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Abstract

Full-state latent communication in LLM-based
multi-agent systems offers richer semantics
than text but suffers from memory overhead
scaling linearly with collaboration rounds. We
propose CondenseFlow, which introduces
the Latent Thought Condenser (LTC)—a
lightweight module using learnable semantic
probes to compress KV caches into fixed-size
representations, achieving O(1) communica-
tion complexity regardless of context length.
We theoretically prove that compression er-
ror is bounded by attention concentration and
accumulates controllably across rounds. On
seven benchmarks spanning six models, Con-
denseFlow reduces KV cache memory by over
99% and inference latency by approximately
20% compared to dense transfer with negligi-
ble accuracy degradation, while outperforming
text-based methods by 1.7 percentage points
on average across all configurations. Code
is available at https://github.com/xxy33/
condenseflow.

1 Introduction

Large Language Models (LLMs) are evolving from
text generation tools into autonomous agents capa-
ble of perception, planning, and action (Xi et al.,
2025; Wang et al., 2024; Guo et al., 2024). Pioneer-
ing works such as ReAct (Yao et al., 2022), Reflex-
ion (Shinn et al., 2023), and Voyager (Wang et al.,
2023a) have demonstrated the potential of LLM
agents in interactive decision-making and open-
world exploration. Building upon single-agent
successes, the field has naturally progressed to-
ward multi-agent collaboration: frameworks like
MetaGPT (Hong et al., 2023), ChatDev (Qian et al.,
2024), and AutoGen (Wu et al., 2024) achieve com-
plex task completion through role-based division
of labor (Talebirad and Nadiri, 2023; Zhang et al.,
2025).

Current multi-agent systems predominantly
adopt natural language as the communication
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Figure 1: Comparison of three inter-agent communica-
tion paradigms in multi-round collaboration.

medium (Guo et al., 2024; Zhuge et al., 2024).
However, the discrete nature of text constitutes
an inherent information bottleneck (Bisk et al.,
2020; Andreas, 2022). Compressing continuous
internal reasoning states into discrete token se-
quences inevitably discards uncertainty estimates
and fine-grained semantic nuances (Wong et al.,
2023; Piantadosi et al., 2024). To transcend this
limitation, recent research has begun exploring la-
tent space communication, where agents directly
transmit Transformer internal representations for
higher-fidelity information exchange (Hao et al.,
2024; Fu et al., 2024).

However, latent communication faces a severe
“Memory Wall” problem (Pope et al., 2023; Kwon
et al., 2023). Under full-state transmission, the
memory footprint grows linearly with the num-
ber of layers, hidden dimensions, and sequence
length, following O(R - T - L - dj) over R col-
laboration rounds. For a 14B parameter model,
a single transfer of working memory can reach
several gigabytes. While such overhead might be
momentarily manageable on high-end data center
GPU, this linear accumulation imposes prohibitive
latency penalties and creates a substantial barrier
for deployment on consumer-grade hardware or in
bandwidth-constrained environments (Sheng et al.,
2023; Aminabadi et al., 2022). This contradiction
poses the core challenge: How can we preserve
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the high-fidelity advantages of latent communica-
tion while strictly bounding resource consumption
regardless of interaction depth?

We propose CondenseFlow, a resource-aware
framework for scalable latent multi-agent collab-
oration. The framework centers on the Latent
Thought Condenser, a lightweight module that ag-
gregates critical information from complete work-
ing memory through learnable semantic probes. By
compressing variable-length KV caches into fixed-
size representations of dimension K, LTC achieves
over 99% memory reduction while preserving infor-
mation essential for downstream reasoning. Unlike
heuristic pruning methods (Zhang et al., 2023; Xiao
et al., 2023), LTC discovers information patterns
most valuable for collaboration through end-to-end
learning. Figure 1 illustrates the three communica-
tion paradigms: TextMAS transmits discrete token
sequences, Dense-Latent transfers complete KV
caches, and CondenseFlow passes fixed-size com-
pressed representations.

Our main contributions are threefold. First, we
formalize efficient latent communication as a se-
mantic compression problem and establish a theo-
retical framework for analyzing compression error
bounds under low-rank assumptions. Second, we
propose the cross-attention-based LTC module that
performs lightweight yet effective semantic com-
pression with minimal parameter overhead. Third,
we validate our approach across 7 benchmarks and
6 models, achieving over 99% memory reduction
with less than 2% accuracy degradation compared
to dense latent baselines.

2 Related Work

2.1 LLM-based Agents

The reasoning capabilities of LLMs have been
significantly enhanced through Chain-of-Thought
(CoT) prompting techniques (Wei et al., 2022; Ko-
jima et al., 2022). Self-Consistency (Wang et al.,
2022), Tree of Thoughts (Yao et al., 2023), and
Graph of Thoughts (Besta et al., 2024) extend this
paradigm from diverse perspectives. To overcome
inherent LLM limitations, Toolformer (Schick
et al., 2023), HuggingGPT (Shen et al., 2023), We-
bGPT (Nakano et al., 2021), and ToolLLM (Qin
et al., 2023) integrate external tools; ReAct (Yao
et al., 2022), DEPS (Wang et al., 2023c), and
RAP (Hao et al., 2023) implement interactive
reasoning-action cycles. In embodied intelligence,
SayCan (Ahn et al., 2022), PaLM-E (Driess et al.,

2023), and Voyager (Wang et al., 2023a) demon-
strate the potential of language models for driving
robots and game agents. Generative Agents (Park
et al., 2023), LangChain (Chase et al., 2023), and
cognitive architectures (Sumers et al., 2023) further
advance complete agent frameworks. Comprehen-
sive benchmarks such as AgentBench (Liu et al.,
2023b) and MINT (Wang et al., 2023b) have been
established for systematic evaluation. These works
primarily focus on single-agent scenarios.

2.2 Multi-Agent Systems

Traditional multi-agent reinforcement learning has
proposed value decomposition methods includ-
ing VDN (Sunehag et al., 2017), QMIX (Rashid
et al.,, 2020), QTRAN (Son et al., 2019), and
MAVEN (Mabhajan et al., 2019), along with various
communication protocol learning approaches (Fo-
erster et al., 2016; Sukhbaatar et al., 2016; Das
et al., 2019; Jiang and Lu, 2018). However, these
methods exhibit limited policy generalization (Yu
et al., 2022).

Text-based multi-agent systems represent
the current mainstream. CAMEL (Li et al.,
2023) achieves dual-agent collaboration through
role-playing; ChatDev (Qian et al., 2024) and
MetaGPT (Hong et al., 2023) map software de-
velopment roles to LLM agents; AutoGen (Wu
et al., 2024) provides a flexible conversation frame-
work; AgentVerse (Chen et al., 2024) supports dy-
namic team formation; DyLAN (Liu et al., 2023d)
enables dynamic agent organization. Multi-agent
debate has been shown to improve reasoning qual-
ity (Du et al., 2023; Liang et al., 2024; Chan et al.,
2023; Xiong et al., 2023). ProAgent (Zhang et al.,
2024a) and AgentCF (Zhang et al., 2024b) explore
collaboration in specific domains. These systems
validate the collaborative potential of LLMs but
remain constrained by the discrete nature of text
communication (PINE, 2005).

Latent space communication represents an
emerging direction. CoCoNut (Hao et al., 2024)
and related works (Mei et al., 2024) explore con-
tinuous thought reasoning within single models;
CALM (Bansal et al., 2024) studies cross-model
latent augmentation; some research attempts to use
KV caches as cross-model information carriers (Fu
et al., 2024; Liu et al., 2024a; Cai et al., 2024a).
Recent concurrent works further explore this direc-
tion: C2C (Fu et al., 2025) trains a neural Cache
Fuser for KV-level transfer across heterogeneous
models; ThoughtComm (Zheng et al., 2025) com-
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presses hidden states into fixed-length prefix tokens
via a sparsity-regularized autoencoder but discards
per-layer structure; LatentMAS (Zou et al., 2025)
proposes training-free full KV cache transfer. How-
ever, full-state transmission strategies face severe
memory bottlenecks in multi-round scenarios. This
paper focuses on addressing this efficiency prob-
lem through learning-based semantic compression
for scalable latent collaboration.

2.3 KYV Cache Compression

The KV cache grows linearly with sequence length,
becoming a bottleneck for long-context process-
ing (Kwon et al., 2023). Heuristic selection meth-
ods such as H20 (Zhang et al., 2023) retain impor-
tant tokens based on accumulated attention scores;
Scissorhands (Liu et al., 2023c) performs dynamic
pruning using attention persistence; SnapKV (Li
et al., 2024) identifies critical attention patterns;
StreamingL.LM (Xiao et al., 2023) supports stream-
ing generation through attention sink phenomena;
FastGen (Ge et al., 2023a), KIVI (Liu et al., 2024b),
and PyramidKV (Cai et al., 2024b) propose various
efficient compression schemes. Learned compres-
sion methods such as Token Merging (Bolya et al.,
2022) combine similar tokens; Gist Tokens (Mu
et al., 2023) compress long contexts into essential
tokens; AutoCompressor (Chevalier et al., 2023)
and ICAE (Ge et al., 2023b) explore learnable
memory compression; LLMLingua (Jiang et al.,
2023; Pan et al., 2024) achieves prompt compres-
sion.

These methods target single-model inference
acceleration, optimizing for output token accuracy.
Our LTC serves cross-agent semantic communi-
cation, aiming to preserve high-level intent and
thought processes required for downstream reason-
ing. This distinction necessitates a semantics-aware
learned compression strategy rather than purely sta-
tistical approaches.

3 Methodology

3.1 Problem Formulation

We consider a multi-agent system S =
{41, Ag, ..., An} where each agent is instantiated
by a Transformer-based language model with L lay-
ers and hidden dimension dj,.

Latent Working Memory. Under the latent col-
laboration paradigm, agents exchange internal rep-
resentations rather than discrete text. After agent

A;_1 completes reasoning, its working memory is
the key-value cache across all layers:

K(l)’ v ¢ RT*dn
(1)

Mf“” - {(K(l)7 V(Z))}lelﬂ

where 7" denotes the sequence length.

The Scalability Challenge of Full-State Transfer.
Transmitting complete working memory poses a
critical efficiency challenge: memory footprint
grows as O(R - T - L - dp) over R collabora-
tion rounds, rapidly exhausting hardware resources.
Furthermore, empirical evidence suggests that ac-
cumulated context progressively degrades reason-
ing quality as models struggle to maintain focus
on task-relevant information. Our experiments in
Section 4.3 confirm this phenomenon.

Design Objective. We aim to learn a compres-
sion mapping ¢y that transforms full working mem-
ory into a fixed-size semantic summary:

KO yl) ¢ gExdn

2
where K <« 7T is a fixed constant. This de-
sign achieves O(1) communication complexity per
round, simultaneously addressing memory scaling
and context accumulation.

Myist = (KD, V)L,

3.2 Latent Thought Condenser

The Latent Thought Condenser extracts semantic
anchors from complete KV caches through learn-
able probes.

Learnable Semantic Probes. The core compo-
nent is a set of learnable probe vectors:
T Kxd

Qc:[Q17QQ7-~7QK] e R# X (3)
Each probe functions as a semantic interrogator that
detects and aggregates critical information along
a specific dimension from the upstream thought
stream. Unlike heuristic methods relying on at-
tention score statistics, semantic probes discover

valuable information patterns through end-to-end
learning.

Cross-Attention Aggregation. For the cache
(KO v at layer [, probes compute semantic
relevance with key vectors:

(NT
AW = softmax (QC(K\/@)> e REXT (4)
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Figure 2: Overview of CondenseFlow. Each agent compresses its working memory through the Latent Thought
Condenser before transmission, achieving constant-size communication regardless of context length.

The aggregation weights then compress keys and
values:

VO = A0y ¢ RE*dn

&)
Each output vector is a weighted semantic sum-
mary, with different probes learning to focus on
complementary aspects such as numerical values,
logical connectives, or structural markers.

KO = A0g®

Architecture Design. We adopt cross-layer pa-
rameter sharing where all L layers use identi-
cal probes, yielding minimal parameter overhead.
Layer normalization is applied to stabilize com-
pressed representations. Detailed architectural
specifications are provided in Appendix B.

3.3 Training Objective

LTC is trained to make compressed KV caches
functionally equivalent to original caches for down-
stream attention computation.

Reconstruction Loss. The core objective re-
quires attention outputs computed with compressed

and full caches to match:

L
1
Lrecon = 7 ; |Attn(Q,, KO, V)

— Attn(Qs, KO, VO)|I2,
(6)

where (); denotes sampled query matrices.

Regularization. Two regularization terms pre-
vent degenerate solutions. Coverage regularization
maximizes the entropy of average attention distribu-
tion to ensure probes uniformly cover the original
sequence. Orthogonality regularization constrains
probe pairwise similarity to encourage complemen-
tary feature capture. The complete loss formula-
tion and hyperparameter settings are detailed in
Appendix C.

3.4 Theoretical Intuition

We provide theoretical intuition for why semantic
compression is effective in multi-agent collabora-
tion. Formal analysis appears in Appendix A.

Compression Error Bound. The error intro-
duced by LTC compression is governed by the
concentration of the original attention distribution.
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When attention naturally focuses on a subset of po-
sitions, compression that preserves these attended
positions incurs minimal information loss. We for-
malize this intuition in Theorem A.3, establishing
that compression error scales with (1 — p) where
p measures the fraction of attention mass captured
by the top-K positions.

Empirical Compressibility. LLM working
memories exhibit low effective rank in practice,
indicating that high-quality low-dimensional
representations exist. Our analysis in Appendix E
confirms that typical KV caches have effective rank
well below our default compression dimension,
validating that compression preserves the dominant
semantic subspace.

Multi-Round Behavior. Under bounded per-
round compression error §, cumulative error grows
at most linearly as R - § over R rounds. Empiri-
cally, we observe sub-linear growth as LTC learns
to prioritize information most relevant for down-
stream reasoning, with experimental validation in
Section 4.3.

3.5 Collaboration Pipeline

Cache Integration. Each agent receives the orig-
inal question ¢ and the compressed cache M;_;
from the previous round. Each round replaces
rather than appends the compressed representa-
tion, maintaining constant context overhead. At
each Transformer layer, the compressed history is
prepended as a KV prefix:

Kfull = [Ki—l; KCU’V‘T’]? Vfull = [‘/i—l; ‘/curr]
(7
where K.y, Veurr derive from encoding ¢ and
subsequent generation. This ensures agents attend
to condensed history while processing new content,
with context overhead bounded at O(K’) regardless

of collaboration depth.

Information Preservation. Although each round
replaces the previous compressed representation,
historical information propagates through iterative
distillation. When agent A; processes its input, the
resulting working memory encodes both current
reasoning and attended information from M;_.
Subsequent compression distills this enriched rep-
resentation, implicitly preserving semantic essence
from all preceding rounds while preventing un-
bounded context growth.

Algorithm 1 CondenseFlow Collaboration
., AN}, LTC

Require: Question ¢, Agents { A1, ..
%
Ensure: Answer a
1: Mprey — I
2. fori=1to N —1do
30 My < AiReason(q, Mprey)
4: Mprev «— ¢0(Mfull)
5: end for
6: a < Ay.Decode(q, Mprey)
7: return a

Compression Dimension Selection. The com-
pression dimension K governs the trade-off be-
tween information retention and efficiency. Based
on effective rank analysis showing typical KV
caches have effective rank below 50, we select
K=64 as default. Systematic ablation in Sec-
tion 4.4 validates this configuration achieves op-
timal efficiency-effectiveness balance with dimin-
ishing returns beyond this point.

End-to-End Protocol. Algorithm 1 presents the
complete collaboration pipeline. Each agent per-
forms reasoning conditioned on compressed his-
tory, applies LTC compression, and passes the
fixed-size representation to the next agent. Only
the final agent decodes into text output.

4 Experiments

We evaluate CondenseFlow through two comple-
mentary protocols: standard collaboration assess-
ing compression fidelity, and stress testing examin-
ing robustness under extended interaction.

4.1 Experimental Setup

Benchmarks. We employ seven benchmarks
spanning three reasoning categories. Mathemat-
ical reasoning includes AIME 2024 (Zhang and
Math-Al, 2024), AIME 2025 (Zhang and Math-Al,
2025), and HMMT 2025 (FlagEval, 2025). Sci-
entific reasoning includes GPQA-Diamond (Rein
et al., 2024) and MedQA (Jin et al., 2021). Code
generation includes MBPP-Plus (Liu et al., 2023a)
and LiveCodeBench (Jain et al., 2024).

Models. Small-scale models include Qwen3-
8B-Instruct (Yang et al., 2025), LLaMA-3.1-8B-
Instruct (Dubey et al., 2024), and Gemma-2-9b-
it (Team et al., 2024). Mid-scale models include
Qwen3-14B (Yang et al., 2025), DeepSeek-R1-
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Table 1: Accuracy on small-scale models under Standard Protocol. Results are mean =+ std over 5 runs. Bold
indicates best between Dense and Ours. A denotes accuracy gap between CondenseFlow and Dense-Latent.

Qwen3-8B-Instruct

LLaMA-3.1-8B-Instruct

Gemma-2-9b-it

Task Text Dense Ours Text Dense Ours Text Dense Ours
AIME 2024 50.1 £1.2 524 +1.1 498 +1.3 485414 512410 484+15 512+1.1 53.5+09 51.8+1.2
AIME 2025 492 +1.5 531 +1.2 512+14 47.6+13 51.8+11 49.8+12 50.1 £1.0 54.2+0.8 52.9+1.3
HMMT 2025 17.1 409 184 +08 16.5+1.0 162 +1.1 175409 15.6+1.1 185408 19.8+0.7 18.5+1.0
MBPP+ 68.2+1.1 725409 728+12 66.5+1.3 708 +1.0 71.0+1.4 69.1 +1.1 73.1+09 73.8+1.2
GPQA-Diamond 42.1 +£1.6 453 +1.4 455+15 40.8+1.8 439415 44.0+1.7 432 +1.3 465+1.2 469 +14
MedQA 70.2 £0.8 72.8 0.7 69.6 £0.9 68.5+1.0 71.24+09 68.0+1.1 71.5+08 73.5+07 70.5+1.0
LiveCodeBench 312 +14 33.6+1.2 30.84+1.5 29.8+1.6 325+1.3 295+15 32.1+12 348411 31.9+1.3
Average 46.9 49.7 48.0 454 48.4 46.6 48.0 50.8 49.5
A -1.7% -1.8% -1.3%

Table 2: Accuracy on mid-scale models under Standard Protocol. Results are mean =+ std over 5 runs. Bold indicates
best between Dense and Ours. A denotes accuracy gap between CondenseFlow and Dense-Latent.

Qwen3-14B DeepSeek-R1-Distill-Qwen-14B Ring-mini-2.0

Task Text Dense Ours Text Dense Ours Text Dense Ours
AIME 2024 60.5 +1.1 65.2+09 632410 61.2+12 66.1+08 639 =+1.1 595+1.0 64.5+09 62312
AIME 2025 554 +13 641 +1.0 62.1+12 56.1+14 64.8+09 62.6+1.1 545+13 63.2+1.0 61.0+1.2
HMMT 2025 252408 283 +0.7 268 +09 265+09 29.1+06 27.4+0.8 245+09 27.5+07 258409
MBPP+ 72.1 0.9 754 +0.7 76.0+1.0 735408 76.2+0.7 767 +09 7T1.5+1.0 748 +0.8 753 +1.1
GPQA-Diamond 50.3 +1.2 51.5+1.1 503 +1.3 512413 524+1.0 51.0+1.2 495+14 50.8+1.1 494 +1.3
MedQA 76.1 +0.7 76.8 +06 77.2+08 76.8+07 77.5+06 77.8+0.7 755+08 762406 76.5+0.8
LiveCodeBench 332 +1.1 355+1.0 335412 345412 36.8+09 344+1.1 325411 349+1.0 325412
Average 53.3 56.7 55.6 54.3 57.6 56.3 52.5 56.0 54.7
A -1.1% -1.3% -1.3%

Distill-Qwen-14B (Guo et al., 2025), and Ring-
mini-2.0 (Team et al., 2025).

Baselines. We compare three paradigms:
TextMAS transmits natural language; Dense-Latent
transfers complete KV caches; CondenseFlow
applies LTC compression.

Evaluation Protocols. We employ two protocols
with distinct objectives: Standard Protocol uses a
sequential four-agent pipeline consisting of Plan-
ner, Critic, Refiner, and Solver. This evaluates com-
pression fidelity under typical collaboration depth.
Stress Test Protocol employs iterative Solver-Critic
interaction where the Solver generates solutions
and the Critic provides feedback across multiple
rounds. This evaluates robustness under extended
context accumulation. We use AIME 2025 as the
testbed for this challenging evaluation. Implemen-
tation details including hyperparameters and hard-
ware specifications are provided in Appendix D.

4.2 Compression Fidelity

Tables 1 and 2 present accuracy under the standard
protocol.

Compression Maintains Accuracy. Across all
model-task combinations, CondenseFlow achieves
accuracy within 2% of Dense-Latent despite trans-
mitting only a fraction of the original KV cache.
The gap narrows at larger scale, decreasing from
1.6% average on small models to 1.2% on mid-
scale models. We attribute this to higher intrinsic
redundancy in larger model representations, as val-
idated by effective rank analysis in Appendix E.

Task-Dependent Patterns. On code generation
tasks, CondenseFlow matches or exceeds Dense-
Latent, suggesting that structured outputs allow
effective compression of verbose intermediate rea-
soning. Mathematical olympiad tasks show slightly
larger gaps, consistent with their need for dis-
tributed attention across numerical dependencies.
Detailed per-task analysis appears in Appendix F.
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Table 3: KV cache memory on Qwen3-14B at different
interaction rounds. Dense-Latent grows linearly with
accumulated context while CondenseFlow maintains
constant size through compression.

~F TextAgent
= Dense-Latent
60 W—o— CondenseFlow (K=64)
a N ——0——0
o’ a. A
q
50 \
S \ A
s \ B
P =} n
g a0 \ \
5 \ N
g b ~ A
< \ ~Ao
30 \b -~ ~A
T D\\ TTE=-ALL
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o TA--—-A
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“~o
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Rounds Dense Ours Reduction
3 1.72GB  0.01 GB 99.4%
5 2.63GB 0.01 GB 99.6%
7 351GB 0.01GB 99.7%
10 5.03GB 0.01 GB 99.8%

0.0 25 50 75 10.0 125 15.0 17.5 20.0
Number of Agent Interactions

Figure 3: Accuracy on AIME 2025 under Stress
Test Protocol with increasing interaction rounds using
Qwen3-14B. TextMAS and Dense-Latent exhibit sig-
nificant degradation after 4-5 rounds due to context
accumulation, while CondenseFlow maintains stable
performance throughout all twenty tested rounds.

4.3 Robustness under Extended Interaction

We examine how methods perform as interaction
depth increases using the Stress Test Protocol on
AIME 2025.

Accuracy Degradation Analysis. Figure 3
presents accuracy as a function of interaction
rounds. TextMAS and Dense-Latent both exhibit
substantial degradation beyond moderate depth,
with accuracy dropping sharply after four to five
rounds. TextMAS degrades from 54% at round 3
to 42% at round 5, eventually falling to 12% by
round 20. Dense-Latent follows a similar pattern,
declining from 63% to 21% over the same range.
In contrast, CondenseFlow maintains stable perfor-
mance throughout all twenty tested rounds, with
accuracy remaining above 58%. This stark dif-
ference validates our hypothesis that unbounded
context accumulation degrades reasoning quality,
and demonstrates that fixed-size compression ef-
fectively mitigates this phenomenon.

Memory Scaling. Table 3 compares KV cache
memory at different interaction depths. Dense-
Latent exhibits linear growth as context accumu-
lates across rounds, reaching over 5 GB by round
10. CondenseFlow maintains constant memory
through fixed-size compression, achieving over
99% reduction regardless of interaction depth.

Inference Time. Figure 5 presents inference time
measurements averaged across AIME 2025 prob-
lems. The per-round time in Figure 5(a) shows that
TextMAS and Dense-Latent exhibit increasing la-
tency as interaction progresses due to growing con-

Figure 4: Accuracy heatmap on AIME 2025 showing
the joint effect of compression dimension K and inter-
action rounds. The top row represents Dense-Latent
baseline. Moderate compression (K=64) maintains ro-
bust performance across all interaction depths, while
aggressive compression (K=16) shows early collapse.
Increasing K beyond 64 provides diminishing returns,
validating our default configuration choice.

text length, while CondenseFlow maintains stable
per-round time around 44 seconds throughout all
rounds. The cumulative time in Figure 5(b) demon-
strates that this efficiency advantage compounds
over extended interaction: at round 10, Condense-
Flow completes in 457 seconds compared to 569
seconds for Dense-Latent, achieving approximately
20% total time reduction.

4.4 Ablation Studies

Compression Dimension and Interaction Depth.
Figure 4 presents a heatmap analyzing the joint
effect of compression dimension and interaction
rounds. Several patterns emerge from this analysis.
Aggressive compression leads to rapid performance
collapse: with K=16, accuracy drops from 54.2%
at round 1 to 23.2% at round 10, a degradation of
31 percentage points. Moderate compression with
K =64 maintains stability across extended interac-
tion, with accuracy remaining above 58% through
all ten rounds. Increasing compression dimension
beyond K=64 yields diminishing returns at early
rounds while exhibiting degradation patterns simi-
lar to Dense-Latent at later rounds, as the accumu-
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(b) Cumulative Inference Time

Cumulative Time (s)

1 2 3 4 5 & 7 8 9 1 1 2 3 4 s & 7 8 8 10
Interaction Rounds Interaction Rounds

Figure 5: Inference time comparison on AIME 2025
using Qwen3-14B under Stress Test Protocol, averaged
across all problems. (a) Per-round inference time shows
CondenseFlow maintains stable latency while baselines
increase with context accumulation. (b) Cumulative
time demonstrates compounding efficiency gains over
extended interaction.

Table 4: Ablation of loss components on Qwen3-14B
averaged across all benchmarks.

Lrecon ['cm)er ['orth AVg- Acc
v v v 55.6%
v v 53.8%
v v 54.7%
v 53.1%

lated representations reintroduce context growth
effects. Based on these observations, we select
K=64 as our default configuration, achieving opti-
mal efficiency-effectiveness balance.

Loss Component Analysis. Table 4 examines
contributions of each training objective compo-
nent. Removing coverage regularization causes
the largest degradation, indicating that prevent-
ing probe collapse is critical. The orthogonality
constraint provides additional stability by ensuring
probes capture complementary features.

Comparison with Alternative Compression.
Table 5 compares against KV cache compres-
sion methods adapted for cross-agent transfer.
Selection-based methods that discard entries suf-
fer significant accuracy loss. Our aggregation ap-
proach preserves semantic information through
weighted combination, achieving substantially bet-
ter retention.

5 Conclusion

We present CondenseFlow, an efficient latent col-
laboration framework for multi-agent systems. To
address the memory bottleneck caused by full KV
cache transfer in existing latent communication
methods, we design the Latent Thought Condenser,
which extracts semantic anchors from complete
KV caches through learnable probes, achieving ef-

Table 5: Comparison with KV compression methods at
equivalent compression ratio on Qwen3-14B.

Method Type Avg. Acc
Dense-Latent Full 56.7%
Random Pruning Selection 48.5%
H20 Selection 53.2%
SnapKV Selection 53.8%
CondenseFlow Aggregation 55.6%

fective compression while preserving information
critical for downstream reasoning.

The main contributions of this work are three-
fold. On the methodological front, we propose a
semantic compression mechanism based on cross-
attention aggregation, where probes automatically
identify and retain information patterns most valu-
able for collaboration, avoiding the information
loss inherent in selection-based methods. On the
theoretical front, we establish an error bound show-
ing that compression quality is governed by at-
tention concentration, providing principled under-
standing of when and why compression succeeds.
On the empirical front, comprehensive evaluations
demonstrate that CondenseFlow achieves substan-
tial memory and time efficiency with minimal ac-
curacy degradation across diverse reasoning tasks
and model scales.

CondenseFlow enables practical deployment of
latent multi-agent collaboration by breaking the
linear scaling barrier of full-state transfer. As large
language models become increasingly prevalent
in agentic systems, efficient latent communica-
tion will become critical infrastructure for next-
generation collaborative intelligence. Future direc-
tions include applying reinforcement learning to
optimize compression strategies and extending to
heterogeneous model collaboration.

6 Limitations

Although CondenseFlow achieves a favorable bal-
ance between efficiency and accuracy, this work
has several limitations that warrant further explo-
ration.

Training Dependency. Unlike training-free full
transfer methods, the LTC module requires pre-
training to function effectively. Although LTC has
minimal parameters and low training cost, this adds
deployment complexity. Future work could explore
training-free analytical compression schemes based
on low-rank approximation.
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Compression Ratio Ceiling. Our experiments
show that when the compression dimension K
falls below 32, accuracy degrades significantly.
This suggests an information-theoretic limit be-
yond which critical semantic information is in-
evitably lost. Breaking through this limitation re-
mains an open problem.

Homogeneous Model Assumption. The current
LTC design assumes all agents share the same KV
cache dimension. For heterogeneous models of
different scales, additional adapter layers would be
needed to align representation spaces, potentially
introducing new sources of error.

Extended Context Scenarios. While our Stress
Test Protocol evaluates interactions up to 20 rounds
with cumulative reasoning, the effectiveness of
LTC on ultra-long individual sequences exceed-
ing 8192 tokens has not been fully validated and
requires further investigation.

Task Specificity. Although our experiments span
mathematical reasoning, code generation, and sci-
entific domains, certain highly specialized fields
such as legal reasoning or financial analysis may
require domain-adapted semantic probes to achieve
optimal performance.

Ethical Considerations. Latent communication
reduces the transparency of inter-agent informa-
tion exchange compared to text-based methods, po-
tentially complicating the detection of unintended
or adversarial agent behaviors. Additionally, effi-
ciency improvements in multi-agent systems could
lower barriers to misuse in automated disinforma-
tion generation. We encourage future work to de-
velop auditing mechanisms for latent communica-
tion protocols.

Use of AI Assistants. We used Al assistants
for code debugging, grammar checking, and
manuscript proofreading. All scientific contribu-
tions including methodology design, theoretical
analysis, experimental setup, and result interpreta-
tion were conducted entirely by the authors.
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A Theoretical Analysis

This appendix provides formal definitions, the com-
plete theorem statement, and detailed proof for
the compression error bound summarized in Sec-
tion 3.4.

A.1 Preliminaries

Definition A.1 (Attention Concentration). For a
query distribution over R%, the attention concen-
tration factor is defined as:

= mi , 8
p =min Sg[g}l’%K;%(Q) ®)

where a;(q) = [softmax(qK " /+/d})]; denotes
the attention weight of query ¢ on position j. This
measures the minimum fraction of attention mass
that can be captured by the best K positions across
all possible queries.

Assumption A.2 (Bounded Representations). All
value vectors in the KV cache satisfy [[v;]l2 <
Vinax for all j € [T1].
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A.2 Compression Error Bound

Theorem A.3 (Attention Output Error Bound). Let
O = softmax(Q KT/\ﬁ)V be the original at-
tention output and O = softmax(QK " /v/d,)V
be the output computed with compressed KV cache,
where K = AK and V. = AV for some row-
stochastic aggregation matrix A € REXT | Under
Assumption A.2 and Definition A.1:

10 =Ollr <2(1=p) - Voax - V/ig 9

where ng is the number of queries.

Remark A.4. Theorem A.3 establishes an error
bound based on a constructive proof using a hard
selection strategy, in which the aggregation matrix
A contains binary entries. Importantly, the continu-
ous row-stochastic aggregation matrices learnable
by LTC constitute a superset of valid selection ma-
trices. Consequently, the minimum error achiev-
able by our aggregation method is theoretically
bounded by, and potentially lower than, the error of
the optimal selection strategy. This confirms that
LTC possesses sufficient expressivity to satisfy the
derived bound.

Proof. We proceed in three steps: first establishing
the algebraic form of the error, then bounding the
error for a single query, and finally aggregating
over all queries. Step 1: Algebraic Form of the
Error. For a single query ¢ € R%, the original
attention output is:

o(q) = Attn(q, K, V)

Z a;(q
where the attention weights are:

o) = exp(q ' k;/V'dp)
! S exp(q T ki//dy)

For the compressed KV cache with K = AK and
V = AV, the output is:

K
=Y @)
=1

25:1 A;jvj, we can rewrite this as:

Jo;  (10)

11

(12)

Since v; =

I
M=

T
o(q) ai(q) Y A
: =

=1

= Z (Z di(Q)Ai]) Uj

(13)

The effective weight w;(q) = Zfil & (q)Ayj
forms a valid probability distribution over [T]:

T
> ii(g) =
j=1

where we use the row-stochastic property of A.
Step 2: Single Query Error Bound. The per-
query error can be expressed as:

T

o(q) = d(q) = Y _(a;(q) — @;(q))v;

j=1

(15)

Applying the triangle inequality and Assump-
tion A.2:

lo(g) = a(g)l2 < ZIO@

S Vmax : Ha(Q)

—wj(q)] - [[vjl2

—w(q)llx
(16)

The ¢, distance ||a(q) —w(q)||1 is twice the total
variation distance between distributions «(q) and
w(q). By Definition A.1, for any query g, there
exists a subset S*(q) C [T] with |[S*(¢)| = K

such that:
> ajlg) = p
JES*(q)

B(q) = (17)

Consider the selection aggregation matrix A*
that selects exactly the positions in S*(¢) =

{J1,-- - Jr}
A* =1

=1, Al =0forj#j  (18)

Under this selection, the compressed keys satisfy
k; = kj,, and the compressed attention weights
become:

exp(q ' kj, //dp)

ai(q) = SK exp(qTk;, /v/dp) (19)
_ Olji(Q) _ Oéji(Q)
leil aj, (q) B(q)

The effective weight distribution under this se-
lection is:

54(a) = {(C;j(q)/ﬁ(q) ifj € §*(q)

s (20)
if j ¢ S*(q)
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Computing the total variation distance:

() = (g}l = ggj a;(q) — Og(;q;’
+ 3 Jay(g)]
Jj¢S*
1
= ]2 a;(q) ‘1 - ﬁ(q)‘ 1)
+ (1= B(a)) (22)

Since 5(¢) < 1, wehave |1 —1/5(q)| = (1 —
5(q))/B(q). Therefore:

. oy 1=B(9) B
la(q) —w(q)llh = B(q) 30 +(1-8(q))
=2(1-B(q)) (23)

Substituting into Equation (16) and using
Bla) = p:

lo(q) — (q)ll2 < 2(1 = B(q)) - Vinax < o4
2(1 - p) * Vinax

Step 3: Aggregation over Multiple Queries.
For ng queries forming the matrix @, =
lq1, - - ,qnq]T, let O, O € R"*d denote the orig-
inal and compressed attention outputs respectively,
with the i-th row being o(¢;) " and 6(q;) . The
Frobenius norm of the error matrix is:

Nq

3 (1 = )V
i=1
=2(1 = p) - Vinax - /g
Applying the single-query bound from Equa-
tion (24):

—Ollr <
|0 -O|F < 25)

S 201 )V
i=1
=2(1—p) - Vinax - V7q

Relationship to Aggregation. The derivation
above constructs a specific selection matrix A*.
Our LTC module learns a continuous aggregation
matrix A € RE*T whose rows sum to 1. Since
the set of such matrices includes A* as a special
boundary case, the optimal learned aggregation sat-
isfies:

min (|0 — O(A)|[r < |0 = O(4") |

< 2<1 - p)vmaX\/TTq

O—-0|p<
| lF < 26)

Thus, the bound derived for selection serves as a
valid upper bound for our proposed aggregation
method. OJ

A3

We provide a brief analysis of how compression
errors accumulate across collaboration rounds.

Multi-Round Error Behavior

Proposition A.5 (Linear Error Accumulation). Let
0 denote the per-round compression error. After
R collaboration rounds, the cumulative error ep
satisfies:

eR<R-6 (28)

Proof. At each round r, compression introduces
error at most . By the triangle inequality, errors
across rounds accumulate additively in the worst
case, yielding the linear bound. O

Remark A.6. The linear bound represents the worst-
case scenario where errors accumulate construc-
tively. In practice, we observe sub-linear growth
because LTC learns to prioritize semantically criti-
cal information that persists across rounds, while
noise and less relevant details are naturally attenu-
ated. Experimental validation in Section 4.3 con-
firms that CondenseFlow maintains stable perfor-
mance through extended interaction depths where
baselines exhibit significant degradation.

B LTC Architecture Details

B.1 Module Specification

The Latent Thought Condenser consists of the
following components: Semantic Probes. A
learnable matrix Q. € RX*% initialized from
N(0,0.02), where dj, denotes the KV cache di-
mension. For models using Grouped Query Atten-
tion, di, = Mgy X dpead Where ny, is the number
of KV heads and djq is the per-head dimension.
Cross-Attention. Standard scaled dot-product at-
tention without learned projections. The probes
directly attend over original key vectors. Nor-
malization. Layer normalization applied to com-
pressed value vectors with learned affine parame-
ters, adding 2 x dj, parameters per layer. Parame-
ter Sharing. All Transformer layers share identical
probe vectors. Only the layer normalization param-
eters are layer-specific.

B.2 Total Parameter Count

For an L-layer model with KV dimension d; and
compression dimension K:

Parameters = K x dj, + L x 2 x d, (29)



For Qwen3-14B with L = 40, ng, = 8, dhead =
128, and K = 64:

dp = 8 x 128 = 1024
Parameters = 64 x 1024 + 40 x 2 x 1024

D
= 147,456 ~ 0.15M

This represents less than 0.01% of the base model
parameters, enabling efficient training and minimal
inference overhead.

C Training Details

C.1 Complete Loss Function

The full training objective combines reconstruction
with two regularization terms:

L= Ev’econ + )\lﬁcover + )\2£07"th (32)
Reconstruction Loss.
1 L
- — O O
Lrecon =7 Y _ [[Attn(Qs, KO, V1Y) -
=1 )

— Attn(Qs, KO, VO[5,

where Q, € R"*% contains ny = 128 sampled
query vectors.
Coverage Regularization.

T
Leover = —H(AD) = "ajloga;  (34)
j=1

where A() = % Zfil AZ@ is the mean aggrega-
tion weight. Maximizing entropy prevents probe
collapse.
Orthogonality Regularization.
- 2
Lorin = |[QeQL — Ic||, (35)
This encourages probes to capture complementary
features.

C.2 Hyperparameters
C.3 Training Data

To ensure generalization, training data is drawn
from sources disjoint from evaluation benchmarks:

Mathematical Reasoning. 1,000 problems
from GSMS8K training set covering arithmetic and
algebraic patterns.

Code Generation. 1,000 problems from MBPP
training split covering common programming pat-
terns.

Table 6: Training hyperparameters for LTC.

Parameter Value
Optimizer AdamW
Learning rate 1x1074
LR schedule Cosine decay
Warmup steps 1,000

Total steps 50,000
Batch size 64

A1 (coverage) 0.1

A2 (orthogonality) 0.01
Sampled queries ns 128

Generalization Strategy. Although our evalu-
ation extends to complex benchmarks like AIME
and GPQA, we hypothesize that the mechanisms
of information salience—such as attending to crit-
ical numerical values, logical operators, and state
transitions—share structural similarities across rea-
soning complexities. By learning to compress these
fundamental semantic structures rather than mem-
orizing specific problem patterns, the lightweight
probes can generalize to more advanced domains
without task-specific fine-tuning.

C.4 Training Cost

Training requires approximately 4 GPU-hours on a
single NVIDIA A100-80G. The minimal parameter
count enables rapid iteration during development.

D Implementation Details

D.1 Inference Configuration

Table 7: Inference hyperparameters.

Parameter Value

Sampling method Nucleus sampling
Top-p 0.95

Temperature 0.6

Maximum length 2048 tokens
Compression dimension K 64

D.2 Hardware

All experiments conducted on NVIDIA A100-80G
GPUs. Standard Protocol experiments use single
GPU. Stress Test Protocol uses single GPU with
gradient checkpointing for extended sequences.

D.3 Agent Prompts

Prompts for each agent role are provided in Ap-
pendix G.

13709



E Effective Rank Analysis

Definition E.1 (Effective Rank). For matrix M &€
R™*"™ the effective rank is:

min(m,n)
erank(M) =exp | — giloga; | (36)
i=1

where 6; = o0;/||o||1 is the normalized singular
value.

We empirically validate the low-rank property
discussed in Section 3.4 by computing effective
ranks of KV caches across models.

Table 8: Effective rank statistics of KV caches on AIME
2025 samples.

Model Median erank erank < 64
Qwen3-8B-Instruct 47.2 66.8%
LLaMA-3.1-8B-Instruct 49.1 63.5%
Gemma-2-9b-it 46.5 68.2%
Qwen3-14B 41.3 74.6%
DeepSeek-R1-Distill-14B 39.8 77.2%
Ring-mini-2.0 38.2 79.5%

Key observations:

Low effective rank is prevalent. Median effec-
tive rank is below 50 for all models, well under our
default compression dimension of K=64.

Mid-scale models exhibit lower rank. Effec-
tive rank decreases with model scale, explaining
the reduced accuracy gap between CondenseFlow
and Dense-Latent on larger models.

Compression dimension is well-chosen. Over
65% of samples have effective rank below 64, vali-
dating that compression with K'=64 preserves the
dominant semantic subspace.

F Per-Task Analysis

Table 9: Accuracy gap between CondenseFlow and
Dense-Latent by task category averaged across models.

Category Small-Scale Mid-Scale
Math (AIME, HMMT) -1.9% 2.0%
Code (MBPP+, LiveCode) -1.3% -0.9%
Science (GPQA, MedQA) -1.5% -0.5%
Average -1.6% -1.1%

Mathematical tasks show the largest gap due to
their requirement for tracking distributed numerical
dependencies across lengthy derivations. Code gen-
eration shows moderate gap, with CondenseFlow

matching or exceeding Dense-Latent on MBPP+
while showing larger gaps on the more challenging
LiveCodeBench. Scientific reasoning exhibits the
smallest gap on mid-scale models, suggesting that
domain knowledge compression is effective when
model capacity is sufficient.

G Agent Prompts

To ensure rigorous reasoning, we employ structured
system prompts that enforce role-specific behav-
iors and output formats. The prompts below are
templated with placeholders for the input question
and interaction history.

G.1 Standard Protocol Prompts
Planner Agent.

Role: You are a Distinguished Professor
of Mathematics and Computer Science.

Task: Given a complex problem, devise
a comprehensive solution strategy.
Decompose the problem into logical

sub-tasks. Identify necessary theorems,
formulas, and potential edge cases
(e.g., boundary conditions, integer
constraints).
Constraint:
numerical answer yet.
logical path.

Do not compute the final
Focus on the

Problem: {question}

Critic Agent.

Role: You are a Strict Peer Reviewer.
Task: Audit the proposed plan/solution
for logical soundness.

1. Check for valid application of
theorems.

2. Identify potential calculation risks
or overlooked constraints.

3. Verify if the approach covers all
cases requested by the problem.

Output: Be harsh but constructive. List
specific flaws if any.

Problem: {question}

Refiner Agent.

Role: You are a Lead Solution Architect.
Task: Synthesize the original plan and
the Critic’s feedback into a robust,
executable guide.

1. Fix the flaws identified by the

Critic.

2. Optimize the steps for clarity and
precision.

3. Ensure all constraints from
the problem statement are explicitly
addressed.

Problem: {question}

Solver Agent.
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Role: You are a Precision Calculation

Engine.

Task: Execute the refined plan
step-by-step to derive the final answer.
Requirements:

- Show every step of the derivation
clearly.

- Perform double-checks on arithmetic
operations.

- Conclude with the final answer strictly
in the specified format.

Problem: {question}

Format: End your response with: Answer:
[final_answer]

G.2 Stress Test Protocol Prompts
Solver Agent (Iterative).

Role: You are an Iterative Mathematical
Solver.

Task: Solve the problem or refine your
previous solution based on feedback.
Instructions:

1. Review the previous attempt and the
Critic’s feedback (if available).

2. If the feedback points out errors,
re-derive the affected steps carefully.
3. If this is the first turn, solve from
scratch.

4. Maintain global consistency with the
problem constraints.

Problem: {question}
Previous Feedback: {feedback}

Format: Answer: [final_answer]

Critic Agent (Iterative).

Role: You are a Logical Consistency
Checker.

Task: Evaluate the Solver’s latest
proposal.

Checklist:

- Is the reasoning mathematically valid?
- Are the calculations correct?

- Does the solution satisfy ALL
conditions in the problem statement
(e.g., x>0, integer solutions)?
Output: Provide a concise verification
report. If incorrect, point out exactly
which step failed.

Problem: {question}

Proposed Solution: {solution}

H Case Study

H.2 Problem Analysis

Converting to base 10: 17, = b+ 7 and 97, =
9b + 7. The divisibility condition requires (b+7) |
(9b+ 7). Since (b+7) | 9(b+ 7) = 9b + 63, we
have (b+7) | (9b+ 63) — (9b + 7) = 56. Thus
b + 7 must be a divisor of 56. The divisors of 56
are: 1,2,4,7,8,14,28,56. Forb > 9: b+ 7 > 16,
so valid divisors are 28 and 56. This gives b = 21
and b = 49. Answer: 70

H.3 Method Comparison at Round 10

TextMAS Result.

After 10 rounds of refinement, the accumulated text
context exceeds 40000 tokens. The model suffers
from “Constraint Amnesia,” losing track of the b > 9
condition amidst the verbose history: “...As verified
in step 4, we need (b + 7) to divide 56. The divisors
are 1,2,4,7,8,14,28,56. Case 1: b+ 7 =14 —
b = 7. Checking: 177 = 14,977 = 70. 70/14 = 5.
This works. Case 2: b+ 7 = 28 — b = 21.
Valid. Case 3: b+7 =8 — b = 1. Base
must be greater than 1. Wait, let’s re-verify Case
1. Base 7 is valid because 177 exists. So the bases
are 7 and 21. Sum =7 + 21 = 28 Analysis: The
model hallucinates that b = 7 is valid, forgetting the
problem statement’s explicit constraint b > 9 due to
context dilution. Answer: 28 X

Dense-Latent Result.

After 10 rounds, the model exhibits “Attention Disper-
sion.” It retrieves a rejected hypothesis from Round 3
that conflicts with the current derivation: “We have es-
tablished that b must be 21 or 49. Let’s double check
b = 49. 1749 = 56, 9749 = 448. 448/56 = 8.
Correct. However, previously in the Critic’s feedback
(Round 3), it was noted that ‘the sum must be less
than 50°. If b = 49, the base itself is large, but does
it fit the range? Let’s reconsider the factorization

We present a detailed comparison on an AIME 9b+ 7 = 9(b+ 7) — 56. Maybe we missed a neg-

2025 problem demonstrating how different meth-
ods handle multi-step mathematical reasoning.

H.1 Problem Statement

AIME 2025 Problem

Find the sum of all integer bases b > 9 for

which 17, is a divisor of 97,

ative divisor? Let’s exclude 49 to be safe based on
the prior critique. Only b = 21 remains.” Analysis:
The model fails to distinguish between a valid cur-
rent derivation and an incorrect historical objection
(the "sum < 50" hallucination from an earlier round),
causing it to discard a correct solution. Answer: 21

X

CondenseFlow Result.
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With compressed semantic anchors, the context re-
mains focused. The LTC module filters out the noise
from previous rounds, retaining only the verified state
space: “Current State Summary: Divisibility condi-
tion reduces to (b + 7)|56. Constraint b > 9 implies
b+ 7 > 16. Candidate divisors > 16: {28,56}.
Candidate bases: 1. b+ 7 = 28 — b = 21.
2. b+7 =56 = b = 49. Verification Step:
For b = 21: 17,|97, holds (Ratio 7). For b = 49:
17|97, holds (Ratio 8). Both candidates satisfy all
conditions. Sum: 21 4 49 = 70.” Answer: 70 v/

H.4 Analysis

This case illustrates the specific failure modes ad-
dressed by CondenseFlow: Constraint Adherence
vs. TextMAS. TextMAS eventually drowned out
the global constraint (b > 9) with verbose interme-
diate verifications. CondenseFlow’s compression
implicitly prioritized the problem statement con-
straints as high-value semantic anchors, ensuring
they persisted through 10 rounds of interaction.
State Coherence vs. Dense-Latent. Dense-Latent
suffered from interference between current reason-
ing and obsolete historical "thoughts". By com-
pressing the history into a coherent state represen-
tation, CondenseFlow prevented the model from
attending to outdated negative feedback, enabling
it to confidently retain both correct solutions.
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