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User: Who is the current president of France?

Moshi: Based on what I know, the president 
of France is now Emmanuel Macron…

< RET >

User: When was his second term election?

Moshi: That’s a good question … Macron’s 
second term …

< RET >

User: Is Macron a woman?

Moshi: No, he is a man!

Reference: Emmanuel Macron has 
been served as the president of 
France since 2017 until now…

Reference: Macron was re-elected 
in 2022, becoming the first French 
president in 20 years to win a 
second term…

No reference needed
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Supervised fine-tuning

• Initialized from Moshi checkpoint

• Fine-tuned with synthetic spoken conversation with textual reference


• 50k hours (2 minutes per conversation on average)


• 100k steps (2 days) with 32 GPUs


• Moshi learns to extract useful information from text reference regardless of retrieval 
methods

• Simulated retrieval delay 


• Shorter than keyword delays


• Match the distribution of inference-time retrieval delay
20
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• Factuality


• Llama Questions, Web Questions, Trivia QA, HaluEval

• Response delay


• End-to-end keyword delay

• Interactiveness


• Full-Duplex-Bench
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Experiments
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• Factuality


• Comparable to SoTA non-duplex models

• Latency


• Better than all non-duplex models


• Increased keyword delay than the original Moshi

• Interactiveness


• Less aggressive turn-taking but improved response relevance
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Retrieval backend LlamaQ (%) ↑ WebQ (%) ↑ TriviaQA (%) ↑ HaluEval (%) ↑

Gemma 27B 80.3 67.2 69.6 36.3

GPT 4.1 80.6 75.4 82.9 51.3

Tavily  
(search engine) 79.2 76.2 81.6 47.0
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AddSub (%) MultiArith (%) SinglEq (%) SVAMP (%) GSM8K (%)

MoshiRAG 61.7 69.0 68.2 55.0 33.8

GLM-4-Voice 59.4 62.0 71.0 44.0 29.0

STITCH-S  
(fine-tuned on math) 81.7 87.9 91.7 72.3 56.7



28

Ablation Studies
Sensitivity to ASR errors



28

Ablation Studies
Sensitivity to ASR errors



28

(%) Llama Questions Web Questinos Trivia QA Halu Eval

Ablation Studies
Sensitivity to ASR errors



28

(%) Llama Questions Web Questinos Trivia QA Halu Eval

MoshiRAG 80.3 74.7 73.2 36.3

Ablation Studies
Sensitivity to ASR errors



28

(%) Llama Questions Web Questinos Trivia QA Halu Eval

MoshiRAG 80.3 74.7 73.2 36.3

MoshiRAG  
(ground-truth ASR 

transcript)
80.2 78.3 82.5 50.8

Ablation Studies
Sensitivity to ASR errors
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Conclusion

• First fully-duplex model with RAG capability


• Asynchronous retrieval without interrupting the conversation 

• Interactivity and latency comparable to SoTA SLMs  

• Factuality (QA benchmarks) comparable to non-duplex models


• Plug-and-play support for various retrieval sources — boosting performance 
without re-training the model


• Generalizability to unseen domain by using LLM as a tool (math reasoning 
benchmarks)
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What We Could Have Done Better?

• Training data is not general enough (too biased towards QA)

• Robustness against


• ASR error


• Backend delay

• Rethinking the timing of retrieval


• Filler-words are not elegant — try to explain what’s happening to the user, etc


• Retrieval earlier before the end of the user input
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What We Could Have Done Better?

• More general tool-use aside from retrieval


• Different tool calls take different amount of time


• Multiple communications between front-end and back-end are necessary for long-
horizon tool calls or agentic workflows

• Smarter tool call


• “To know what you know, and to know what you don't know” is hard


• Use RL to ensure that the retrieval decision is associated with answer correctness


• Use a separate model for the tool call decision?
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What We Could Have Done Better?

• How to integrate retrieved information into Moshi?


• Directly inserting text can probably improve latency and information 
accuracy, with the price of longer sequence and specific handling to enable 
batching

• Channel fusion or interleaving for speech & text tokens?


• Personally I think interleaving in the MiniCPM-o 4.5 style is a good practice 
— separating text and speech could make our life easier when debugging 
and probably results in better knowledge transfer 
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