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From https://llm-d.ai/blog/serving-glm-5-2-agentic-workloads-on-llm-d 

Agentic Workloads

What do agentic workloads look like?
Long context, multiturn, large MoEs 

https://llm-d.ai/blog/serving-glm-5-2-agentic-workloads-on-llm-d


What matters for agentic 
inference?
● Operations
● Cost
● Interactivity
● Correctness
● Development Velocity



How to read the Pareto chart?
● Y-axis: Cost or throughput per GPU
● X-axis: Interactivity per request 

(how fast is an agent?)

Compare different configs on 
the same chart 
● Points have different 

configurations and different 
amounts of load



The stack: from hardware to agent

Agents

AI Gateway

vLLM

Models
Transformers

PyTorch

Hardware



PyTorch Out of the Box Hardware Support



ExecuTorch



PyTorch Distributed

Distributed APIs
Distributed Data-Parallel (DDP)
Fully Sharded Data-Parallel (FSDP2)
Tensor Parallel (TP)
Pipeline Parallel (PP)

Natively Supported Backends
NCCL
RCCL
Gloo
MPI



PyTorch Model Acceleration

● Graphs ● Compile



Hugging Face Transformers



Transformers

Transformers has become the backbone of open-source AI, giving everyone a standardized 
toolkit.


Standardized Toolkit
Provides consistent, high-level APIs 
and architecture definitions across 
NLP, computer vision, and 
multi-modal models.


Ecosystem Backbone
Seamlessly connects with PyTorch, 
vLLM, and enterprise inference 
frameworks for efficient deployment.


Open Innovation
Empowers global developer 
collaboration, rapid research 
iteration, and open-weights model 
distribution.



Transformers and vLLM

Transformers vLLM

  New Model   New Model

Transformers

vLLM

New Model New Model



Inference Platform

vLLM: From Research to Standard
In 3 years, vLLM has rapidly evolved from a UC Berkeley research project into the leading OSS 

engine



Long Context

Paged Attention
Paged Attention manages KV cache like virtual memory

● Previous approaches pre-allocated contiguous 

memory 

○ Bad: must allocate max length

● Resulted in fragmentation 

○ unknown output length.

○ Non-uniform request lengths



Key insight
Efficient management of KV cache is crucial for high-throughput LLM serving

13B LLM on A100-40GB*
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Long Context



Long Context

Multi-turn and Forking Agentic Workloads: Prefix caching
Matching prefixes can share the same KV blocks



From: https://developer.nvidia.com/blog/?p=122024 

Model Optimizations

Speculating allows more work per forward pass
Speculative decoding speculates tokens that the main model verifies 

● Lets the model generate more that 
one token per forward pass.

● Especially helpful for:
○ Low concurrency, high 

interactivity servers
○ Sparse MoE models

● Active area of development
○ DFlash, DSpark
○ Today, extra layers rather than 

separate drafter model

https://developer.nvidia.com/blog/?p=122024


From: https://vllm.ai/blog/2026-09-15-kimi-k3-dspark 

Model Optimizations

Speculative decoding is now table-stakes for agentic serving
Speculative decoding speculates tokens that the main model verifies 

● Greatly increases maximum 
interactivity

● Shifts entire Pareto curve to the right

● Large MoEs run at small batch sizes 
except at far left side of Pareto

https://vllm.ai/blog/2026-09-15-kimi-k3-dspark


vLLM Recipes

Problem: There is a lot to configure!
Use vLLM recipes to make deployment easy

● Quantization
● Parallelization
● Speculative Decoding
● Backend selection
● KV Connectors

○ KV offloading
○ P/D Disaggregation
○ HiSparse

Solution: recipes.vllm.ai



Day-0 Models and Hardware

]

vLLM brings you new models, ready on day 0

recipes.vllm.ai

Muse Spark Open
Reflection Beam Kimi K3

DeepSeek-V4.1
Flash Qwen3.8

Nemotron 3.5 GLM-5.2 MiniMax M3 Gemma 4 gpt-oss

Support when new
weights launch.

Pick your model and GPUs.
Copy the launch command.



Day-0 Models and Hardware

From: https://vllm.ai/blog/2026-10-09-vera-rubin-preview 

Day-0 Support for Vera Rubin
The vLLM community works with hardware to prepare early

● The vLLM community prepared early for 
Rubin

○ Joint: NVIDIA, Red Hat, Inferact

● Preview image available now:
○ vllm/vllm-openai:cu134-nightly

● Much easier than Hopper -> Blackwell
○ FlashInfer: NVIDIA’s investment 

means there are already open and 
optimized kernels available

○ Smaller architectural differences 
made it easier this time

https://vllm.ai/blog/2026-10-09-vera-rubin-preview
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Inference Platform

Operationalizability

Flexibility

Performance
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▸ Intelligent Inference Scheduling

▸ KV Cache Management

▸ P/D Disaggregation

▸ Wide Expert Parallelism

▸ Request Prioritization

“Well-lit” Paths
llm-d provides “well-lit” paths for running LLM inference workloads

llm-d



Maintain prefix
“Pod A has hit”

24

llm-d

Prefix-Aware Routing

EPP

Pod A Pod B Pod C

GET completions

Load-Aware Routing

EPP

Pod A Pod B Pod C

GET completions

Prompt

Dramatically increase prefix-cache hit rate

Scrape metrics. 
“A has low load”

Load-balancing based on actual replica state

Pod A

Prompt

Pod A

Intelligent Inference Scheduling
vLLM-aware load-balancing enables smarter request routing that improve SLOs

/metricsKV Events



llm-d

From https://llm-d.ai/docs/0.7/architecture/advanced/kv-management/kv-offloader 

KV Offloading
Reuse more  prompts in KV cache to avoid recomputation

● vLLM natively supports KV offloading 
via the KV Connector API

● Tiered offloading - KV cache hierarchy
○ CPU memory 
○ Local NVMe
○ Remote storage

● Filesystem and object storage

● Offloading allows larger prompt caches 
but not  higher batch size 

○ Doesn’t help decode throughput 

https://llm-d.ai/docs/0.7/architecture/advanced/kv-management/kv-offloader
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Disaggregated Serving

EPP

Decode Pod A Prefill Pod B

GET completions

Specialization of pods for prefill and decode phase

Long prompt. 
“Use Disagg”

KV Xfer (NIXL)

Sidecar

Prompt

Pod A+B

P/D Disaggregation
P/D disaggregation is a key optimization for demanding inference workloads

NIXL

UCX

NVLink

Infiniband

Heterogenous Transfer Protocols

RoCE

ICI EFA

TCP

API 

Networking

Transport

Support variety of transports via UCX

llm-d
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P/D Disaggregation
P/D disaggregation drives significant performance improvements for long context workloads

Key Insights
● Important for long context

● Disaggregation unlocks specialization 
for phases of inference
○ Decode scales better with 

parallelism than Prefill
○ Decode needs more KV Cache 

space

● Need to tune xPyD ratios for workload

+30% gain!

llm-d



LeaderWorkerSet
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Wide EP

Wide Expert Parallelism
llm-d’s K8s-native design composes the EP implementation with the rest of the llm-d system

EPP

Pod A
(DP-0)

GET completions

Pod B
(DP-1)

Pod G
(DP-6)

Pod H
(DP-7)

Expert-Parallel MLP

*Composes with 
other scorers*

Prompt

Pod D

Pod C
(DP-2)

Pod D
(DP-3)

Pod E
(DP-4)

Pod F
(DP-5)



Wide EP

Large-Scale Serving: Model weights now reach terabytes

1× A100
80 GB

8× H100
640 GB

8× B200
1.44 TB

8× B300
2.30 TB

LLaMA 65B Feb 2023 131 GB (FP16)

Mistral 7B Sep 2023 14.5 GB (BF16)

Mixtral 8×7B Dec 2023 93.4 GB (BF16)

DeepSeek-V2 May 2024 471 GB (BF16)

Llama 3.1 405B Jul 2024 812 GB (BF16)

DeepSeek-V3 Dec 2024 689 GB (FP8)

Kimi K2 Jul 2025 1.03 TB (FP8)

DeepSeek-V4-Pro Apr 2026 865 GB (FP4 + FP8)

Kimi K3 Jul 2026 1.56 TB (MXFP4)

Qwen3.8 Aug 2026 2.50 TB (FP8)

GB300 NVL72 rack: ~20 TB →

Released weights still outgrow a node, even at low precision.

Released checkpoint sizes. Qwen3.8 uses its official FP8 release. Includes scales. Excludes KV cache and runtime memory. 29



Wide expert parallelism: attention data-parallel, experts spread across ranks

Rank 1
attention + router

Rank 4
selected expert

Rank 1
combine + continue

dispatch return

30



Wide EP supports thousands of concurrent requests

 

Reached 2.2k decode tokens/s per H200 GPU Reached 10K decode tokens/s per GB200 GPU

DeepSeek-R1, H200: 256 requests/rank × 96 ranks = 24,576 requests
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llm-d

Request Prioritization

EPP

Pod A Pod C

Prompt, Priority

Pod A

Pod B

Realtime 
Client Queue

If detect 
saturation, kill 
SHEDDABLE 

requests

Batch Job

SHEDDABLECRITICAL

Retry requests 
as needed

llm-d enables multiplexing of different request classes onto the same model deployment



Thank you!



Backup Slides



The goal:

3535

P99 ITL on a disaggregated 
deployment

P99 ITL on a 
standard deployment

35 35



From: https::/github.com/vllm-project/llm-compressor 

Model Optimizations

vLLM’s llm-compressor quantizes models
Quantization uses lower precision weights to shrink footprint and compute faster

● vllm-project/llm-compressor

● Library for compressing models via 
quantization

● Red Hat releases many quantized 
checkpoints

● Different hardware need different 
data types

○ CPU - int8 and uint8
○ NVIDIA Blackwell - NVFP4
○ Hopper - FP8 

http://github.com/vllm-project/llm-compressor


From: https://github.com/vllm-project/speculators  

Model Optimizations

vLLM’s Speculators trains speculator models 
Speculative decoding speculates tokens that the main model verifies 

● vllm-project/speculators

● Library for training speculator models

● Many speculators-trained models 
available

○ RedHatAI/GLM-5.3-speculator.dspark
○ RedHatAI/Kimi-K3-speculator.dspark
○ Inferact/Muse-Spark-Open-DSpark

http://github.com/vllm-project/speculators


Model Optimizations

vLLM Optimizes for Throughput and Latency
vLLM aims for the speed of light

Reaching the speed of light requires 
optimizing the entire engine

● Eliminate CPU overhead
● Optimize the model execution
● Quantization
● Speculative decoding



vLLM Core and Model Optimizations

Synchronous Scheduling
Scheduling & input preparation happens on the critical path, making GPU idle

Schedule
step N  1

Prepare
step N  1

Execute step N  1 Execute step N  2

Schedule
step N  2

Prepare
step N  2

CPU

GPU
Timeline



● Core idea: “schedule & prepare the next batch one step ahead”

● vLLM ensures zero synchronization, 

○ The GPU is never stalled by the CPU in any case

vLLM Core and Model Optimizations

Core Optimization: Asynchronous Scheduling
vLLM overlaps the host overheads with model execution

Schedule
step N  1

Prepare
step N  1

Execute step N Execute step N  1 Execute step N  2

Schedule
step N  2

Prepare
step N  2

Schedule
step N  3

Prepare
step N  3

CPU

GPU
Timeline



vLLM Core and Model Optimizations

Model Optimization: Asynchronous Scheduling
Fusion avoids kernel startup overheads and allows overlapping of different costs

Example: DeepSeek V3.2



vLLM Core and Model Optimizations

Model Optimization: Asynchronous Scheduling
Fusion avoids kernel startup overheads and allows overlapping of different costs

Example: DeepSeek V3.2



Model Optimizations

From: https://github.com/vllm-project/vllm/pull/61867 (Ben Chislett at NVIDIA)

Frontier fusion: Mega-Kernels
Implement the entire forward pass in one kernel

● Mega-kernels take the 
idea of fusion to the 
extreme

● Huge interactivity wins 
for Kimi K3 decode

https://github.com/vllm-project/vllm/pull/61867


Large-Scale Serving

Model weights now reach terabytes

1× A100
80 GB

8× H100
640 GB

8× B200
1.44 TB

8× B300
2.30 TB

LLaMA 65B Feb 2023 131 GB (FP16)

Mistral 7B Sep 2023 14.5 GB (BF16)

Mixtral 8×7B Dec 2023 93.4 GB (BF16)

DeepSeek-V2 May 2024 471 GB (BF16)

Llama 3.1 405B Jul 2024 812 GB (BF16)

DeepSeek-V3 Dec 2024 689 GB (FP8)

Kimi K2 Jul 2025 1.03 TB (FP8)

DeepSeek-V4-Pro Apr 2026 865 GB (FP4 + FP8)

Kimi K3 Jul 2026 1.56 TB (MXFP4)

Qwen3.8 Aug 2026 2.50 TB (FP8)

GB300 NVL72 rack: ~20 TB →

Released weights still outgrow a node, even at low precision.

Released checkpoint sizes. Qwen3.8 uses its official FP8 release. Includes scales. Excludes KV cache and runtime memory. 44



Serving many users can need more KV memory than the model weights

Llama 3.1 70B, BF16, 80 layers with 8 KV heads + head size 128  →  320 KiB of KV cache per token

model weights 140 GB

one user, 100K tokens ≈ 33 GB

5 users × 100K tokens ≈ 164 GB

50 users × 100K tokens ≈ 1.64 TB

Efficient decode means batching many users, so the live state outgrows the model itself.



Long Context

KV cache size and attention are heterogeneous

LLaMA 65B Feb 2023 2,560 KiB
(MHA)

Llama 3.1 405B Jul 2024 504 KiB (GQA)

DeepSeek-V3 Dec 2024 68.6 KiB (MLA)

Kimi K2 Jul 2025 68.6 KiB (MLA)

DeepSeek-V4-Pro Apr 2026 5.38 KiB (compressed KV + 128-token window + index)*

Kimi K3 Jul 2026 27 KiB (24 MLA + 69 KDA linear layers)*

Qwen3.8 Aug 2026 92 KiB (23 GQA + 69 Gated DeltaNet linear layers)*

Muse Spark Open Oct 2026 64 KiB (GQA: 16 full + 46 sliding, 2K window)*

Reflection Beam Oct 2026 36 KiB (GQA: 9 full + 43 sliding, 512-token window)*

Growing KV payload across all layers, one cache copy. BF16 except DeepSeek-V4’s packed FP8.

MLA and hybrid attention keep token state small as model weights grow.

KDA: Kimi Delta Attention. *Window, linear-attention, and compressor state is extra. Padding and replication excluded.

0 128 256 384 512 640 2,304 2,560

KiB per token

640–2,304 KiB omitted



Long Context

From: https://vllm.ai/blog/2026-09-08-glm53-part1-hybrid-sparse-offloading 

Hybrid HiSparse
Sparse attention lets us maximize the KV cache space

● Models like DeepSeekV3.2 
and GLM 5.2 have sparse 
attention layers with indexers

● Idea: Keep KV cache in CPU 
memory, stream tokens 
selected by the indexer

https://vllm.ai/blog/2026-09-08-glm53-part1-hybrid-sparse-offloading


Long Context

From: https://vllm.ai/blog/2026-09-08-glm53-part1-hybrid-sparse-offloading 

Hybrid HiSparse
Sparse attention lets us maximize the KV cache space

● HiSparse keeps most of the KV 
cache in CPU memory.

● Increase the number of tokens a 
server can fit in  KV cache

● For GLM 5.2, HiSparse plus DCP 
allows 1M context even on H100s 
(at EP32) 

● Downside: This is a 
model-specific optimization

https://vllm.ai/blog/2026-09-08-glm53-part1-hybrid-sparse-offloading


PD Disaggregation

● Use separate Prefill and Decode replicas to process a request

Proxy

vLLMvLLM

GET /completions

D instance P instance



PD Disaggregation

● Use separate Prefill and Decode replicas to process a request

Proxy

vLLMvLLM

GET /completions

KVTransferParams(
do_remote_decode:true)

P instanceD instance



PD Disaggregation

● Use separate Prefill and Decode replicas to process a request

Proxy

vLLMvLLM

GET /completions

KVTransferParams(
do_remote_decode:true)KVTransferParams(

 remote_engine_id: XYZ
remote_block_ids: [a,b,...]
do_remote_prefill: true)

P instanceD instance



PD Disaggregation

● Use separate Prefill and Decode replicas to process a request

Proxy

vLLMvLLM

GET /completions

KVTransferParams(
do_remote_decode:true)KVTransferParams(

 remote_engine_id: XYZ
remote_block_ids: [a,b,...]
do_remote_prefill: true)

NIXL

UCX

RoCE Infiniband TCP

P instanceD instance

READ



Key insight
Efficient management of KV cache is crucial for high-throughput LLM serving

13B LLM on A100-40GB*
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