83.6 98 

NTS-Net 80.5 93.8 82.9 85 

CAL 81.8 94.3 84.0 76 

TransFG 82.4 94.8 84.7 63 

ViLT 78.6 92.7 80.4 88 

ALBEF 80.9 93.6 82.8 79 

SG-QMFNet 85.7 96.2 87.5 67 
Note: ResNet-50: Residual Network 50; EfficientNet-B4: Efficient Network 

B4; Swin-T: Swin Transformer Tiny; NTS-Net: Neural Teacher Student 
Network; CAL: Contrastive Attention Learning; TransFG: Transformer for 

Fine-Grained Recognition; ViLT: Vision-and-Language Transformer; 

ALBEF: ALign BEfore Fuse; SG-QMFNet: Saliency-Guided Quality-aware 
Multi-Modal Fusion Network. 

 

3.3 Ablation experiments 

 

To verify the independent contribution of each core module, 

five groups of ablation variants are designed. w/o Saliency 

removes the saliency decoupling module, and directly feeds 

the original RGB features into the cross-modal Transformer. 

w/o Edge removes the edge structure modality, retaining only 

the appearance and text modalities. w/o Text removes the text 

semantic modality, retaining only the appearance and edge 

modalities. w/o Gating replaces the dynamic gating with fixed 

average fusion, namely Ffused=
1

3
(z‾v+z‾e+z‾t) . w/o Temporal 

removes the quality-aware temporal aggregation module, and 

only uses single-frame fused features for classification. Figure 

6 shows the Top-1 accuracy and mAP of each variant on the 

test set. 
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As can be seen from Figure 6, the removal of each module 

causes a performance drop, and the magnitude of the drop is 

consistent with the functional positioning of the module in the 

overall framework. The removal of the temporal aggregation 

module causes the largest performance loss, with a Top-1 drop 

of 2.7 percentage points and an mAP drop of 2.7 percentage 

points, indicating that quality screening and selective 

aggregation between consecutive frames play an irreplaceable 

role in recognition stability. The contribution of the saliency 

decoupling module is second, with a Top-1 drop of 2.5 

percentage points after removal, verifying the necessity of 

foreground enhancement under complex background and 

occlusion conditions. The removal of dynamic gating causes a 

drop of 1.6 percentage points, indicating that the adaptive 

fusion strategy is superior to the fixed-weight scheme. The 

removal of edge modality and text modality causes drops of 

1.8 and 1.3 percentage points respectively, showing that the 

two types of complementary information have independent 

supplementary effects on RGB appearance. Among them, the 

contribution of structural information is slightly higher than 

that of semantic information, which is consistent with the fact 

that edge structure is more stable under degradation conditions 

in live-streaming frames. The five groups of ablation 

experiments together show that the relationship between the 

modules is not simply additive, but forms a synergistic effect 

through successive connections. Only the complete SG-

QMFNet can fully release the potential of each module. 

 

3.4 Robustness analysis under different degradation 

conditions 

 

The degradation types in live-streaming scenarios are 

diverse. To evaluate the robustness of the method under 

various degradation conditions, the test set is divided into four 

subsets according to degradation types: motion blur, partial 

occlusion, low lighting, and complex background, with each 

subset containing at least 200 clips. Figure 7 shows the Top-1 

accuracy of SG-QMFNet and two representative baseline 

methods, EfficientNet-B4 and ALBEF, on each subset. 

 

 

 
 

Figure 6. Ablation experiment results 
Note: SG-QMFNet: Saliency-Guided Quality-aware Multi-Modal Fusion Network. 

 

 
 

Figure 7. Comparison of Top-1 accuracy under different degradation conditions 
Note: ALBEF: ALign BEfore Fuse; SG-QMFNet: Saliency-Guided Quality-aware Multi-Modal Fusion Network. 
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As can be seen from Figure 7, SG-QMFNet maintains the 

lead on all degradation subsets, and the lead margin 

significantly expands under degradation conditions. On the 

motion blur subset, SG-QMFNet improves by 8.1 percentage 

points over EfficientNet-B4 and 6.7 percentage points over 

ALBEF, which is the largest improvement margin among all 

subsets. This result is directly attributed to the fact that the 

edge structure modality can still maintain the structural 

stability of contours and packaging text under blur conditions, 

as well as the effective suppression of blurred frames by 

quality-aware temporal aggregation. On the partial occlusion 

subset, the Top-1 of SG-QMFNet reaches 84.5%, which is 7.7 

and 6.6 percentage points higher than the two baselines, 

respectively. The saliency decoupling module effectively 

isolates the noise interference in occluded regions through 

foreground enhancement. On the low lighting and complex 

background subsets, SG-QMFNet achieves 84.0% and 86.8%, 

respectively, with improvement margins of 5.5 and 6.7 

percentage points, indicating that the multi-modal 

complementary mechanism is also robust to illumination 

changes and background interference. On the subset without 

degradation, SG-QMFNet still maintains a lead of 4.6 

percentage points, showing that each module does not 

introduce performance loss under clear conditions, and the 

method has good versatility. It is worth noting that ALBEF is 

only slightly better than EfficientNet-B4 under various 

degradation conditions, which again shows that simple image-

text fusion cannot fundamentally solve the degradation 

robustness problem. In contrast, SG-QMFNet achieves 

substantial robustness improvement through the combined 

effect of structural modality, saliency decoupling, and 

temporal quality screening. 

 

3.5 Temporal aggregation effectiveness analysis 

 

The performance of the temporal aggregation module is 

directly affected by the number of input frames T = 1,3,5,7. To 

determine the optimal frame number configuration, models are 

trained with respectively and evaluated on the test set. When 

T = 1, the model degenerates to single-frame recognition and 

does not use the temporal Transformer. Table 3 shows the 

Top-1 accuracy, inference time per clip, and clip throughput 

under different frame number settings. 

 

Table 3. Performance comparison of different temporal 

frame numbers 

 
Frame Number 

T 
Top-1 (%) 

Inference Time 

(ms/Clip) 

Clip Throughput 

(Clips/s) 

1 83.0 12.1 82.6 

3 84.6 28.7 34.8 

5 85.7 41.2 24.3 

7 85.9 55.3 18.1 

 

As can be seen from Table 3, the Top-1 accuracy shows a 

clear trend of diminishing marginal returns as the frame 

number increases. When T increases from 1 to 3, the accuracy 

increases by 1.6 percentage points; from 3 to 5, it further 

increases by 1.1 percentage points; while when T increases 

from 5 to 7, the improvement is only 0.2 percentage points. 

This trend indicates that 5 frames are sufficient to capture the 

temporal redundant information of the same product target 

within a short time window, and continuing to increase the 

frame number cannot bring effective discriminative gains. In 

terms of inference time, when T = 5, the time per clip is 41.2 

ms, corresponding to about 24.3 clips/s, achieving a good 

balance between accuracy and computational efficiency. 

When T = 7 , the time increases to 55.3 ms, and the clip 

throughput drops to 18.1 clips/s, while the accuracy only 

increases by 0.2 percentage points, so the benefit of continuing 

to increase the frame number is limited. Considering the trade-

off between accuracy and efficiency, T = 5  is the optimal 

configuration, and this setting is adopted for all subsequent 

experiments. 
 

3.6 Dynamic gating mechanism analysis 
 

To deeply analyze the contribution of the uncertainty-driven 

dynamic gating mechanism, it is compared with four common 

fusion strategies. Average fusion assigns equal weights to the 

three modalities. Concatenation fusion concatenates the global 

representations of the three modalities and reduces the 

dimension through a fully connected layer. Fixed-weight 

fusion obtains the optimal weight combination g
v
 = 0.5, 

g
e
 = 0.3, g

t
 = 0.2  through grid search on the validation set. 

Attention fusion uses a learnable attention module to compute 

softmax weights based on the three modal representations. 

Figure 8 shows the Top-1 accuracy of each fusion strategy on 

the overall test set and the motion blur subset. 

 
 

Figure 8. Performance comparison of different fusion strategies 
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As can be seen from Figure 8, uncertainty gating fusion 

achieves the best results on both the overall test set and the 

motion blur subset. On the overall test set, uncertainty gating 

improves by 1.6 percentage points over average fusion and 0.8 

percentage points over attention fusion. On the motion blur 

subset, the gap between the strategies is further amplified: 

uncertainty gating improves by 2.5 percentage points over 

average fusion and 1.1 percentage points over attention fusion. 

This result shows that under degradation conditions, the 

reliability difference between modalities is more significant, 

and the importance of dynamically adjusting fusion weights 

increases accordingly. Concatenation fusion performs the 

worst, even lower than average fusion, indicating that directly 

concatenating high-dimensional features easily introduces 

redundancy and noise, which is not conducive to the 

discriminability of the fused representation. Fixed-weight 

fusion is better than average fusion, but cannot adapt to the 

frame-by-frame variation in modal reliability. Attention fusion 

can adaptively compute weights according to the input, but 

lacks explicit uncertainty modeling, making it prone to 

overfitting on noisy modalities. Uncertainty gating learns 

modal reliability through self-supervision of classification 

confidence, constraining the basis of weight allocation at the 

semantic level, thus showing stronger stability under 

degradation conditions. 
 

3.7 Hyperparameter sensitivity analysis 

 

This section examines the impact of two key 

hyperparameters on model performance: the weight 

coefficient of the cross-modal contrastive alignment loss λ2 

and the gating temperature parameter τg. Figure 9 shows the 

Top-1 accuracy of the model on the validation set under 

different values. 

As can be seen from Figure 9, λ2  achieves the optimal 

validation set accuracy of 85.6% at 0.3, and deviations from 

this value lead to performance degradation. When λ2  is 

reduced to 0.1, the binding force of cross-modal alignment is 

insufficient, the representations of the three modalities fail to 

be sufficiently pulled closer, the utilization efficiency of 

complementary information decreases, and the accuracy drops 

to 84.3%. When λ2 is increased to 0.7, the dominant effect of 

the contrastive loss on training becomes too strong, which may 

interfere with the optimization of the main objective of the 

classification task, and the accuracy falls back to 84.7%. The 

temperature parameter τg also reaches the optimum at 0.5. Too 

small a τg  makes the gating weight distribution sharp, 

approaching hard selection behavior, and the training process 

becomes unstable; too large a τg makes the weights tend to be 

uniform, degenerating into approximate average fusion and 

losing the adaptive adjustment capability. τg = 0.5 achieves a 

good balance between discriminability and smoothness, 

verifying the rationality of the default setting. 

 

3.8 Generalization verification on the Product-100 dataset 

 

To verify the generalization ability of the method on static 

product images, experiments are conducted on the Product-

100 dataset. Since this dataset does not contain temporal 

information, SG-QMFNet adopts single-frame inference mode 

and does not enable the quality-aware temporal aggregation 

module. Figure 10 shows the Top-1 and Top-5 accuracy of 

each method on this dataset. 

As can be seen from Figure 10, SG-QMFNet achieves a 

Top-1 accuracy of 80.3% in single-frame inference mode, 

which is 1.8 percentage points higher than the best baseline 

TransFG and 4.2 percentage points higher than EfficientNet-

B4. This result shows that the effectiveness of the multi-modal 

fusion and saliency decoupling modules does not depend on 

video temporal information, and can also bring stable 

performance gains on static product images. ALBEF still 

performs worse than the pure vision fine-grained method 

TransFG on this dataset, further confirming the limitations of 

simple image-text fusion strategies. SG-QMFNet achieves 

refined utilization of text semantic information through cross-

modal alignment and uncertainty gating, enabling the text 

modality to also play a positive complementary role in static 

scenarios. 

 

 
 

Figure 9. Hyperparameter sensitivity analysis 
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Figure 10. Comparison results on the Product-100 dataset 
Note: ResNet-50: Residual Network 50; Swin-T: Swin Transformer Tiny; TransFG: Transformer for Fine-Grained Recognition; ALBEF: ALign BEfore Fuse; 

SG-QMFNet: Saliency-Guided Quality-aware Multi-Modal Fusion Network. 

 

 
 

Figure 11. Comparison of multi-modal image processing results under different degradation conditions 
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3.9 Visualization results 

 

To intuitively verify the adaptability of the proposed 

method to typical degradation scenarios in live-streaming 

product recognition and the multi-modal collaborative 

processing effect, this paper conducts a visual analysis of the 

multi-stage processing results of product images under five 

representative conditions: clear, motion blur, partial occlusion, 

low lighting, and defocus blur (Figure 11). Subfigure (a) 

shows that the original inputs exhibit significant apparent 

quality differences under different degradation conditions. 

Among them, motion blur and defocus blur cause obvious 

attenuation of texture details and local text information; partial 

occlusion directly destroys the complete visibility of the 

product structure; and low lighting weakens the contrast 

between the target region and the background. These 

phenomena jointly indicate that a single RGB appearance 

feature is difficult to stably support fine-grained product 

discrimination. Subfigure (b) further shows that the edge 

structure branch can stably preserve product contours, gem 

arrangement relationships, and key geometric boundaries 

under various degradation interferences. Especially in blurred 

scenes, it can still maintain a relatively clear structural 

response, indicating that the structure modality can provide an 

effective supplement to the recognition process when 

appearance information is damaged. The saliency maps given 

in Subfigure (c) show that weakly supervised saliency 

modeling can continuously focus on the product main body 

region. Even in the presence of occlusion or limited brightness, 

the model can still accurately distinguish the foreground from 

the background, thereby reducing the contamination of 

discriminative features by irrelevant regions. The foreground 

enhancement and background suppression results shown in 

Subfigure (d) further prove that after saliency guidance, the 

color, edge, and local texture of the product main body are 

significantly enhanced, while the background response is 

effectively weakened, ultimately obtaining a more 

discriminative target representation. Based on a 

comprehensive view of all subfigures, it can be seen that the 

proposed method does not rely on local improvements of a 

single modality. Instead, through the synergy of RGB 

appearance, edge structure, and saliency prior, it achieves 

continuous optimization from target localization, structure 

preservation to discriminative enhancement under degradation 

scenarios. This result provides strong qualitative support for 

the core conclusion of the paper that multi-modal feature 

fusion can improve the robustness and fine-grained 

recognition capability of live-streaming product image 

recognition. 

 

 

4. CONCLUSION 

 

This paper addresses the core challenges of product 

recognition in live-streaming scenarios, including motion blur, 

partial occlusion, complex backgrounds, and subtle fine-

grained differences, and proposes a SG-QMFNet. With 

degradation robustness as the main design thread, the method 

constructs four closely connected modules: weakly supervised 

saliency decoupling, structure–appearance–semantics three-

stream cross-modal alignment, uncertainty-driven dynamic 

gating fusion, and quality-aware temporal aggregation. 

Saliency decoupling achieves fine-grained extraction of the 

product foreground without pixel-level annotations, 

effectively isolating background noise. The cross-modal 

alignment Transformer maps edge structure, RGB appearance, 

and OCR semantics into a unified representation space, and 

fully exploits the complementary cues between modalities 

through layer-by-layer attention interaction. Uncertainty 

gating uses classification confidence as a self-supervised 

signal to achieve frame-by-frame adaptive adjustment of 

fusion weights. Quality-aware temporal aggregation uses 

frame-level quality scores to guide attention allocation, 

selecting highly discriminative information from continuous 

frames and suppressing the interference of degraded frames. 

Experiments on the self-built dataset LiveProduct-10K show 

that the method achieves a Top-1 accuracy of 85.7% and an 

mAP of 87.5%, which are 3.3 percentage points and 2.8 

percentage points higher than the best baseline, respectively, 

with improvements exceeding 7 percentage points on the 

motion blur and partial occlusion subsets. Ablation 

experiments confirm the independent contribution of each 

module, generalization experiments verify the applicability of 

the method on static product images, and visualization analysis 

further reveals the internal mechanism of the performance gain. 

The work in this paper shows that robust recognition for 

degradation scenarios should not rely solely on the 

enhancement of a single appearance feature, but should be 

systematically designed from multiple levels such as multi-

modal complementarity, foreground decoupling, and temporal 

quality screening. Future research can be carried out in two 

directions. First, further compress the model size while 

maintaining recognition accuracy, and explore lightweight 

architectures for mobile deployment to meet the actual needs 

of edge computing in live-streaming platforms. Second, 

incorporate the audio modality into the fusion framework. The 

host's oral broadcast information in live streaming often 

contains direct category hints, and audio-visual joint modeling 

is expected to further improve recognition robustness and 

coverage. 
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