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Abstract

This study investigates whether behavioral patterns learned from centralized mixers (BitcoinFog, ChipMixer) can be
transferred to detect decentralized CoinJoin mixers (Wasabi Wallet). We design a transfer learning framework that
extracts 10 behavioral features from Bitcoin transaction graphs, pre-trains a GATv2 model, and fine-tunes it with a
small amount of Wasabi labels. While the combined source model (Macro F1 0.914) yielded a zero-shot Wasabi-class
F1 of only 0.013 and negative transfer was observed at 10% labels, at 25% labels the pre-trained model (Wasabi F1
0.98440.003) surpassed both the from-scratch model (Wasabi F1 0.97240.004) and the 100% from-scratch model
(Wasabi F1 0.978+0.001), demonstrating effective behavioral pattern transfer above a critical data threshold with
reduced label requirements.
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Table 3. Source domain dataset configuration

Category BitcoinFog | ChipMixer |  Total
Mixer seeds 10,000 5,165 15,165
Training seeds (70%) | 8,000 3615 11,615
Test seeds (30%) 2,000 1,550 3,550
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Table 4. Target domain dataset configuration

[tem Value

Wasabi seed addresses 8,054
Training seeds (70%) 5,637
Test seeds (30%) 2417
Normal addresses 3,213
Unlabeled nodes 37,256
Total nodes 48523

Total edges 103,759
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Table 5. Zero-shot transfer results

Class Precision Recall F1 Score
Normal 0.045 0.970 0.087
Wasabi 0.821 0.007 0.013

Macro avg 0433 0.488 0.050
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Table 6. Zero-shot transfer confusion matrix

e Predict  Pred normal Pred wasabi

True normal 970 30
True wasabi 99.3 0.7
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Table 7. Pre-trained model confusion matrix (25% labels)

True Predict  Pred normal Pred wasabi
True normal 976 24
True wasabi 19 08.1
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Table 8. Confusion matrix of the scratch—trained model

e Predict  pred normal Pred wasabi
True normal 97.0 30
True wasabi 99.3 0.7
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