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Introduction
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LLaMA-Omni integrates a pretrained speech encoder, a speech adaptor, an LLM, and a 
streaming speech decoder. It can simultaneously generate text and speech responses 
directly from speech instructions with extremely low latency.

To align the model with speech interaction scenarios, the authors construct a dataset
named InstructS2S-200K, which includes 200K speech instructions and corresponding
speech responses.



Cascaded System
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The simplest way to anable speech interaction with LLM is through a cascaded system based on automatic 
speech recognition (ASR) and text-to-speech (TTS) models, where the ASR model transcribes the user’s 
speech instruction into text, and the TTS model synthesizes the LLM’s response into speech. However, the 
overall system tends to have higher latency.
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LLaMA-Omni
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LLaMA-Omni consists of a speech encoder, a speech adaptor, an LLM, and a speech decoder. We denote 
the user’s speech instruction, text response, and speech response as 𝑋ୗ, Y୘, and Yୗ respectively.



Speech Encoder
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The authors use the encoder of Whisper-large-v3 as the speech encoder 𝜀. Whisper is a general-purpose 
speech recognition model trained on a large amount of audio data, and its encoder is capable of extracting 
meaningful representations from speech. They keep the speech encoder’s parameters frozen throughout the 
entire training process.

𝐻 = 𝜀 𝑋ௌ , 𝑤ℎ𝑒𝑟𝑒 𝐻 = ℎଵ, … , ℎே  𝑖𝑠 𝑡ℎ𝑒 𝑠𝑝𝑒𝑒𝑐ℎ 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛 𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒 𝑜𝑓 𝑙𝑒𝑛𝑔𝑡ℎ 𝑁.



Speech Adaptor
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To enable the LLM to comprehend the input speech, the authors incorporate a trainable 
speech adaptor 𝐴 that maps the speech representations into the embedding space of the 
LLM. The speech adaptor first downsamples the speech representations 𝐻 to reduce the 
sequence length. Every k consecutive frames are concatenated along the feature dimension:

𝐻ᇱ = ℎଵ
ᇱ , … , ℎ ே/௞

ᇱ , 𝑤ℎ𝑒𝑟𝑒 ℎ௜
ᇱ = ℎ௞× ௜ିଵ ାଵ ⊕ ℎ௞× ௜ିଵ ାଶ ⊕ ⋯ ⊕ ℎ௞×௜

Next, 𝐻ᇱ is passed through a 2-layer perceptron with ReLU activation between the linear 
layers, resulting in the final speech representations 𝑆.

𝑆 = 𝐴 𝐻 = 𝐿𝑖𝑛𝑒𝑎𝑟(𝑅𝑒𝐿𝑈(𝐿𝑖𝑛𝑒𝑎𝑟(𝐷𝑜𝑤𝑛𝑆𝑎𝑚𝑝𝑙𝑒(𝐻))))



Large Language Model
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The authors use Llama-3.1-8B-Instruct as the LLM M, which is currently the state-of-the-art open-source 
LLM. The prompt template 𝑃(ȉ) is shown in Figure 3. The speech representation sequence S is filled into the 
position corresponding to <speech>, and then the entire sequence 𝑃(𝑆) is input into the LLM. The LLM 
generates the text response 𝑌் = 𝑦ଵ

், … , 𝑦ெ
் directly based on the speech instruction.

𝐿௅௅ெ = − ෍ 𝑙𝑜𝑔𝑃(𝑦௜
்|𝑃 𝑆 , 𝑌ழ௜

் )

ெ

௜ୀଵ



Speech Decoder
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For the speech response 𝑌ௌ, the authors first use the pretrained HuBERT model to extract representations of 
the speech, and then convert these representations into discrete cluster indices using a K-means model. 
Consecutive identical indices are merged into a single unit, resulting in 𝑌௎ = 𝑦ଵ

௎, … , 𝑦௅
௎ , 𝑦௜

௎ ∈ {0,1, … , 𝐾 −
1}, ∀1 ≪ 𝑖 ≪ 𝐿, where 𝐾 is the number of clusters, and 𝐿 is the length of discrete unit sequence. The discrete units 
can be converted into wavform with an additional unit-based vocoder 𝑉.

To generate speech and text simultaneously, the speech decoder 𝐷 takes the output hidden states 
corresponding to the text from the LLM.

𝐶 = 𝑐ଵ, … , 𝑐ெ , 𝑤ℎ𝑒𝑟𝑒 𝑐௜ = 𝑀(𝑃 𝑆 , 𝑌ழ௜
் )

Then upsample them into a chunk by a factor of 𝜆.
C෠ = 𝑐ଵෝ , … , 𝑐ఒȉெෞ , 𝑤ℎ𝑒𝑟𝑒 𝑐௜ෝ = 𝑐 ௜/ఒ

Next C෠ is fed into the speech decoder 𝐷, resulting in 𝑂 = 𝑜ଵ, … , 𝑜ఒȉெ . Use connectionist temporal 
classification (CTC) to align 𝑂 with 𝑌௎. CTC extends the output space with a special blank token 𝜖:

𝑃 𝑎௜ 𝑂 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝑊𝑜௜ + 𝑏 𝑎௜ , ∀𝑎௜ ∈ 0,1, … , 𝐾 − 1, 𝜖

where 𝑊 ∈ 𝑅(௄ାଵ)×ௗ and 𝑏 ∈ 𝑅௄ାଵ are weights and biases of the linear layer, and the sequence 𝐴 =
𝑎ଵ, … , 𝑎ఒȉெ is known as the alignment. CTC introduces a collapsing function 𝛽(𝐴), which merges all consecutive 

repeated tokens in A and eliminates all blank token 𝜖. 𝛽 1,1,2, 𝜖, 𝜖, 2,3 = [1,2,2,3]

L஼்஼ = − log 𝑃 𝑌௎ 𝑂 = − log ෍ 𝑃 𝐴 𝑂

஺∈ఉషభ ௒ೆ

= − log ෍ ෑ 𝑃(𝑎௜|𝑂)

ఒȉெ

௜ୀଵ஺∈ఉషభ ௒ೆ

Where 𝛽ିଵ 𝑌௎ denotes all possible alignments of length 𝜆 ȉ 𝑀 that can be collapsed to 𝑌௎.



Training
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In the first stage, train the model to generate text 
responses directly from the speech instructions. The 
speech encoder is frozen, and the speech adaptor 
and the LLM are trained using the objective 𝐿௅௅ெ.

In the second stage, train the model to generate 
speech responses. The speech encoder, speech 
adaptor, and LLM are all frozen, and only the speech 
decoder is trained using the objective 𝐿஼்஼ .



Inference
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Once the LLM generates a text response prefix 𝑌ஸ௜
் , the 

corresponding upsampled hidden states 𝐶መஸఒȉ௜can be fed 
into the speech decoder to generate a partial alignment 
𝐴ஸఒȉ௜ , which in turn yields the discrete units corresponding 
to the generated text prefix.

To enable streaming synthesis of speech waveforms, when 
the number of generated units reaches a pre-defined 
chunk size 𝛀, input this unit segment into the vocoder to 
synthesize a speech segment.



Data Construction
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Data format: <speech instruction, text response, speech response>. However, most publicly available instruction
data is in text form.

Step 1: Instruction Rewriting. Rewrite the text instructions according to the following rules: (1) Add appropriate 
filler words (such as “hey”, “so”, “uh”, “um”, etc.) to the instructions to simulate natural speech patterns. (2) Convert 
non-text symbols in the instructions (such as numbers) into their corresponding spoken forms to ensure synthesis 
by TTS. (3) Modify the instructions to be relatively brief without excessive verbiage.



Data Construction
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Data format: <speech instruction, text response, speech response>. However, existing responses from text 
instructions are not suitable for direct use as speech instructions responses.

Step 2: Response Generation. Generate responses for speech instructions according to the following rules: (1) The 
response should not contain content that cannot be synthesized by the TTS model, such as parentheses, ordered 
lists, etc. (2) The response should be very concise and to the point, avoiding lengthy explanations.



Data Construction
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Data format: <speech instruction, text response, speech response>.

Step 3: Speech Synthesis. For the instructions, use CosyVoice-300M-SFT model to synthesize the speech naturally. 
For the responses, use the VITS model trained on the LJSpeech dataset to synthesize the speech.

For the basic text instructions, the authors collect around 50K instructions from the Alpaca dataset and 150K 
instructions from the UltraChat dataset. Note that UltraChat is a large-scale multi-turn conversation dataset, but 
only select the first 150K entries and use only the first-round instruction. 
Ultimately obtain 200K speech instructions data, referred to as InstructS2S-200K.



Experimental Setups
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Evaluation

16

Two tasks: speech-to-text instruction-following (S2TIF) and speech-to-speech instruction-following (S2SIF).



Evaluation
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Baseline Systems
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Results
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Case Study
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The response given by LLaMA-
Omni is more detailed and 
helpful while maintaining a 
concise style, outperforming 
previous models in speech 
interaction scenarios
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