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The only APl you need
to build a million-dollar startup

curl https://api.openai.com/v1/responses \
-d "Write a one-sentence bedtime story about a unicorn.”



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

Today’s LLM serving systems
are designed for text completion
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LLM usages are evolving

beyond simple text completion

Non-linear generation

E.g., Graph-of-Thought

Augmented generation

ChatGPT Langchain Any App
Plugins Agent Frameworl k

E.g., Llamalndex

Agentic problem solving

Multi-Agent Conversations
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Flexible Conversation Patterns

E.g., AutoGen



LLM usages are evolving
beyond simple text completion
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The disconnect between
LLM applications and serving systems

1. Inference inefficiency from missing application-level optimizations
2. Integration friction with the external data and tools

3. Implementation challenges for the custom generation workflows



The only APl you need

to build a million-dollar startup?

curl https://api.openai.com/v1/responses \
-d "Write a one-sentence bedtime story about a unicorn.”



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

Imagine building an
Al code completion tool

from __future__ import print_function
import argparse

import torch

import torch.nn as nn

import torch.optim as optim

import numpy-as np

import matplotlib
matplotlib.use('Agg")

import matplotlib.pyplot as plt

(nn rodute]




Challenge 1. Inference efficiency

Scenario: User’s input updates the suggestion.

System prompt Context
(source code files)
N
Your job is to predict the — —

I J—
Prompt E— most probable next line of + —
code given the ... —

Due to the large overlaps in prompts,
Inter-request KV cache reuse is essential for efficiency



Challenge 1. Inference efficiency

KV cache management is often automatic, system-wide policy

(e.g., OpenAl’s prompt caching, vLLM’s automatic prefix caching)

This precludes application-driven optimizations

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

Userdeleted source files.
Drop related KV cache to
save memory.

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

Prompt Cache: Modular Attention Reuse for Low-Latency Inference [Gim et al., MLSys 24]



Challenge 2. Integration efficiency

Scenario: Augment generation with relevant APl documentation

LLM serving system

Prompt: “If unsure about an
: : +
APl during generation, output
<read>APIl name</read> and
pause” .




Challenge 2. Integration efficiency

Each external interaction induces two extra boundary crossings

Data/Tool
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Crate cursive

Crate cursive .
Cursive

Cursive is a TUI library - it lets you easily buil

HEHEES Getting started
Modules
Macros « Every application should start witha Curs

« A declarative phase then describes the stru
« Finally, the event loop is started by calling

Trai

Type Definitions Views

Views are the main components of a cursive i1
application; if you don't find what you need, yr

Callbacks

Cursive is callback-driven: it reacts to events ¢

During the declarative phase, callbacks are se
Cursive argument, allowing them to modify t

Examples

e
(3) Retrieve data
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Challenge 3. Implementation efficiency

Scenario: Watermark output suggestions for IP protection

Hashing ——  Seed RNG — randomly generate

I Green list/Red list
[ I
IThe past 3 years of work in NLP have been ? determined

|

amazing 5.97 +0.0 018  Multinomial NO

y characterized 596 +0.0 softmax 017 sampling NO

determined 515 +1.0 0.25 YES

LLM great 493 +00 ——*= P on — NO

pineaple -8.02 +1.0 0.00 NO

Watermarking Makes Language Models Radioactive [Sander et. al., NeurlPS 24]



Challenge 3. Implementation efficiency

Current LLM serving systems confound generation process and model
computation by employing a global autoregressive loop.

This makes it difficult to implement & manage generation strategies that
deviates from the usual generation process (e.g., beam search)
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Challenge 3. Implementation efficiency

Optimizations are global policy
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LLM serving paradigm should change

Model-centric Application-centric
How fast (and how ' How efficiently does it support
many) can it generate the application logic?

new tokens?



Our 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?



Our proposal

Symphony is a programmable LLM serving system that:

(1) Decouples control (e.g., autoregressive loop) and the model
computation from the generation process

(2) Delegates the control entirely to the user-provided programs,
which we refer to as LLM Inference Programs (LIPs)
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Symphony architecture

Program RPC

Spawn

API call |

[ Batch scheduler ]

Batched API call 1
[pred()handlel’ [ kv_open()handler ] [ handler]




LLM Inference Programs (LIPs)

(Some) APIs provided by Symphony: LIP code for basic autoregressive decoding
/' model computation prompt = “Hello, how are you?”
pred(kv_cache, tok ids, ...)
kv = kv_create()
/I KV cache management tok_ids = tokenize(prompt)
kv_open
kv_create for (i = 0; i < MAX_TOKENS; i++) {
kv_remove dist = pred(kv, tok_ids, ...)
o sampled = argmax(dist)
/1 tok§n|zatlon send_to_user(detokenize(sampled))
tokenize tok_ids = [sampled]
}
/I RPC kv_remove(kv)
send_to_user




Inference efficiency

=» LIPs customize KV cache
management per application

Interaction efficiency

=>» LIPs integrate arbitrary I/0 and
compute within the generation

Implementation efficiency

=>» LIPs define novel decoding
strategies without modifying the
serving system

LIP code for prefix caching + parallel decoding

// load precomputed kv cache
prefix_kv =kv_open("sys_msg.kv");
suffixes = {
tokenize(/** query 1 */), ...
tokenize(/** query n */)
I
for (suffix : suffixes) {
// fork prefix kv and thread
kv = kv_fork(prefix_kv);
pthread_create({
pos = prefix_kv.len(), step = 0;
t = suffix;
// generate until eos token
while (t = EOS) {
d = pred(ky, t, pos + step);
t = argmax(d);
step++;
print(detokenize(t));
}
kv_remove(kv);
3
}

join_all_threads();
kv_close(prefix_kv);




//load precom puted kvcache
prefix_kv=kv_cpen("sys_msg kv");
suffixes = {
tokenize(/** query1*/),...
tokenize(/** queryn */)

b
for(suffix :s ufixes) {
//forkprefix kvand thread
kv=ky_fork(prefix_k);
pthread_create({
pos = prefix_kv.len(), step =0;
t=suffix;

// generate untleostoken
while(t & EOS) {
d=pred(ky, t pos+ step);
t=argmax(d),
step+;
print(detokenize(t));

ky_rem ave(kv);

W

1 all_threads()
ky_close(prefix_kv);

//10ad precom puted kvcache

prefix_kv= kv_cpen("sysmsg kv");
suffixes = {
tokenize(/** query1*/),..
tokenize(/** queryn */)

for (suffix :s ufixes) {
//forkprefix kvard thread
kv= kv_fork(prefix_kv);
pthread_create({
pos = prefix_kvlen(), step =0;
t=suffix;
//generate untileostoken
while (t & E0S) {
d=pred(ky, 1 pos+ step);
argmax(d);
step+;
print(detokeni ze(t));

ky_rem ove(kv);
n
¥
join_all_threads()
kv_close prefix_kv);

//load precom putedkvcache
prefix_kv=kv_open("sys_m sg kv");
suffixes
tokenize(/** query1*/),.
tokenize(/** queryn */)

for(suffix :s uffixes) {
//forkprefix kvand thread
kv= kv_fork(prefix_kv);
pthread_create({
pos = prefix_kvlen(), step =0;

t=suffix;
// generate untileos token
while (t = EOS) {

d=pred(ky, t pos+ step);
t=argmax(d);

stepst;
print(detokenize(t);

kv_rem ove(ky);
2

}

join_all_threads();

kv_close(prefix_kv);

//load precom puted kvcache
prefix_kv=kv_open("sys_msg kv");
suffixes = {
tokenize(/** query1*/),...
tokenize(/** queryn */)

for (suffix :s uffixes) {
//forkprefix kvand thread
kv= kv_fork(prefix_kv);
pthread_create({
pos= prefix_kv.len(), step =0;
t=suffix;
// generate untileostoken
while(t k EOS) {
d =pred(ky,  pos+ step);
t=argmax(d)
step+;
print(detokenize(t));

kv_rem ove(kv);
}

join_all_threads();

kv_close(prefix_kv);

Symphony




LLM serving system as OS

Symphony extends the responsibility of the LLM serving system to:
(1) Abstracting resources (e.g., KV cache)

(2) Scheduling LIPs

(3) Handling 1/0

We borrow familiar OS abstractions to describe Symphony’s
operation



Symphony

how are you?
kv = kv_create()

tok_ids = tokenize(prompt)
for (i = @; i < HAX_TOKENS: i++) {

dist = pred(kv, tok_ids, ..}
sampled = argmax(dist)

send_to_user (detokenize(sampled))

tok_1ds = [sampled] S p aWI l
¥
kv_remove (kv)

>
program Process




Al app Symphony

RPC [ ]
< > Process




Symphony

[ Process ] [ Process ] [ Process ]

kv_open()
kv_write()
Kv_fork()

[ KV cache file system ]

KV cache can be shared across processes




Symphony

process

process

Batch
scheduler

H<
QO
c
@
c
M

prompt = “Hello, how are you?”

kv = kv_create()
tok _ids = tokenize(prompt)

for (i TOKENS; 1i++) {
pred(kv, tok ids, ..)
R bmax (dist)
send to user(detokenize(sampled))
tok ids = [sampled]
}

kv_remove (kv)

)

! Batch of pred() calls

| | | | | -\» LLM forward pass on GPU




Preliminary results

Benefits from application-specific optimization >> system overhead

—— HuggingFace TGl —&— vLLM —e— Symphony

< Pareto Index: 0 Pareto Index: 1.13 Pareto Index: 1.43 _ Pareto Index: «
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>

£ 0.25 25 05

5 - ' ‘ 0.0 0.0 : . :
50 100 150 10 12 14
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User can exploit workload characteristics (Pareto Index) for optimal performance



Preliminary results

LIPs can implement wide spectrum of emerging LLM applications

%)
\,1\{/#”“
I\ S
Text completion Graph-of-Thought ReACT agent SWARM agents
-4%-11% 15%-43% 24%- 55%-

l ! l l

End-to-end throughput improvements (baseline: vLLM/SGLang)




Challenges and open questions

e Security - What if LIPs are malicious?

* APl design - What is the right interface granularity?
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