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Abstract

Multi-agent large language model (LLM) systems are increasingly adopted for
complex language processing tasks that require communication and coordination
among agents. However, these systems often suffer substantial overhead from
repeated reprocessing of overlapping contexts across agents. In typical pipelines,
once an agent receives a message from its predecessor, the full context-including
prior turns-must be reprocessed from scratch, leading to inefficient processing.
While key-value (KV) caching is an effective solution for avoiding redundant
computation in single-agent settings where prefixes remain unchanged, it cannot
be directly reused in multi-agent scenarios due to diverging prefixes introduced by
agent-specific context extensions. We identify that the core challenge lies in the
offset variance of KV-caches across agents. To address this, we propose KVCOMM,
a training-free framework that enables efficient prefilling in multi-agent inference
by reusing KV-caches and aligning cache offsets of overlapping contexts under
diverse prefix contexts. KVCOMM estimates and adjusts KV-caches for shared
content by referencing a pool of cached examples—termed anchors—that store
observed cache deviations under varying prefixes. The anchor pool is maintained
and updated online, allowing dynamic adaptation to distinct user requests and
context structures. KVCOMM achieves over 70% reuse rate across diverse multi-
agent workloads, including retrieval-augmented generation, math reasoning, and
collaborative coding tasks, all without quality degradation. Particularly, when each
fully-connected agent receives 1K input tokens with 512 prefix tokens and 512
output tokens under a five-agent setting, KVCOMM achieves up to 7.8× speedup
compared to the standard prefill pipeline, reducing TTFT from ∼430ms to ∼55ms.
Code is available at https://github.com/FastMAS/KVCOMM.

1 Introduction
Large Language Models (LLMs) such as GPT-4o [1] and Llama-3 [11] have triggered a surge of
interest in collaborative multi-agent systems, where several specialized agents exchange messages to
collaboratively solve complex tasks such as retrieval-augmented question answering, mathematical
reasoning, and tool-augmented program synthesis [63, 9, 51, 38, 49, 60, 54, 18]. In these settings,
every message processed by LLM agents must first go through the prefill stage prior to decoding,
during which the model encodes the full conversation history and constructs key–value (KV) caches.
Although multiple agents often share overlapping context (e.g., retrieved passages or peer outputs),
they always redundantly recompute KV-caches for all input tokens, resulting in significant inefficiency
of prefilling computation [27, 56, 30], which is defined as a multi-context redundancy issue in the
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Figure 1: (a) Mean KV-cache offset (measured by ‘2 norm) from the base-context cache for the same token
across ten distinct prefixes. Shaded regions indicate standard deviation across these prefixes. (b) KV-cache
offset comparison between two embedding-similar tokens from the base-context caches when both tokens are
prefixed with a new context. “�K1 w/ rot” and “�K2 w/ rot” represent Key offsets of two tokens with position
alignment, respectively. “�K1 w/o rot” and “�K2 w/o rot” refer to Key offsets without alignment. “�V 1”
and “�V 2” denote Value offsets of two tokens.
multi-agent system. For example, a single 8B Llama needs ∼430 ms to prefill a 3K-token prompt
on one H100 GPU. If each of M agents receives messages from all of its peers, the total prefilling
complexity of these repeated computations scales as O(M2), posing inefficiency in the utilization of
computation and a major challenge for real-time multi-agent collaboration.

Recent works attempt to reduce prefilling overhead primarily through four techniques: prompt-level
reuse [10], selective recomputation [58, 27, 56], cache compression [28], kernel-level optimiza-
tions [67, 46]. While effective in their target scenarios, these methods share a fixed acceleration
policy crafted for a particular workload. However, our empirical study reveals that the same shared
text can incur vastly different KV deviations once it is preceded by different prefix contexts, e.g.,
system messages with different roles or upstream agents with different output lengths (see Figure 1a).
When the acceleration policy fails to model such an offset-variance problem, cache reuse becomes
misaligned, causing either large accuracy drops or a fallback to full recomputation that erodes the
speed benefits.

This observation motivates a prompt-adaptive paradigm that (i) dynamically determines how to
reuse KV-caches at runtime for each incoming prompt given diverse prefix contexts, and (ii) requires
no additional training, profiling, or model modifications, allowing easy adoption on various tasks and
agent workloads. To our knowledge, no existing method simultaneously satisfies both desiderata.

In this paper, we introduce training-free online KV-cache communication (KVCOMM), a drop-in
framework that accelerates multi-agent systems through shared-context reuse with adaptive KV
offsetting. The key insight is to treat every reuse attempt as an approximate translation problem,
where the KV-cache of overlapping text becomes reusable for a new prefix once the positional shift
and cache offsets from similar samples are identified. As illustrated in Figure 1b, the KV-cache
offsets of two similar tokens prefixed with two different prompts present similar distributions across
layers, where the deviation of the rotated Key cache is significantly smaller than the unrotated
one. Therefore, KVCOMM proposes an anchor pool of previously shared samples along with their
measured offsets under diverse prefixes. At inference time, the framework first locates the nearest
anchor(s) for the requested segment via token similarity (Anchor Matching) and then predicts the
offset by interpolating their stored deviations, avoiding a replay through the prefilling stage (Offset
Approximation). For the Key cache update, the cache will first be encoded to the correct position
and then biased by the estimated offset, while for the Value cache update, since it has no positional
information, the offset is directly added to the cache. Meanwhile, the anchor pool is updated online to
catch up with the new input distribution. That is, once the cache of an input segment is predicted as
unshareable, it will be marked as an anchor and measure the cache offset under each prefix to extend
the reusing range for the subsequent input samples. For the least matched anchors, they would be
periodically freed up to save memory consumption and computation cost.

In summary, KVCOMM represents a substantial advancement in adaptively efficient KV-cache sharing
in the LLM-based multi-agent system without training or recomputation, offering a practical path
toward efficient agent communication. The main contribution is threefold:

• We identify the multi-context redundancy as a key challenge for efficient prefilling in the
multi-agent scenario, and characterize the offset-variance problem that limits traditional KV
sharing in such a setting, which to our knowledge, has not been covered by prior work.

• We propose KVCOMM, the first training-free, prompt-adaptive cache-sharing framework
for efficient prefilling of multi-agent systems, requiring only a few anchors to effectively
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Figure 2: Comparisons with existing KV-cache reuse methods. (Left) The original no-cache-reuse baseline
method densely pre�lls the tokens of all requests. (Middle) Selective recomputation methods [58, 27] select
the most critical part of KV-cache for recomputation and reuse the remaining cache of each request. (Right)
KVCOMM reuses all KV-caches of the shared context and introduces context-aware cache offsets to align with
different pre�x contexts, where the context-aware offset refers to the KV-cache deviation induced by the changed
pre�x context. Such an offset is approximated by the ground-truth ones of previous similar requests. After
approximation, the model runner directly starts decoding without pre�ll.

approximate KV-cache offsets across different pre�x. In KVCOMM, an ef�cient KV-cache
management system is designed to support fast anchor lookup.

• Extensive experiments on three representative tasks with different models, including re-
trieval augmented generation (RAG), math reasoning, and programming, demonstrate that
KVCOMM can achieve� 6:7� average pre�ll speed-up where each agent is deployed by
Llama-3.1-8B-instruct [11] on an NVIDIA H100 GPU. Meanwhile, as the reuse rate reaches
95% across 1,319 samples in a four-agent system for GSM8K [7], KVCOMM achieves
comparable performance to the original workload (less than 2.5% accuracy drop).

2 Related Work
2.1 LLM-Based Multi-Agent Systems

The idea of distributing a complex task across multiple specialized LLM agents has rapidly progressed,
from early frameworks such as AutoGPT [35] to mature tool-augmented systems for retrieval, coding,
and robotics [17, 26, 39, 63, 9, 48, 22, 50, 51, 62, 55, 3, 31, 52, 24, 15, 42, 19, 40, 23]. Recent
studies propose curriculum �ne-tuning to promote role specialization [66], graph-structured message
routing [57, 69], and hierarchical decision making [32]. Yet practically, each agent still performs a full
pre�ll pass for every turn, recomputing the KV tensors over large shared contexts. As agent graphs
grow wider or deeper, the pre�ll complexity of these repeated computations scales quadratically,
posing inef�ciency in computation utilization. Addressing the pre�ll bottleneck is thus a prerequisite
for scaling multi-agent LLM applications to real-time settings.

2.2 KV-cache Acceleration and Reuse

KV -cache Sharing Scenario. Prior research has identi�ed three principal patterns for reusing the
KV-cache in transformers. (i) Multi-request sharing exploits identical pre�xes across requests from
different users; by copying the KV-cache of the shared pre�x, servers can bypass most of the pre�ll
compute when only the tail differs. (ii) Multi-turn sharing keeps the cache alive throughout the
turns of a single conversation, thus avoiding recomputation of the history. (iii) Multi-context sharing
handles inputs whose overlapping segment appears at different contexts, which aims to �lter out
the impact of the pre�xed prompt in the KV-cache and to combine current context information
into the reused KV-cache. Most of these techniques assume that every agent runs the same model
architecture—typically a vanilla RoPE-based decoder—so that a cached key can be translated by
a simple rotation without re-encoding [37, 47]. DroidSpeak [27] extends the sharing from the base
model to the �ne-tuned one by pro�ling which layers remain shareable. Current industrial serving
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