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**(Slide 1)** Hi everyone, I'm Taosong Fang from Institute of Software Chinese Academy of Sciences. Today I will talk about FlashAgents, a serving approach for multi-agent LLM systems. The one-line message today is simple: when one agent is decoding, the next agent should already be prefilling or load KV cache from external memory. That single shift unlocks up to a three-and-a-half times speedup in microbenchmarks and up to a forty percent end-to-end latency reduction on real workflows. Let me show you why this matters, how it works, and how much it helps.


Multi-Agent LLM Workflows Are Now Production

A single user request now triggers many dependent LLM calls. What users feel is workflow
latency, not single-call latency.

Chain

AutoGen travel planner

- N - 1 handoffs

Fan-out / Fan-in

Slides Generation

-> N - 1 handoffs

Code Agent

Claude Code w/ subagents

-> N - 1 handoffs

Deep Research

DeepResearch

-> N - 1 handoffs

Every handoff today costs a full prefill on the critical path.
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**(Slide 2)** Before diving into the bottleneck, let's look at how LLMs are actually deployed today. A single user request no longer triggers just one isolated LLM call; it triggers an entire graph of dependent calls. Whether it's a step-by-step pipeline in enterprise RAG, a fan-out map-reduce for slides generation, or complex looping graphs like OpenAI's o1 or DeepResearch—every arrow you see on this slide is a handoff between agents. And what the user actually feels is the total workflow latency. However, in today's serving infrastructure, every single one of these arrows costs a full, blocking prefill on the critical path.


The Hidden Bottleneck: Inter-Agent Idle Time

Agent A A.decode

= e e e e e e e e e e e e e e e e e e e e e e e e e e = = =

Agent B | idle — waiting for A B.decode

Critical path. Pure GPU idle.

» time

— Today, B starts prefill only after A is fully decoded.

— Existing serving sees individual requests, never the dependency between them.
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**(Slide 3)** Here is the picture. Agent A decodes some output. Agent B needs that output as its input. In every serving system today, B's prefill is gated on A's decode finishing—and the entire wait period sits right on the critical path. It is pure GPU idle on B's side. Why? Because traditional serving was designed around independent requests. Continuous batching and prefix caches both help when requests are independent. They are completely blind to the data dependency between A and B. So we have a new bottleneck: the inter-agent handoff.


Existing Serving Misses the Inter-Agent Layer

Intra-Request Cross-Request Inter-Agent
Within one LLM call Across independent calls Between dependent calls
— FlashAttention — Continuous batching — A.decode - B.prefill handoff
— Paged KV cache — RadixAttention prefix cache — Concurrent shared-prefix reuse
— Prefill / decode disagg. — Speculative decoding(n-gram lookup) — Position-stable prefetch

— Chunked prefill

[ Well solved J [ Well solved J [ Unaddressed ]

Sequentially dependent requests are nobody's job today.
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**(Slide 4)** Let me place this in the optimization landscape. Inside a single LLM call, there is huge prior work: FlashAttention, paged KV, prefill-decode disaggregation, chunked prefill—all well solved. Across independent concurrent calls, we also do well: continuous batching, RadixAttention prefix caching, speculative decoding. But between dependent calls—where one agent's output is the next agent's input—there is essentially no system support. Sequentially dependent requests are nobody's job today. FlashAgents fills exactly this gap.


Decode is Slow, Prefill is Fast?

» Gap is Shrinking: Advanced decoding (MTP,

SpecDec) and heterogeneous setups (S|_|\/| as Prefill (256 tokens) =2 Decode (bs=1..32) MTP upper bound (accepted = 3)
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Prefill vs. decode throughput (Qwen3 family, A100-80GB)

There is plenty of slack to overlap.
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**(Slide 5)** Now, you might ask: since decode is slow and prefill is fast, is there even enough overlap window? In raw FLOPs, yes. But in production, this gap is not the whole story. First, techniques like Multi-Token Prediction and fast sub-agents make upstream decode much faster. Second, downstream compute time increases linearly under concurrency. Most importantly, the downstream agent isn't just processing new tokens—it must load historical KV cache from memory or SSD. This creates a massive I/O bottleneck, which FlashAgents completely hides behind the upstream decode.


D
FlashAgents at a Glance

A.decode
Before
E idle Load KV B.decode
A.decode (streaming >)
FlashAgents
L 4 | L 4 |
Load KV B.decode
|
saved
L = T_decA + T_prefB - T_overlap T_decB

with T_overlap < min(T_decA, T_prefB)
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**(Slide 6)** Here is FlashAgents in one picture. On the top row, the way we serve today: A decodes; B waits; then B prefills; then B decodes. On the bottom row, with FlashAgents: A's tokens are streamed into B's buffer as they are generated, and B runs incremental prefills on each chunk. It grows its KV cache and prepares its state while A is still decoding. When A finishes, most of B's prefill is already done, so B starts decoding almost immediately. Formally, end-to-end latency drops by an overlap term, which is bounded by the shorter of A's decode and B's prefill. Per pipeline, that is the math. Under concurrency, we will see two more sources of gain in a moment.


D
Mechanism 1 — Inter-Agent Streaming and Incremental Prefill

. . Core loop (per A->B pair)
— Stream A vyields each token - per-pair buffer.

. _ buf, KV_B = []1, {}
— Trigger buffer > chunk size OR end-of-stream.

— Incremental prefill append-only KV growth, for tok in A.decode():
buf.append(tok)

if len(buf) >= chunk or tok.eos:
KV_B = incPrefill(buf, KV_B)
buf = []

causal mask preserved.
— Zero kernel change — thin layer over SGLang's

existing prefill path.
return B.decode(KV_B)
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**(Slide 7)** Let me make this Inter-Agent Streaming and Incremental Prefill concrete. The mechanism has four steps. First, streaming: A yields each token as it decodes, and the runtime puts it in a small per-pair buffer. Second, the trigger: when the buffer reaches a chunk size—or A signals end of stream—we fire an incremental prefill. Third, incremental prefill itself: we extend B's KV cache append-only, preserving the causal mask, so correctness is the same as a single-pass prefill. And fourth, very importantly, this needs zero kernel change. We built it as a thin coordination layer over SGLang's existing chunked prefill path. On the right is the core loop in just a few lines: stream tokens into a buffer, trigger, call incremental prefill, then decode.


.

Concurrency Reveals a Second Problem

Bl

B2

B3

B4

B5

Shared prefix

[ system + document ] = same across all
downstream agents

(re-prefilled)

(re-prefilled)

load (re-prefilled)

(re-prefilled)

(re-prefilled)

|

Same prefix prefilled N times

— Many downstream agents share the same
instruction + document.

— Persistent prefix caches (RadixAttention)
update after engine.step() completes.

— In-flight prefills cannot reuse each other

within an engine.step() .

— —> same shared prefix re-computed up to N times.
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**(Slide 8)** Now turn on concurrency. In a typical multi-agent workflow, many downstream agents share the same instruction template, the same document, and the same tools. Existing prefix caches like RadixAttention know about this—but they only update after a request finishes its prefill. So when N downstream agents arrive at the same time, none of them can reuse each other's in-flight work. The same shared prefix ends up being prefilled N times. That is a second source of waste that pure streaming alone does not solve.


®
Mechanism 2 — Intra-Turn Prefix Cache

— At each trigger, build a temporary radix tree

over buffered tokens. Inter-turn prefix cache Update after turn
— Compute each uniqgue node once; share KV L e . 1
5 -1 Intra-turn prefix cache | 5
across all paths. . |
P | S 5 6 L

— Persistent RadixAttention is untouched — we 3] [4]: 7 g 2 B ‘:

o N o e ___v —I
fill its blind spot for in-flight requests. 6] [7];

— Linear time in total unbuffered tOkenS' bounded Radix tree built at the trigger — unique nodes prefilled once, shared by all paths.

memory.

Reuse before requests finish — not after.
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**(Slide 9)** Mechanism two is the intra-turn prefix cache. At each prefill trigger, we look across all the buffered token sequences from concurrent requests, and we build a small radix tree over them on the fly. The tree exposes the shared prefixes: the same system prompts, the same document text, the same tools. We compute each unique node exactly once and reuse the KV state across every request whose path passes through it. Importantly, the persistent RadixAttention cache is completely untouched. We are filling its blind spot—the gap where requests are in flight and have not yet committed their prefill. The whole step is linear in the total unbuffered tokens, and memory overhead is bounded by the unique prefix extensions.


.

Correctness — Only Prefill Position-Stable Tokens

[ system ] [ B.out (variable len) ] [ C.out (variable len) ]

stable now stable as B emits must wait for B

v

downstream prompt order

— RoPE / absolute positions: a token's KV depends on its final index.

— In fan-in, the tail of variable-length B-output must wait until B finishes — then we prefill it.

— FlashAgents is conservative — overlap is opportunistic, correctness is not.
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**(Slide 10)** One subtle but essential correctness rule. Most modern LLMs use RoPE or absolute positional encodings, which means each token's KV state depends on its final position in the sequence. If a token's final position might still shift, we cannot prefetch its KV—we'd compute the wrong thing. Take a fan-in prompt: system prompt, then B's output, then C's output. The system prefix has stable positions immediately—we can prefill it the moment a downstream request is created. B's output is stable as B emits it. But C's output starts at an offset that depends on B's final length—so we must wait until B finishes before prefilling C. FlashAgents is conservative. Overlap is an optimization; correctness is not. We never trade one for the other.


Microbenchmark — Up to 3.52x Speedup
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Sequential baseline vs. FlashAgents across 240 configurations.

1.05-3.5x%

Speedup range across
models and concurrency
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**(Slide 11)** Now for the results. Our microbenchmark focuses on the inter-agent handoff. We evaluated two hundred and forty distinct configurations across different Qwen models, concurrency levels, and workload shapes. FlashAgents beats the sequential baseline in every single one. Speedups range from a small one point zero five times in simple cases, up to an impressive three point five two times on the 7B model. The key takeaway here is the pattern: our speedup actually grows with concurrency, as more pipelines unlock greater prefix reuse and batching efficiency.


Real Workflows — Up to 40% Latency Reduction

Chain

[1 Baseline [1 Cascade F/J N=1 HHH N=8 4 agents - AutoGen
) 11.9% at N=8
E 1.0
o MapReduce
.% 05 3 reviewers + meta
c 40.3% (N=1) - 14.7% (N=8)
S
< 0.0

' Chain MapReduce PPTAgent

VL-7B - 14B - 2 GPUs

24.1% (1.32%)

Normalized latency on three end-to-end workflows.

Mechanism: pre-warm shared system+document prefix during upstream decode - hide most downstream prefill before the user-facing decode
starts.
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**(Slide 12)** Next, end-to-end performance on real workflows. For a linear AutoGen Chain, we see an eleven point nine percent latency reduction at high concurrency, thanks to our intra-turn cache reusing the shared context. In a MapReduce literature review, pre-warming the meta-reviewer's prefix cuts latency by over forty percent. Finally, PPTAgent is our heaviest test: a VLM analyzer feeding twelve concurrent generators across two different GPUs. By pre-warming a massive three-thousand-token document prefix during the analyzer's decode, we cut total latency by twenty-four percent, achieving a one point three two times speedup on a real-world deployment.


Take-aways

. . . 3.01 "
1 Multi-agent serving has a new bottleneck — inter-agent o
idle time. 5 251
i
. . . 3 2.0
2 Streaming + incremental prefill moves downstream state o
. crre . . S ]
preparation (prefilling, KV cache loading) into upstream 51
decode. 1o - .
128 256 384 512 1024
3 Intra-turn prefix cache scales the idea under concurrency. Overhead vs. chunk size (1024-token context)

1.2x at chunk=512
KV-history alone: 4.6 — 7.9%

Schedule across agent boundaries — not just within requests.

13


主持人笔记
演示文稿备注
**(Slide 13)** To close, three take-aways. One: Multi-agent serving has a new bottleneck, and it is the idle time between agents. Two: Streaming plus incremental prefill moves downstream state preparation into the upstream decode window—that is mechanism one. Three: An intra-turn prefix cache scales the idea under concurrency—that is mechanism two. On the right, the overhead picture: at chunk size five-twelve, total cost approaches one point two times single-pass prefill. And isolating the historical KV access cost alone, it is only between four point six and seven point nine percent. Totally manageable.


THANKS
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**(Slide 14)** The broader message is a systems one: as agent workflows become common, serving systems should schedule across agent boundaries, not just within individual requests. Thank you for your time. I'm happy to take any questions.
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