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Model PT | FT Decoder L3y | WV
AV-HuBERT |[3| 1759 | 433 S28 28.6 51.7
AVH+Whisper [16) 1759 | 433 Whisper 24.3
Auto-AVSR [6] ~ | s18 28 330 | -
Auto-AVSR [6] ~ | 3448 28 191 | 386
RAVER [4] 1759 | 433 S28 27.8 52.2
BRAVER [5) 1729 | 433 S2S 26.6
BRAVER (5| 3052 | 30 S2S 24.8
BRAVEn [5| 2649 | 433 28 236 | -
VSP-LLM (10| 1759 | 433 L-7B 26.7 | 55.1
VSP-LLM (E) [10] | 1759 | 433 L-7B 254 | 51.6
Llama-AVSR |11 1759 | 433 L-8B 26.9
Llama-AVSR (E) [11] | 1759 | 433 L-8B 25.3
Llama-AVSR (E) [11] | 1759 | 1756 L-8B 24.0
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LRS3 fil WildVSR _I1#) WER 4.

Model | LRs2{ | LRS3} | WildVsR {
Finetuned on LRS2 (224 h)

AV-HuBERT 24.4 38.1 52.9
VSP-LLM (8B) 24.4 36.4 56.4
VSP-LLM (13B) 28.4 36.5 53.6
Finetuned on LRS3 (433 h)

AV-HuBERT* 38.0 28.7 51.7
VSP-LLM (8B) 37.9 27.8 53.8
VSP-LLM (13B) 38.2 25.7 49.8
Finetuned on LRS2 + LRS3 (657h)

AV-HuBERT 26.6 28.3 479
VSP-LLM (1B) 23.9 26.1 48.5
VSP-LLM (13B) 23.1 24.7 47.0
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Adaptation Approach LRS2) | LRS3 | | WV | Model Architecture & Data Details L3l
QLoRA (4-bit) [13] 39.80 28.19 | 51.60 Llama-2- | RoPE; MHA; SwiGLU; RMSNorm; 4k ctx; | 25.7
LoRA (16-bit) |12] 39.35 28.59 | 51.93 13b |17] pretrained on 2T tokens of multilingual
Full Training/ No LoRA (16-bit) 47.33 37.31 65.43 (web,code,dialogue); instruction-tuned

phi-4 [26] | MHA; GELU; LayerNorm; 16k ctx; English web | 26.2

and code; synthetic reasoning; SFT + DPO
vicuna- Extention of Llama-2 13B; RoPE; MHA; | 26.5
13b- SwiGLU; RMSNorm; 4k ctx; multilingual pre-
v1.5 [27] | training; ShareGPT SFT (125k conversations)

Qwen2.5- | RoPE + QKV bias; GQA; SwiGLU; RMSNorm; | 27.2
14B [28| 131k ctx; trained on 40+ lang, web, code, and

structured data
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Table 5. ¥ @Ak %tk AV-HUuBERT 5 VSP-
LLM #£ [JLRS2 (L2) A1 [] k#ieteth & 3 (L3) -
FHES I

Model CERJ | WER{ | sWERJ,| SSt BS1t | MET?t

AVH (L2) 24.7 38.0 31.2 0.64 0.93 0.63
VLM (L2) 26.2 38.3 31.8 0.64 0.93 0.61
AVH (L3) 18.7 28.7 22.7 0.71 0.94 0.70
VLM (L3) 19.4 28.5 22.7 0.72 0.95 0.71
AVH = AV-HuBERT; £iAi%:>] = VSP-LLM; B{siyin®
= PR R%E;, WER = HBiEIR%E; sWER = i L. WER; £t
AR = i LALE; BS = BERTScore; 42J% = METEOR.
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