
⼤语⾔模型推理与训练协同演进

算法开发⼯程师 / 谢帅

—— 探索⾼效推理技术的新篇章



LLM 训练与推理蓬勃发展

[1] OpenCompass Leaderboard. https://rank.opencompass.org.cn/home 
[2] AlignBench, SafetyBench, AgentBench. https://llmbench.ai/align 
[3] TensorRT-LLM Performance. https://github.com/NVIDIA/TensorRT-LLM/blob/main/docs/source/performance.md 

LLM 综合能⼒ OpenCompass Leaderboad (GPT-3.5-Turbo 46.5, rank 15)

LLM 中⽂对⻬能⼒ Align Bench (GPT-3.5-Turbo 6.08, rank 5)

LLM 推理性能 Low Latency (TTFT ms)

LLM 推理性能 Peak Throughput (TPS)

其他榜单

SafetyBench

AgentBench

BigBench

MTBench

AlpacaEval

…

LLaMA-7B TP 1 LLaMA-70B TP 4

LLaMA-7B TP 1 LLaMA-70B TP 4

数据来自 TensorRT-LLM 推理框架

⼈类
6 tokens/s

https://rank.opencompass.org.cn/home
https://llmbench.ai/align
https://github.com/NVIDIA/TensorRT-LLM/blob/main/docs/source/performance.md
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LLM 如何完成⼀次推理

ChatGPT, Claude, LLaMA, Mixtral, Yi, DBRX, Grok  ...

ChatGLM, Erniebot, Qwen, Baichuan, DeepSeek, InternLM, UniGPT ...

用户提问 模型回答
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What’s your favorite color?

What’s      your         favorite      color           ?



LLM 推理加速优化指标

• 用户关心的问题

• 模型⽣成质量能否满⾜我的要求？→ 推理加速要对⻬模型原本精度 (Accuracy 基本原则)

• 模型⽣成过程是否值得我的等待？→ ⽤户收到模型反馈不能等太久 (Latency TTFT)

• 模型⽣成速度能否跟上我的阅读？→ 模型每秒输出的字数要⾜够多 (Latency TPOT)

• 工程师关心的问题

• ⽤户关⼼的问题

• 在固定资源下能否服好更多⽤户？→ 追求吞吐量和时延的均衡 (Throughput QPS)

[1] 语言大模型推理性能工程：最佳实践. https://mp.weixin.qq.com/s/mniKrBWkDE1tWWb2wQBDCA 

https://mp.weixin.qq.com/s/mniKrBWkDE1tWWb2wQBDCA


LLM 推理加速优化指标

• Throughput↑ vs. Latency↓

[1] 语言大模型推理性能工程：最佳实践. https://mp.weixin.qq.com/s/mniKrBWkDE1tWWb2wQBDCA 

Batchsize 逐渐从 1 增加到 256

https://mp.weixin.qq.com/s/mniKrBWkDE1tWWb2wQBDCA


LLM 推理指标影响因素

[1] Mistral AI：探索 LLM 推理的吞吐、时延及成本空间 https://www.youtube.com/watch?v=mYRqvB1_gRk&ab_channel=MLOps.community 
[2] LLM推理入门指南①：文本生成的初始化与解码阶段. https://mp.weixin.qq.com/s/D9KPNI3CJ88l5_5vipjV3w 
[3] Scaling Laws for Neural Language Models. http://arxiv.org/abs/2001.08361 
[4] H100-SXM-80G,显存带宽 3350 GB/s，FP16 算力 1979 TFLOPs. 显存带宽衡量了 GPU 单位时间能从显存读取的用于计算的数据量 (33 << 590)

Decoding 阶段，推理参数量为 𝑷 的模型：
• 计算：~2 ∗ 𝑃 ∗ 𝐵 FLOPs (算力)

• 内存：2 ∗ 𝑃 GB (FP16 模型)

以 A100-SXM-40G，LLaMA-7B 模型为例：

2 ∗ 7
1555

≫
2 ∗ 7 ∗ 𝐵 ∗ 10)

312 ∗ 10*+

内存搬运时间 ≫ 模型计算时间 (考虑 KV 缓存) 
A100-SXM-40G: 𝐵!"# = 13 ≪ 200 
H100-SXM-80G: 𝐵!"# = 33 ≪ 590

200
Peak Throughput

A100-SXM-40G

https://www.youtube.com/watch?v=mYRqvB1_gRk&ab_channel=MLOps.community
https://mp.weixin.qq.com/s/D9KPNI3CJ88l5_5vipjV3w
http://arxiv.org/abs/2001.08361


LLM 推理加速技术概览

【1】量化 (节约显存)

• Weight：GPTQ, AWQ

• Activation：KVQuant

• W&A：LLM.int8, SmoothQuant, OmniQuant

• …

【2】Attention & KV 缓存 (节约显存)

• Flash Attention/Decoding

• Paged/Chunk Attention

• StreamingLLM

• …
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【3】批处理 (节约显存)

• Continuous Batching

【4】多卡并⾏ (增加计算单元)

• Megatron-TP

【5】稀疏化 (降低计算总量)

• SparseGPT, Wanda

【6】推测解码 (降低计算总量)

• SpecSampling

• Medusa, Hydra, EAGLE

【7】…

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(
𝑄𝐾!
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)𝑉

𝑊𝑒𝑖𝑔ℎ𝑡	@	𝐴𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛. 	 𝑛𝑛. 𝐿𝑖𝑛𝑒𝑎𝑟



LLM 推理框架

[1] LLM 推理框架总结. https://mp.weixin.qq.com/s/P9rQWmQxqzyirt5v8aP0eA 

• Python-based

• Text Generation Interface @HuggingFace

• vLLM @Berkeley

• LightLLM @ModelTC, SenseTime

• 高效 CUDA-kernel

• TensorRT-LLM, FasterTransformer, Triton-Inference-Server @NVIDIA

• LMDeploy @InternLM, ShanghaiAILab

• RTP-LLM @Alibaba

• SiliconLLM @SiliconFlow

• OmniForce @JD

• 本地/端侧部署

• MLC-LLM @MLC-AI

• PowerInfer @STJU

• JittorLLMs @Tsinghua

• Llama.cpp

https://mp.weixin.qq.com/s/P9rQWmQxqzyirt5v8aP0eA
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LLM 推理与训练协同演进

• 量化

• QLoRA, OneBit QAT

• Attention & KV 缓存

• Grouped Query Attention

• Sliding Window Attention

• StreamingLLM

• ⾃适应模型

• Early Exit, Mixture of Depth

• 推测解码

• Medusa2

通⽤推理技术 (Post Training)

Training Inference🤝

训推协同优化

• 量化

• GPTQ, AWQ, SmoothQuant

• Attention & KV 缓存

• Flash Attention/Decoding

• Paged/Chunk Attention

• StreamingLLM

• 稀疏化

• SparseGPT, Wanda

• 推测解码

• SpecSampling

• Medusa1, Hydra, EAGLE



LLM 训推协同优化：量化

[1] OneBit: Towards Extremely Low-bit Large Language Models. https://arxiv.org/pdf/2402.11295 

• OneBit

https://arxiv.org/pdf/2402.11295


LLM 训推协同优化：Attention

[1] GQA: Training Generalized Multi-Query Transformer Models from Multi-Head Checkpoints. http://arxiv.org/abs/2305.13245 
[2] Qwen1.5-32B：Qwen1.5语言模型系列的最后一块拼图. https://qwenlm.github.io/zh/blog/qwen1.5-32b/ 
[3] LLM推理入门指南②：深入解析KV缓存. https://mp.weixin.qq.com/s/WxbMFoSrKl0xqsUkzPLJHw 

• Grouped Query Attention 降低 KVCache 维度
GQA in LLMs

http://arxiv.org/abs/2305.13245
https://qwenlm.github.io/zh/blog/qwen1.5-32b/
https://mp.weixin.qq.com/s/WxbMFoSrKl0xqsUkzPLJHw


LLM 训推协同优化：Attention

• Sliding Window Attention, StreamingLLM 降低 KVCache ⻓度

[1] StreamingLLM-Efficient Streaming Language Models with Attention Sinks. http://arxiv.org/abs/2309.17453 
[2] Mistral 7B. http://arxiv.org/abs/2310.06825 

Sliding Window Attention in Mistral-7B.

The KV cache of StreamingLLM.

http://arxiv.org/abs/2309.17453
http://arxiv.org/abs/2310.06825


LLM 训推协同优化：⾃适应模型

[1] Not all Layers of LLMs are Necessary during Inference. http://arxiv.org/abs/2403.02181 
[2] Mixture-of-Depths: Dynamically allocating compute in transformer-based language models. http://arxiv.org/abs/2404.02258 

• Early Exit in AdaInfer

layers

16

24

32

Sentiment MMLU

• Mixture of Depth (MoD)

http://arxiv.org/abs/2403.02181
http://arxiv.org/abs/2404.02258
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何为推测解码？

[1] Unlocking Efficiency in Large Language Model Inference: A Comprehensive Survey of Speculative Decoding. http://arxiv.org/abs/2401.07851 
[2] EAGLE: Speculative Sampling Requires Rethinking Feature Uncertainty. http://arxiv.org/abs/2401.15077 

推测解码的三步：

(1) 生成 candidates.
(2) 验证 candidates. 

(3) 接收 candidates.

http://arxiv.org/abs/2401.07851
http://arxiv.org/abs/2401.15077


推测解码的发展

[1] Unlocking Efficiency in Large Language Model Inference: A Comprehensive Survey of Speculative Decoding. http://arxiv.org/abs/2401.07851  
[2] Andrej Karpathy comments Speculative Decoding. https://twitter.com/karpathy/status/1697318534555336961 
[3] Yangqing Jia comments Medusa. https://twitter.com/jiayq/status/1749461664393810350 

http://arxiv.org/abs/2401.07851
https://twitter.com/karpathy/status/1697318534555336961
https://twitter.com/jiayq/status/1749461664393810350


Blockwise Parallel Decoding

[1] Blockwise Parallel Decoding for Deep Autoregressive Models. https://arxiv.org/abs/1811.03115 

A continuation of 𝑘 draft tokens
在大模型 Decoders 末尾，增加 1个多 LM_head 结构，生成 candidates. 生成长度为 𝑚 序列的理想推理次数：!
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生成 3个 Draft tokens

机器翻译 BLEU Score / 接收率

https://arxiv.org/abs/1811.03115


Aggressive Decoding

[1] Lossless Acceleration for Seq2seq Generation with Aggressive Decoding. http://arxiv.org/abs/2205.10350 

Input-guided Aggressive Decoding Generalized Aggressive Decoding

任务：语法矫正
任务：机器翻译

考虑了有代表性的任务场景，并提出了使用分离式 Draft model 生成 candidates 的方式。

Output Token (AR)

Draft Token

Input Token

http://arxiv.org/abs/2205.10350


Speculative Sampling

[1] Accelerating Large Language Model Decoding with Speculative Sampling. http://arxiv.org/abs/2302.01318 
[2] Fast Inference from Transformers via Speculative Decoding. http://arxiv.org/abs/2211.17192 
[3] HuggingFace Assisted Generation. https://huggingface.co/blog/assisted-generation 

在分离式 Draft model 思想上，提出用同样结构的小模型 (SLM) 生成 candidates。

TPOT (ms)
14.1
1.8

Open Task

http://arxiv.org/abs/2302.01318
http://arxiv.org/abs/2211.17192
https://huggingface.co/blog/assisted-generation


Medusa 训推协同

[1] Medusa: Simple LLM Inference Acceleration Framework with Multiple Decoding Heads. http://arxiv.org/abs/2401.10774 

(B, 1, D) → (B, 1 + n_paths, D)

http://arxiv.org/abs/2401.10774


Medusa 优化⽅向：Draft head

[1] Hydra: Sequentially-Dependent Draft Heads for Medusa Decoding. http://arxiv.org/abs/2402.05109 

(Auxiliary Decoder)

http://arxiv.org/abs/2402.05109


Medusa 优化⽅向：Draft head

[1] EAGLE: Speculative Sampling Requires Rethinking Feature Uncertainty. http://arxiv.org/abs/2401.15077 

Top2

http://arxiv.org/abs/2401.15077


Medusa 优化⽅向：Draft tokens

[1] PaSS: Parallel Speculative Sampling. http://arxiv.org/abs/2311.13581 

HumanEval 4-Lookahead tokens

输入 32，输出 512

http://arxiv.org/abs/2311.13581


推测解码 Benchmark

[1] Spec-Bench: A Comprehensive Benchmark and Unified Evaluation Platform for Speculative Decoding. https://sites.google.com/view/spec-bench 

Spec-Bench

https://sites.google.com/view/spec-bench
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未来展望

• Medusa

• v1 通⽤⾼效的 Draft heads “⾃蒸馏” 微调，与知识蒸馏和重组等⽅法的结合

• v2 Draft heads 监督与⼤模型训练流程 (Pretrain + SFT + RLHF) 的协同

• ⼤参数量/⻓词表 Draft heads 接收率低，⾼频词分类⼦空间划分

• ⾼效的 Draft heads/tokens/candidates 等策略

• Draft heads 和 candidates 数量之间的均衡，即实际场景下 heads 能接受的数量上限

• “推测-验证-接收”模式下 KVCache 的⾼效管理

• 通⽤推理

• 动态推理能⼒，Task/Layer/Token-level 模型结构⾃动调整和计算资源分配

• ⾼精度的 KVCache 量化，以及与原始模型⽣成质量对⻬技术

• ⾼质量的 Prompt 压缩重写技术




