
Motivation

1. Low quality vs high quality modality:

2. Distribution misalignment & uncertainty importance:

Systematic Whole-body Biometric Recognition

Loss Functions

Visualizations

QME has a clearer boundary between match scores and 
non-match scores.
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Traditional triplet loss optimizes relative distances between samples:

Score Triplet Loss

but it does not constrain the values of negative samples, which are crucial 
for calculating the threshold in verification and open-set search metrics.

To optimize these metrics, we introduce the score triplet loss:

The predicted quality weight can dynamically reflect the 
quality of the input sample:

Provide pseudo quality labels based on the ranking result of the sample:

Pseudo Quality Loss

Examples: 
𝑟𝑖=1, 𝛿=10, Pseudo quality label: 1
𝑟𝑖=5, 𝛿=10, Pseudo quality label: 0.56
𝑟𝑖=20, 𝛿=10, Pseudo quality label: 0

ranking result of 
the query feature

ranking threshold

High-quality

Low-quality
For a probe with low-quality, we
should give a lower weight.

For a probe with high-quality, we
should give a higher weight.

QME Framework

We propose a Quality-Guided Mixture of Score-Fusion Experts (QME) 
framework to fused the score matrices.

Similarity

function

SConcatenationC𝐺 Gallery templates

(b) MoE Layer

𝜀1

𝜀𝑍

…

𝑝1

𝑝𝑍

∑𝑝𝑖𝑆𝑖 ℒ𝑠𝑐𝑜𝑟𝑒

Frozen

Trainable

…

Norm

MoE Layer

…

𝐺1 𝐺2 𝐺𝑁 SSS

C

𝑀1 𝑀2 𝑀𝑁

…

𝑞1 𝑞2 𝑞𝑁

(a) Quality Estimator

𝑤 𝑛

𝑞𝑛 images

𝐵
1

𝐵
2

𝐵
b…

1

2

…

b

ℒ𝑟𝑎𝑛𝑘MLP

𝒩𝑟𝑤 𝑤 ′

𝑤 ′

𝑤1

𝑤𝑧

QME dynamically assigns weights to each expert based on input quality, 
encouraging diverse specializations.

Ablation Studies

Code
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Our method consistently outperforms existing approaches across all four 
benchmarks, achieving SoTA performance in challenging metrics.

(1) Effects of proposed component. 

(2) Effects of expert aggregation. Each expert specializes in 
specific data scenarios and metrics, and their aggregation 
leads to the best overall performance.
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