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TLDR; future LLM serving systems should serve programs, not prompts
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curl https://api.openai.com/v1/responses \
   -d “Write a response to this customer complaint”

The only API you need
to build a billion-dollar AI startup

2

https://api.openai.com/v1/responses%20/
https://api.openai.com/v1/responses%20/


Today’s LLM serving systems
are designed for text completion

AI app LLM serving system

Prompt

Generated text

+ sampling params
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vLLM/SGLang



Today’s LLM serving systems
are designed for text completion

vLLM / SGLang

New prompts

Batch Prefill Decode Sample

Output tokens

Updated prompt

(One-time)

“Global autoregressive loop”
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New prompts

Batch Prefill Decode Sample

Output tokens

Updated prompt

(One-time)

“Global autoregressive loop”
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Three implicit design choices behind “prompt serving”:

• KV cache is transient
• Generation is closed-loop
• Serving is stateless



“Prompt serving” is too inflexible
for emerging LLM applications

1. Inference
Inefficiency

2. Integration
Friction

3. Implementation
Challenge
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Imagine building an
AI code completion tool
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Challenge 1. Inference efficiency

Scenario: User’s input updates the suggestion.

Context
(source code files)

System prompt

Your job is to predict the 
most probable next line of 
code given the …

Prompt

Due to the large overlaps in prompts,
Inter-request KV cache reuse is essential for efficiency
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Challenge 1. Inference inefficiency

KV cache management is often automatic, system-wide policy
(e.g., OpenAI’s prompt caching, vLLM’s automatic prefix caching) 

This precludes application-driven optimizations

In case the user presses 
Ctrl+Z, keep the previous KV 

cache briefly.

User deleted source files. 
Drop related KV cache to 

save memory.

Stats suggest this file won’t 
be used soon. Don’t keep its 
KV cache.
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Challenge 2. Integration friction

Scenario: Augment generation with relevant API documentation

Prompt: “If unsure about an 
API during generation, output 
<read>API name</read> and 
pause”

LLM serving system

10



Challenge 2. Integration friction

LLM serving system
(1) Original prompt

(2) <read> … (3) Retrieve data

(4) updated prompt

Data/Tool

Each external interaction induces two extra boundary crossings
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Challenge 3. Implementation

Scenario: Watermark output suggestions for IP protection

Sander et al., Watermarking Makes Language Models Radioactive 12
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customizing existing serving systems?

vLLM plugin system

Challenge 3. Implementation



It imposes a non-trivial engineering cost due to:

(1) Monolithic generation pipeline
(2) Per-request policy control
(3) Lack of extensible interface
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Challenge 3. Implementation



Challenge 3. Implementation

Monolithic token generation loops make it hard to implement custom 
decoding strategies

15Chan et al., Efficient Beam Search for Large Language Models

e.g., beam search



Challenge 3. Implementation

Monolithic execution loops entangle model logic with generation 
control, complicating non-standard decoding methods.
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Beam search is a headache (vllm#6226) Beam search still unsupported (sglang#3032)



Challenge 3. Implementation

No per-request policy control.
Optimizations are global policies

usage : vllm ser ve  [-h] [--mo del MODEL]
                  [--ta sk { auto, classify,dr aft,e mbed, embed ding,gene rate ,rewar d,scor e,tr anscrip tion}]
                  [--to kenizer TOKENIZER ]
                  [--to kenizer-mo de {aut o,cust om,m istra l,slow}]
                  [--tr ust-re mote-cod e | --no-tr ust-re mote-cod e]
                  [--dt yp e {au to,bf loat16 ,float ,float 16,floa t32,h alf}]
                  [--seed  S EED] [--hf-con fig-pat h HF_CONFIG_PA TH]
                  [--allowed-loca l-me dia-pat h ALLOW ED_LOCAL_ME DIA _P ATH]
                  [--re visio n REV ISION] [--cod e-re visio n CODE_R EVISION]
                  [--ro pe-scalin g R OPE_S CA LING]  [ --ro pe-th eta R OPE_THETA]
                  [--to kenizer-re visio n TOK ENIZER_R EVIS ION]
                  [--ma x-mo del-len MA X_MODE L_LE N]
                  [--qua ntizatio n {aqlm, awq,awq_mar lin,bit blas,bit sandbyte s,comp ressed-te nsors,d eepspee dfp,expe rts_int 8,fbgem m_fp8, fp8,gguf ,gptq, gptq_bit blas,gpt q_marlin ,gptq_m arlin_24, hqq,ipe x, marlin ,mode lopt,m oe_wna16, neuro n_quant ,nvfp4,p tpc_fp8 ,qqq,q uark,t orcha o,tpu _in t8,None }]
                  [--enf orce-eage r | --no-enf orce-eage r]
                  [--ma x-seq-len-to-cap ture  M AX_SEQ_LEN_TO_CAPTURE]
                  [--ma x-logpr obs MA X_LOGP ROB S]
                  [--disab le-sliding -window | --no-disab le-sliding -window]
                  [--disab le-casc ade-at tn | --no-disab le-casc ade-at tn]
                  [--skip-to kenizer-init | --no-skip-to kenizer-init]
                  [--ena ble-pr ompt-em beds | --no-ena ble-pr ompt-em beds]
                  [--ser ve d-mo del-nam e SER VED_MODEL_NA ME [SE RVE D_MODEL_NAME .. .]]
                  [--disab le-async-out put-pr oc]
                  [--con fig-for mat  {aut o,hf, mistr al}] [--hf-to ken [HF_TOKEN]]
                  [--hf-over rides HF_OVER RIDES ]
                  [--over ride-neu ron-con fig OVER RIDE_NEUR ON_CONFIG]
                  [--over ride-poo ler-con fig OVER RIDE_POOLER _CONFIG]
                  [--logit s-pr ocessor-pat ter n LOGITS _P ROCES SOR_P ATTERN]
                  [--gene ratio n-con fig GE NE RATION_CONFIG]
                  [--over ride-gene ratio n-con fig OVER RIDE_GENERA TION_CONFIG]
                  [--ena ble-sleep-mo de | --no-ena ble-sleep-mo de]
                  [--mo del-imp l {aut o,vllm,t ransf orme rs}]
                  [--load-for mat  { auto, pt,saf etenso rs,npc ache,d ummy,t ensor ize r,shar ded_sta te,gguf ,bitsan dbytes,m istra l,runa i_st ream er,r unai_str eame r_shard ed,fast safet ensors} ]
                  [--downlo ad-dir DOWNLOAD_DIR]
                  [--mo del-load er-extr a-con fig MODE L_LOA DE R_EXTR A_CONF IG]
                  [--ignor e-pat ter ns IGNOR E_PATTER NS [IGNORE_PA TTE RNS ... ]]
                  [--use-tq dm-on-load  | --no-use-tq dm-on-load ]
                  [--qlor a-ada pter-nam e-or-pat h QLORA _A DA PTER _NA ME_OR_PA TH]
                  [--pt-load-ma p-loca tion PT_LOAD_MAP _LOCA TION]
                  [--guide d-dec oding-bac kend {aut o,guida nce,lm-for mat-enf orcer ,out lines,xgram mar}]
                  [--guide d-dec oding-disab le-fallb ack | --no-guide d-dec oding-disab le-fallb ack]
                  [--guide d-dec oding-disab le-any-white space | --no-guide d-dec oding-disab le-any-white space]
                  [--guide d-dec oding-disab le-add itional-pr opert ies | --no-guide d-dec oding-disab le-add itional-pr opert ies]
                  [--ena ble-re asoning | --no-ena ble-re asoning]
                  [--re asoning-par ser {de epseek_r1 ,granit e,qwen3 }]
                  [--dist ribut ed-execu tor-bac kend {exte rnal_laun cher, mp,r ay,uni,None }]
                  [--pipe line-par allel-size PIP ELINE_PAR ALLEL_SIZE ]
                  [--te nsor-par allel-size TENSOR _P AR ALLEL_SIZE]
                  [--dat a-par allel-size DATA_PA RALLE L_S IZE]
                  [--dat a-par allel-size-loca l DATA _P AR ALLEL_SIZE_LOCAL]
                  [--dat a-par allel-add ress DATA_PA RALLE L_A DDR ESS]
                  [--dat a-par allel-rp c-por t DATA_PA RALLE L_R PC_POR T]
                  [--ena ble-exper t-par allel | --no-ena ble-exper t-par allel]
                  [--ma x-par allel-load ing-worke rs MAX_P ARA LLEL_LOADING_W ORK ERS ]
                  [--ra y-worke rs-use-nsight  | --no-ra y-worke rs-use-nsight]
                  [--disab le-cust om-all-re duce | --no-disab le-cust om-all-re duce]
                  [--worke r-cls W ORKE R_CLS]
                  [--worke r-exte nsion-cls W ORKE R_EXTENSION_CLS]
                  [--bloc k-size {1,8 ,16,32 ,64,12 8}]
                  [--gpu-me mory-ut iliza tion GPU_MEMOR Y_UTILIZA TION]
                  [--swap-spac e SWA P_SP ACE]
                  [--kv-cac he-dt yp e {au to,fp 8,fp8_e4 m3,fp 8_e5m2} ]
                  [--num-gpu-bloc ks-over ride NUM_GP U_B LOCK S_OVER RIDE]
                  [--ena ble-pr efix-cac hing | --no-ena ble-pr efix-cac hing]
                  [--pr efix-cac hing-hash-algo {b uiltin,sh a256}]
                  [--cpu-off load-gb CPU_OFFLOAD_GB]
                  [--calc ulate-kv-scale s | --no-calc ulate-kv-scale s]
                  [--to kenizer-poo l-size TOKENIZER _POOL_SIZE]
                  [--to kenizer-poo l-type  TOK ENIZER_POOL_TYP E]
                  [--to kenizer-poo l-extr a-con fig TOK ENIZER_P OOL_E XTRA_CONFIG]
                  [--limit -mm-per-pr ompt  LIM IT_MM _P ER_P ROMP T]
                  [--mm-pr ocessor-kwargs MM_P ROCESS OR_KW AR GS]
                  [--disab le-mm-pr eproc essor-cac he | --no-disab le-mm-pr eproc essor-cac he]
                  [--ena ble-lor a | --no-ena ble-lor a]
                  [--ena ble-lor a-bias | --no-ena ble-lor a-bias]
                  [--ma x-lor as MA X_LORAS ] [--ma x-lor a-ra nk MAX_LOR A_RA NK ]
                  [--lor a-extr a-vocab-size LORA _EXTRA _V OCAB_SIZE ]
                  [--lor a-dt yp e {au to,bf loat16 ,float 16}]
                  [--long -lor a-scalin g-fac tors LONG_LORA _S CALING_F ACTORS [LONG_LORA _SCALING_FACTORS  . ..]]
                  [--ma x-cpu-lor as MA X_CP U_LOR AS]
                  [--fully-shar ded-lor as | --no-fully-shar ded-lor as]
                  [--ena ble-pr ompt-ada pter  | --no-ena ble-pr ompt-ada pter ]
                  [--ma x-pr ompt-ada pter s M AX_PR OMPT_ADAP TE RS]
                  [--ma x-pr ompt-ada pter-to ken MAX_P ROMP T_A DA PTER_TOKE N]
                  [--device  {aut o,cpu ,cuda, hpu,ne uron, tpu,xpu}]
                  [--spec ulative-con fig SPECULATIVE _CONFIG]
                  [--show-hidd en-me trics-for-versio n SHOW_HIDDEN_METR ICS_FOR_V ERS ION]
                  [--ot lp-tr aces-end point OTLP_TR ACES_ENDPOINT]
                  [--colle ct-det ailed-tr aces {all,m odel,wor ker,Non e} [{all,m odel,wor ker,Non e} ... ]]
                  [--ma x-num-bat ched-to kens MAX_NUM_BATCHED_TOK ENS]
                  [--ma x-num-seqs MA X_NUM_S EQS]
                  [--ma x-num-par tial-pr efills MAX_NUM_PAR TIAL_PR EFILLS]
                  [--ma x-long-par tial-pr efills MAX_LONG_PAR TIAL_PR EFILLS]
                  [--cud a-gra ph-sizes CUDA_GR APH_SIZES  [CUDA_GRA PH_SIZES  . ..]]
                  [--long -pr efill-to ken-th reshold  LONG_PR EFILL_TOKEN_THRES HOLD]
                  [--num-looka head-slot s NUM_LOOKA HE AD_S LOTS]
                  [--sche duler-dela y-fac tor S CHEDULER_DELAY _F ACTOR]
                  [--pr eempt ion-mo de {re compu te,swap, No ne}]
                  [--num-sche duler-ste ps NUM_SCHEDULER_STEP S]
                  [--mu lti-ste p-str eam-out puts | --no-mu lti-ste p-str eam-out puts]
                  [--sche duling-polic y {fcf s,prior ity}]
                  [--ena ble-chu nked-pr efill | --no-ena ble-chu nked-pr efill]
                  [--disab le-chu nked-mm-inpu t | --no-disab le-chu nked-mm-inpu t]
                  [--sche duler-cls SCHEDULER_CLS]
                  [--kv-tr ansfer-con fig KV_TRA NSFER _CONFIG]
                  [--kv-event s-con fig KV_EV ENTS _CONFIG]
                  [--com pilatio n-con fig COM PILATION_CONF IG]
                  [--add itional-con fig ADDITIONAL_CONFIG]
                  [--use-v2-bloc k-ma nager]  [--disab le-log-sta ts]
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curl https://api.openai.com/v1/responses \
   -d “Write a response to this customer complaint”

The only API you need
to build a billion-dollar AI startup?

We need a serving system that is more application-aware.

https://api.openai.com/v1/responses%20/
https://api.openai.com/v1/responses%20/


Vision: “programmable” LLM serving system

We have seen similar problems/solutions in networking, OS, and 
security before:
- eBPF
- SDN
- OPA

Can we take the same philosophy in building the LLM serving 
system?

19



Programmable LLM serving with Pie
(SOSP ‘25)
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https://pie-project.org



Design goals of Pie

21

1. Inference
Inefficiency

2. Integration
Friction

3. Implementation
Challenge

App-defined
KV cache mgmt

Integrated 
compute and I/O

Customizable
at forward pass level



Design principles
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Decouple control
from token generation

Delegate the control
to user programs
called "inferlets"
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Current serving systems Pie: programmable serving

color denotes the control flow

Architecture



Inferlets
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Inferlet is a program that controls inference workflow end-to-end.

Pie compiles and executes inferlets through WebAssembly (Wasm).

Developers write
inferlet using Pie APIs

+
compile

Inferlet
Wasm binary



Programming model
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Pie abstracts the model forward pass into three stages, 
linked by two resource abstractions: KvPage and Embed.



Standard library
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Pie offers a standard library that 
hides Pie’s low-level API complexity 
via common subroutines and 
abstractions

With standard library

Greedy decoding with Pie APIs
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[Example 1/7] Hierarchical attention (150 LoC)

The inferlet applies a hierarchical attention 
mask (extracted from the document) to 
reduce prefill latency.

XML document Attention mask
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[Example 2/7] Prompt caching (150 LoC)

Reuse the KV cache across inferlets via 
inferlet::export_kv_pages and 
inferlet::import_kv_pages, which expose the 
virtual KV-cache pointer globally.
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[Example 3/7] Constrained decoding (170 LoC)

Developers can take advantage of existing 
Rust/C++/Golang ecosystem to write inferlets

e.g., EBNF decoding inferlet in 170 LoC using 
llguidence Rust library.

Comparable latency/tput to SGLang’s EBNF 
constrained decoding
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[Example 4/7] Beam search (80 LoC)

Pie’s inferlet-based beam search 
implementation achieves 1.5-2.2× higher 
throughput than vLLM’s beam search (beam 
size < 8)
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[Example 5/7] CodeACT agent (180 LoC)

Inferlets can parse and execute 
code (e.g., JavaScript) internally,

Achieving sandboxing by directly 
embedding a JS runtime.
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[Example 6/7] SWARM agents (144 LoC)

One agent maps to one inferlet, and inferlets 
communicate within the serving system via 
message-passing APIs.

This alone reduces multi-agent serving latency 
by up to 30% in Pie.

An agent (inferlet)
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[Example 7/7] Vector DB RAG (220 LoC)

Inferlets let users build, extend, and query a vector DB inside the serving 
engine via the WASI (WebAssembly System Interface).

        

             

            

       

                

                   

                 

                       

        

       
     

                 

                     

                  

     

Vector database
WASI



Execution model

34

                 

             

               

                                                  

          
                               

                                            

       

      
   

 

 

     

        

         

                                 

       

API-level adaptive batch scheduling.



Execution model
For GPU-bound API calls (e.g., forward, embed_image),

Pie uses a batch scheduler with horizontal and vertical batching
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Evaluating Pie

36



Pie accelerates agentic workflows

37

Latency: lower the better Throughput: higher the better



Pie accelerates agentic workflows
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Inferlets incur fewer boundary crossings, and retain KV cache between calls



Pie enables novel
application-specific optimizations

39

Domain knowledge

1. Certain APIs are used more 
frequently than others.

2. The majority of APIs are 
designed to be fire-and-forget.

3. Most APIs within a set are 
invoked only once.

Compounding optimizations



Pie is flexible
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Pie replicates popular serving system features as inferlets



Summary

• Emerging LLM applications demand paradigm shift
from prompt-serving to program-serving

• Pie brings programmability by (1) decoupling control from model 
computation, (2) delegating the control entirely to inferlets

• Pie raises the upper bound of LLM serving efficiency by enabling 
application-specific optimizations and interaction gains

41



Unsolved problems I am looking at next

• Forward pass heterogeneity & GPU utilization issues

• Resource contention issues

• e2e agentic RL training

42



1. Forward pass heterogeneity
& GPU utilization issues

43

LLM inference forward passes increasingly vary in length and composition 
depending on the request

Naively batching req 1 and 2 causes GPU underutilization



2. Resource contention issues

44

In vLLM/SGLang, we can re-queue a request on resource contention (e.g., KV-
cache page exhaustion) and resume later.

In Pie, inferlets can’t trivially “halt” and “resume”. 



3. e2e agentic RL training

45

Using Pie, we can directly embed agent actions as part of rollout process.

This can be useful for communication-bound RL objectives, such as multi-
agent settings
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