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Fig. 1 Framework of cross-modal reasoning network based on multi-frequency chain-of-thought
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CDCIN-Swint?*" 74.30 86.02 63.12 77.94 80.23 90.14 71.88 84.67

FC-CoT-IN-Res 67.45 80.06 54.82 68.50 79.35 89.04 71.14 82.59

FC-CoT-IN-Swint 74.73 86.10 62.98 76.85 81.33 90.21 71.62 83.53
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Table 4 Classification accuracy on the FS VG-QA dataset

Classification accuracy/%

Method 5 way 10 way
Ishot Sshot Ishot Sshot
FEAT? 69.65 80.39 57.33 70.70
GCNP2Y 70.71 81.63 58.47 71.24
MatchingNet** 70.45 83.87 57.96 75.14
ProtoNet!!”! 71.19 83.97 60.06 74.73
DeepBDC2!! 77.37 86.95 66.70 79.60
CDCIN-ResP! 80.52 89.35 70.22 82.16
CDCIN-Swint?! 83.43 91.59 73.79 85.38
FC-CoT-IN-Res 82.45 89.39 70.61 82.74
FC-CoT-IN-Swin 85.44 91.43 72.61 84.30
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Table 5 Classification accuracy on the Toronto COCO-QA
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dataset
Classification accuracy/%

Method 5 way 10 way
Ishot Sshot Ishot Sshot
FPAIT-CNNBY 59.38 71.92 45.11 60.20
FPAIT+CLTB 60.61 72.17 46.37 60.92
Relation Net™") 61.75 71.89 45.60 60.13
EGNNP 62.21 73.41 46.99 60.01
HGAT-Res? 63.13 75.41 48.10 61.50
GCN-Res?” 64.20 76.85 51.36 66.12
FETA-Res™ 62.67 75.18 49.53 64.56
ProtoNet-Res!"”! 63.08 78.40 50.74 67.63
CDCIN-Res"*! 72.26 84.18 59.70 75.65
CDCIN-Swint?*" 79.08 89.48 69.27 82.49
FC-CoT-IN-Res 73.25 83.67 60.10 75.88
FC-CoT-IN-Swint 79.23 88.51 69.13 81.79
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Note that *“ ¥ means the prototype of each class and “o0” means the feature distribution of each query sample
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Fig. 2 Under the Sway Ishot setting, multimodal feature visualization without incorporating frequency domain information (a) and with

incorporating frequency domain information and performing chain-of-thought reasoning (b)
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Q: the black and white cat wearing what?
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Fig. 3 Typical cases of the model's predictive tasks on the FS COCO-QA dataset
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Episodic Few-Shot Visual Question Answering Method with Multi-
Frequency Chain-of-Thought Reasoning

WEI Yifan, ZHANG Jing
(School of Information Science and Engineering, East China University of Science and
Technology, Shanghai 200237, China)

Abstract: To address the challenges of episodic few-shot visual question answering, we propose a Frequency-

based Cross-modal Chain-of-Thought Inference Network (FC-CoT-In). The method adaptively filters image content

through frequency-domain information, designs an Adaptive High-Low Frequency Separation Module (AHLS) to

decouple semantic representations at different levels in the visual modality, and constructs a multimodal high-low

frequency chain-of-thought reasoning mechanism. By leveraging a cognitive bank to store intermediate results of cross-

modal reasoning and combining a dual-path chain of thought, the approach fully exploits filtered visual information to

achieve more accurate episodic few-shot visual question answering. Experiments demonstrate that the proposed method

significantly enhances the model's capability in handling Episodic Few-shot Visual Question Answering (EFSVQA)

tasks, improves the accuracy and generalization performance of cross-modal reasoning, and outperforms comparable

algorithms on public benchmarks.
Key words: EFSVQA; cross-modal reason network; AHLS; CoT; dual path

(AR #E: EHem)
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