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Background
Why Few-shot Learning (FSL)

Source From https://medium.com/ubiai-nlp/step-by-step-guide-to-mastering-few-shot-learning-a673054167a0

● Real‑world tasks often have 
scarce labels and open‑set 
classes.

● In FSL, it remains accurate 
under unpredictable shifts 
with minimal labels and 
compute.



Preliminary 
N-way K-shot

Source From https://medium.com/ai%C2%B3-theory-practice-business/what-is-few-shot-learning-4b2842646b47



Challenges 

Dual Support Query Shift (DSQS)



Challenges 

Dual Support Query Shift (DSQS)

DSQS denotes that it has 
inter-set shifts and intra-set shifts 
in Support set and Query set.



Challenges 

Dual Support Query Shift (DSQS)

DSQS denotes that it has 
inter-set shifts and intra-set shifts 
in Support set and Query set.

Inter‑set shift: support and query come from 
different domains (device, lighting, weather).

Intra‑set shift: instances within the same 
support or query set suffer distinct 
disturbances.



Challenges 

Dual Support Query Shift (DSQS)

DSQS denotes that it has 
inter-set shifts and intra-set shifts 
in Support set and Query set.

Inter‑set shift: support and query come from 
different domains (device, lighting, weather).

Intra‑set shift: instances within the same 
support or query set suffer distinct 
disturbances.

Obs. 1:  We notice that two shifts catastrophically drop the model performance.



Motivation 

Optimal Transport (OT)

Source From https://moscot.readthedocs.io/en/latest/ot_background.html

Remarks: OT seeks the most 
cost-efficient way to move one 
distribution of mass (probability) to 
another while exactly conserving 
total mass.
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Theoretical Insight 

Obs. 2:  Domain misalignment and feature noise strongly affect the performance of OT.
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DUAL Adversarial Training (Dual AT)

● The goal of Dual AT is to Make Features Clean and Robust



Methodology 

DUAL Optimal Transportation (Dual OT)

● The goal of Dual OT is to Align Within and Across Sets



Experiments 

Setup

● 3 Datasets

● 10 Baselines

● 1-shot and 5 shots settings



Exp-1

Main Results



Exp-1 

● Consistent gains; up to relatively 25.66% average improvement across 

three datasets.

● Surpasses relatively robust FSL (SSL-ProtoNet) by ~35.65% on average.

● Strong on 1‑shot and 5‑shot; 



Exp-2

Ablation Study



Exp-2

● Remove Dual AT or Dual OT → large drops; 

○ without R: −22.54%; 

○ without G: −11.80%; 

○ fixing G: −3.20%.

● Dual AT alone adds ~11.59% 

○ (largest gain on Tiered‑ImageNet 1‑shot).



Conclusion

● Propose the Dual Support-Query Shift (DSQS) challenge, which investigates 
inter-set and intra-set shift problem in FSL. 

● Theoretically prove that both shifts can misguide the domain alignment 
process by optimal transportation.

● Propose the DUal ALignment Framework (DUAL), which leverages a repairer 
and a robust embedding function adversarially trained by a generator to 
obtain clean features. 

● Extensive experiments demonstrate that DUAL outperforms 10 
state-of-the-art methods, achieving an average improvement of 25.66% 
across three datasets.



Acknowledgement

● My Ph.D. supervisor is Prof. Guoliang Xing, 
and my master’s supervisor is Prof. Ming‑Syan Chen.

● Co-authors from AIoT Lab and NetDB Lab
○ Rui Fang, Hsi-Wen Chen, Wei Ding



Thanks for your listening  

Siyang Jiang 

E-mail: syjiang [AT] ie.cuhk.edu.hk


