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Abstract—Distributed LLM systems increasingly exchange intermediate representations across compute, storage, and network
boundaries. This survey develops a communication-centered view of these transfers, covering parameters, activations, KV caches,
hidden states, and latent messages across distributed training, disaggregated inference, cache pooling, and multi-agent interaction.
We organize the literature along four usage perspectives and three fidelity tiers: exact-state reconstruction, lossy compression, and
semantic collaboration. The survey relates these settings through task utility, transferred bytes, end-to-end latency, and redundant
recomputation. To make this trade-off explicit, we introduce Semantic Density (SD), a task-centered reporting protocol that measures
retained utility per normalized transferred byte relative to an uncompressed exact-state reference. Using this framework, we identify
recurring challenges in wide-area communication, state reuse, latent-space alignment, and transport—memory coordination, and
organize existing approaches around compression, reuse, semantic communication, and storage-aware transfer. We conclude by
outlining open problems in alignment, security, fidelity evaluation, standardization, economics, and communication beyond

Transformers.
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1 INTRODUCTION

LLM inference has moved beyond monolithic serving
toward increasingly fine-grained disaggregation. Prefill-
decode (PD) separation has evolved from a proposed op-
timization into a deployed serving pattern. Prefill processes
the prompt and produces the KV cache, whereas decode
generates tokens autoregressively and repeatedly reads that
cache. Separating the two phases enables independent re-
source allocation and makes KV-cache transfer a first-class
systems path [1]], [2], [3].

At larger scales, Mooncake demonstrates KV-centric dis-
aggregated serving with pooled CPU, DRAM, and SSD
resources, while Cross-Datacenter Prefill-Decode Disaggre-
gation (PDD) extends PD across data centers and combines
heterogeneous scheduling with relay and recomputation
to manage cross-domain transfer [3], [4]. The granular-
ity of disaggregation is also increasing. For MoE models,
MegaScale-Infer separates attention and FFN or expert exe-
cution so that the two parts can use different parallelism and
resource pools [5]. Recent Attention-FFN Disaggregation
(AFD) work further studies when this finer split pays off
under workload, SLO, and network constraints [6]. In par-
allel, multi-agent systems such as AutoGen [7] and ReAct [§]
distribute complex tasks among specialized agents, creating
additional demand for sharing intermediate state.

As models and agents span nodes and domains, infer-
ence must move intermediate representations such as KV
caches, hidden states, embeddings, and latent messages.
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PagedAttention already treats the KV cache as an explicit
memory-management object [9]. More broadly, hardware
heterogeneity, energy limits, data locality, and governance
requirements may place different stages in different re-
source pools or jurisdictions [1], [10]. The resulting systems
path crosses compute, storage, and network layers, making
transfer cost and representation compatibility central design
concerns.

Text-based interaction requires the sender to decode
internal computation into tokens and the receiver to en-
code those tokens and repeat prefill. Direct vector trans-
fer can preserve or reuse more intermediate state, but
it introduces transfer overhead, alignment requirements,
and security concerns. This trade-off is related to the
semantic-communication principle of transmitting task-
relevant meaning rather than raw bits [11]. Existing surveys
typically focus on one layer, such as KV-cache management,
end-to-end inference, or agent communication. They do not
place model-state transfer, storage, network cost, and task-
level fidelity in a single organizing view [12], [13], [14], [15],
[16], [17].

1.1 Vectorized Communication: An Organizing Per-
spective

The vectorized communication discussed in this survey is
not a specific protocol. It is a systems pattern in which inter-
mediate representations cross compute, storage, or network
boundaries. We use four descriptive tags to organize where
these representations originate, how they are stored, and
how they support interaction.

As a running example, consider a multi-agent retrieval-
augmented generation request in which a planner and a
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Fig. 1. lllustrative multi-agent interaction over shared context. Text-
based exchange may require re-encoding and repeated prefill, whereas
compatible vectorized exchange can reuse an intermediate state at the
cost of additional communication.

verifier access overlapping long-context evidence. Figure
contrasts text-based and vectorized interaction in this set-
ting.

Vectorized intelligence. Transformers tokenize multimodal
inputs (text, images, audio) into high-dimensional vectors
and perform information mixing and feature extraction in
vector space through Query/Key/Value self-attention [18].
Intelligent tasks are computations over vector space, and
vectorization is the substrate on which intelligence arises.
Vectorized memory. In PD-disaggregated and multi-agent
settings, the KV cache is the explicit cache of attention
history and serves as the physical carrier of memory [9].
Transmitting KV caches instead of repeating prefill means
that memory flows between nodes in tensor form, which is
the most direct manifestation of vectorized memory [2], [3].
Vectorized thinking. Latent reasoning replaces some dis-
crete reasoning tokens with one or more continuous latent
states. In selected tasks, this can reduce the number of gener-
ated reasoning steps, although the payload size and model
compatibility remain important constraints. Representative
work includes Coconut, SoftCoT, and CODI [19], [20], [21].
See Section [6.3]

Vectorized collaboration. When multi-agent systems com-
municate through natural language, the receiver may re-
peat encoding and prefill computation. When compatible
agents exchange KV caches or latent states directly, part
of the sender’s intermediate computation can be reused,
trading communication and alignment overhead for com-
putation [22]], [23], [24], [25], [26].

These four tags expose a recurring trade-off. Vector-
ization can reduce computation while increasing commu-
nication. Latent reasoning reduces reasoning tokens, and
KV reuse removes repeated prefill, but their intermediate
states may be larger than the original token sequence. The
additional bytes can carry more task-relevant information,
but whether they improve task accuracy depends on the
model and workload (see Section [6.3). Classical communi-
cation targets bit-level losslessness [27]. Vectorized transfer
can instead target task-sufficient semantic fidelity [11]. The
systems problem is therefore to choose an operating point
between compute cost and communication cost.

Accordingly, the survey traces three linked questions.
Which cross-domain communication scenarios arise, and
what do they require? Which technical challenges shape
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compression, reuse, semantic communication, and storage?
Which obstacles still separate research prototypes from pro-
duction systems?

Our contributions are as follows. (1) We use vectorized
communication as an organizing perspective, characterize
interaction with four descriptive tags, and classify commu-
nication modes by distortion tolerance. (2) We formulate
Semantic Density as a task-centered reporting protocol and
use it with end-to-end latency and redundant recompu-
tation to characterize the transfer Pareto frontier. (3) We
compare transfer requirements across training, inference,
pooling, and multi-agent interaction. (4) We identify four
technical challenges: bandwidth limits, reuse beyond exact
prefixes, latent-space alignment, and cross-layer coupling.
(5) We map the design space through four optimization
routes: compression, reuse and caching, latent or semantic
communication, and hierarchical storage with prefetching.
(6) We discuss seven open directions spanning alignment,
security, fidelity, standardization, economics, transferability,
and post-Transformer architectures.

The remainder of the paper is organized as follows.
Section [2| introduces basic concepts and presents the lit-
erature landscape. Section [3] establishes the scenario tax-
onomy. Section [4] defines the Semantic Density reporting
protocol, the transfer Pareto frontier, and scenario-specific
requirements. Section [5| identifies the constraints that limit
this frontier. Section [p| maps the design space through op-
timization routes that advance it. Section [7] discusses open
problems and future directions. Section [8| synthesizes the
main findings and open directions.

2 PRELIMINARIES AND LITERATURE LANDSCAPE
2.1 Basic Concepts

KV cache. A KV cache stores the Key and Value vectors of
historical tokens in a Transformer decoder. It avoids recom-
putation during decoding and is a central data structure for
inference performance and memory use [9].

Prefill phase. The prefill phase processes the input prompt
and produces the KV cache needed for the first output
token. It is compute-intensive [1], [2].

Decode phase. The decode phase generates subsequent
tokens autoregressively and repeatedly reads the KV cache.
It is memory-bandwidth-intensive [1], [2].

Prefill-Decode disaggregation (PD disaggregation). PD
disaggregation deploys the prefill and decode phases on dif-
ferent compute nodes to enable phase-independent resource
allocation and scaling [2], [3]].

Latent communication. Agents directly exchange con-
tinuous model-state representations (embeddings, hidden
states, or KV caches) rather than communicating through
discrete natural-language tokens.

We use Dp for the byte volume of a transferred rep-
resentation F, Tcomp for local recomputation time, Beg for
effective wide-area bandwidth, and Toyerheaa for encoding,
queueing, memory-copy, and retransmission overhead. RTT
denotes round-trip time. For method m, P, is downstream
task utility, B,,, is transmitted cross-domain bytes, L,, is
end-to-end latency, and C,, is redundant local recompu-
tation cost. SD denotes Semantic Density, defined in Sec-
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2.2 Literature Landscape

We organize the surveyed literature into six branches (Fig-
ure [2). Four branches correspond to descriptive usage tags,
and two supporting branches cover cross-domain scenar-
ios and infrastructure, as well as theoretical foundations
and future directions. The tree covers distributed training,
disaggregated inference, KV-cache pooling, agent memory,
latent reasoning and message passing, cache reuse and
compression, hierarchical storage, semantic communication,
and architectures beyond the Transformer.

2.3 Survey Scope and Selection

To contextualize the rapid growth of research on dis-
tributed LLM training and inference with cross-device
communication, we first performed a broad retrieval on
arXiv in August 2026 using the query LLM combined
with any of KV cache, disaggregated inference,
prefill decode, latent communication, semantic
communication, or multi-agent. Grouped by submis-
sion year, this query returned 96, 691, 2,180, and 2,468 candi-
date records for 2023 through 2026, respectively (2026 counts
cover submissions through August). As shown in Figure
the candidate volume has increased by more than an order
of magnitude over this short period, reflecting surging inter-
est in communication-centric challenges beyond single-node
or single-datacenter settings.

From this body of work, we conducted a focused survey.
We searched arXiv, DBLP, ACM and IEEE digital libraries,
OpenReview, and major conference proceedings using the
same keyword combinations, followed by backward and
forward citation tracing. We retained studies on commu-
nication mechanisms, systems optimizations, or evaluations
involving parameters, activations, KV caches, hidden states,
or latent messages across devices, clusters, or regions. We
excluded work focused exclusively on isolated model com-
pression or single-node kernel optimization. The resulting
snapshot through August 2026 comprises 86 cited works.

The four usage branches identify where representations
are generated and used. The cross-domain branch groups
them by fidelity requirement and records reuse and storage
mechanisms. The theory-and-future branch covers infor-
mation theory, semantic communication, computing-power
networks, regional scheduling, and alternative generation
architectures. The detailed mappings appear in the scenario
and optimization tables below.

Table (1| positions this survey relative to representative
reviews. Existing work covers KV-cache management, gen-
eral inference systems, agent memory, and latent commu-
nication, whereas our focus is the communication-centered
interaction among vectorized state, network, storage, and
task semantics.

3 VECTORIZED COMMUNICATION SCENARIOS AND
TAXONOMY

3.1 Vectorized Interaction Scenarios

Cross-wide-area vectorized interaction is not confined to
PD-disaggregated inference. It spans training and inference,

single models, and multi-agent systems. Four scenario fam-
ilies can be identified by interaction carrier.
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(1) Vectorized interaction in distributed training. Cross-
wide-area training differs from intra-cluster parallelism be-
cause synchronization must tolerate limited bandwidth,
non-negligible RTT, heterogeneous workers, and intermit-
tent failures. Data-parallel training communicates model
updates, while pipeline-parallel training communicates ac-
tivations and gradients. DiLoCo reduces the frequency of
parameter synchronization by performing multiple local
optimization steps between global updates [28]]. DiPaCo co-
designs modular path composition with DiLoCo to sup-
port poorly connected and heterogeneous workers [29].
OpenDiLoCo provides a globally distributed implemen-
tation and demonstrates training across multiple conti-
nents and countries [30]. Photon applies cross-silo fed-
erated training to global-scale LLM pretraining and re-
duces communication relative to conventional distributed
baselines [31]. Decoupled DiLoCo relaxes lock-step syn-
chronization through asynchronous learner updates and
quorum-based aggregation [32]. Agora extends internet-
scale training toward bandwidth-efficient pipeline-parallel
model sharding and fault-tolerant collective operations over
internet-grade links [33]. These systems make parame-
ters, optimizer updates, and gradients the primary vec-
torized communication objects, with convergence, good-
put, and communication volume as the central require-
ments. DiLoCo scaling studies further examine how the
low-communication approach changes with model size and
compute budget [34].

(2) Cross-wide-area distributed inference. This family con-
tains three related inference architectures. Model-split in-
ference partitions the model by layer or module across
cloud, edge, and terminal devices, and transfers activations
between stages. Al Flow, CROSS-SEC, and CE-LSLM are
classified as exact-state activation transfer [35], [36], [37].

Operator-level systems use a finer split. They transfer
hidden activations between separately provisioned atten-
tion and FEN or expert pools. MegaScale-Infer and AFD
expose the same exact-state communication problem within
MOoE serving [5], [6].

PD-disaggregated inference separates prefill and decode

across clusters. The transferred object is the KV cache
rather than an intermediate activation. Mooncake provides
a KV-cache-centric architecture [3]. P/D-Serve studies large-
scale disaggregated serving with device-to-device KV trans-
fer [38]. PDD uses a relay architecture [4]. KVDirect focuses
on tensor-centric transfer [39]. PrfaaS abstracts prefill as
a schedulable cross-data-center service [40]]. FlowKV com-
bines low-latency KV transfer with load-aware schedul-
ing [41].
(3) KV cache pooling and agent memory pools. Treating
the KV cache as a poolable storage resource is the system-
atic embodiment of storage for compute. Mooncake builds
a hierarchical KV pool over CPU, DRAM, and SSD [3].
Alibaba Cloud’s Tair KVCache elevates the KV cache to an
enterprise-grade global cache service. It implements storage
in place of compute through HBM/DRAM pooling and tiered
caching [42]. Extended to wide-area settings, such pooled
storage can evolve into cross-region KV storage and transfer
services, enlarging the freedom of cache reuse and schedul-
ing.

On the multi-agent side, vectorized storage of explicit
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TABLE 1
Positioning relative to representative surveys.

Survey Primary scope Communication object  Distinct emphasis

KV-cache surveys , KV  management and KV tensors Memory reduction, fidelity, and serv-
[13] compression ing efficiency

LLM inference-system End-to-end inference sys- Requests, activations, Operators, scheduling, memory, and
surveys tems and KV caches system composition

Agent-memory and Agent memory and com- Memory states, mes- Memory mechanisms, message ob-
communication munication protocols sages, and latent repre- jects, alignment, and collaboration

surveys

This survey

f I

Cross-domain vectorized
communication

sentations

Parameters, activations,  Scenario taxonomy, network—
KV caches, and latent compute trade-offs, and task-centered
states evaluation

memory is emerging. MemGPT treats the LLM as an op-
erating system and manages external memory hierarchi-
cally [43]. MemoryBank updates long-term memory over
time [44]. A recent survey reviews the mechanisms and
evaluation of agent memory [I5]. Vectorized memory can
reduce information loss relative to text-based memory and
can avoid repeating prefill over historical content, trading
storage and communication for computation. Multi-agent
systems also support direct cache-to-cache communication.
KVCOMM reuses KV caches over shared context across
agents [22]. RelayCaching reuses the KV cache produced
in one agent’s decode phase for the next agent’s prefill
phase [23].

(4) Multi-agent latent-variable collaboration. Agents in-
teract through latent variables, such as latent states or KV
caches, rather than text. This family covers latent think-
ing with Coconut [19], SoftCoT [20], and CODI [21]. See
Section It also covers latent message passing with La-
tentMAS [24] and Interlat, as well as vectorized interaction
patterns with Agent Primitives [26]. Knowledge distillation
can also be viewed as a form of vectorized knowledge

transfer [45]]. See Section [6.3]

Across these scenarios, vectorization replaces some re-
peated computation with communication and storage. In
the running retrieval-augmented generation example, the
planner and verifier may reuse a shared KV state, transfer
a compressed state, or exchange a task-level latent mes-
sage, depending on the required fidelity and the available
bandwidth. The resulting trade-off, rather than a universal
preference for transfer, is the common design question.

3.2 Classification Perspective and Taxonomy

Section introduces four descriptive perspectives. They
are intelligence, memory, thinking, and collaboration. These
perspectives characterize the functional role of a representa-
tion, but do not specify the requirement for transferring it.
Within any perspective, a receiver may need an exact state,
an approximate state, or only task-relevant information. We
therefore add required reconstruction fidelity as a second
classification axis, with three tiers from strict to relaxed.
These tiers are exact-state transfer, lossy compression, and
semantic collaboration.
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The two axes answer different questions. The descriptive
perspective indicates where and why a representation is
used, whereas the fidelity tier specifies how closely the
receiver must recover it. They are complementary rather
than strictly orthogonal. Hybrid systems may span multiple
perspectives, but each table entry is placed by its dominant
perspective and required fidelity.

Table 2] summarizes representative systems in this two-
dimensional space. A dash indicates that we found no
representative work under the primary scope of this survey.
The three fidelity tiers are then discussed in detail in the
following subsections.

3.3 Exact-State Transfer

Exact-state reconstruction requires the receiver to obtain a
bit-identical or near-lossless KV cache tensor, is sensitive to
packet loss and quantization noise, and applies to scenarios
in which the attention state must be reconstructed precisely.
Typical sub-scenarios include the following.

(1) KV transfer in PD disaggregation. The KV cache
produced by the prefill node must reach the decode node
before the first output token is generated [2], [3], [39], [41].
In wide-area deployments, the prefill node may sit at the
edge and the decode node in the central cloud. For a model
with sequence length L, Njayer layers, Nxv_nead key—value
heads, head dimension djc.q, and b bytes per element, the
KV volume is

Dyv = 2L]\/vlayer Nvaheaddheadbv (1)

where the factor 2 accounts for Key and Value. Under
MHA, Nkv_hcad@head equals the hidden size. GQA and
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MOQA use fewer KV heads and reduce the per-token vol-
ume. DeepSeek’s Multi-Head Latent Attention (MLA) com-
presses the Key and Value states into a lower-dimensional
latent vector, reducing the cache further [62]. DeepSeek-
V4 extends this direction with hybrid Compressed Sparse
Attention (CSA) and Heavily Compressed Attention (HCA).
At a one-million-token context, it reports 10% of the KV-
cache footprint of DeepSeek-V3.2 [63]. These designs reduce
the per-token payload but do not remove its dependence
on sequence length. Even a highly compressed cache can
therefore remain a substantial cross-domain payload for
long-context requests.

(2) KV cache sharing across agents. Multiple agents that
process overlapping context, such as retrieval-augmented
generation over shared documents or multi-turn dialogue,
can reuse each other’s KV cache. KVCOMM targets such
workloads with an online cross-context KV communication
framework that reuses overlapping caches and calibrates
cross-agent cache offsets [22]. In a five-agent setting, it
achieves a cache reuse rate above 70% and up to 7.8x
speedup. TTFT decreases from about 430 ms to about
55 ms [22].

(3) KV cache migration for cross-region load balancing.
To optimize TTFT, cross-region schedulers need to route
requests carrying warm caches to the corresponding nodes,
or migrate caches along with requests. Preble proposes
distributed prompt scheduling for long-prompt sharing,
reducing average latency by 1.5-14.5x over existing serving
systems through cross-node shared prefix caches [47].

(4) Model-split activation transfer. Model-split inference is
also exact-state communication. The receiver continues the
sender’s forward computation and therefore requires func-
tional compatibility. AI Flow, CROSS-SEC, and CE-LSLM
partition the model across cloud, edge, or terminal devices
and transfer activations between stages [35], [36], [37]. We
classify these systems as exact-state activation transfer even
when the application goal is semantic collaboration.

For PD disaggregation and KV-sharing cases, the trans-
ferred object is the Key and Value matrices. Model-split
systems instead transfer activations between partitioned
stages. Practical systems may further transfer only selected,
compressed, or reused blocks.

3.4 Lossy Compression

Lossy compression targets bandwidth-constrained scenarios
and exploits statistical redundancy in KV caches or hidden
states (low-rank structure, outlier distributions) by quan-
tizing, dropping, or decomposing at the feature level. The
receiver does not require bitwise recovery, only a represen-
tation sufficient to generate coherent text. Representative
technical routes include the following.

(1) Quantization. KV caches are quantized from BF16 to 4-
bit, 2-bit, or lower. KIVI proposes tuning-free asymmetric
2-bit quantization. It quantizes Key caches per channel
and Value caches per token, reducing peak memory while
preserving generation quality [49]. KVQuant designs low-
bit quantization schemes for outlier distributions to support
extremely long contexts [64]. ZipCache achieves mixed-
precision quantization through salient-token identification
and channel-separable quantization [65]. TurboQuant stud-



TABLE 2

Scenario matrix using the dominant descriptive perspective (columns, Section[T.1) and primary fidelity tier (rows, Section[3.2). Hybrid systems

may have secondary perspectives. A dash indicates sparse coverage under the primary scope of this survey.

Fidelity tier

Intelligence

Memory and reuse

Thinking

Collaboration

Exact-state

Lossy

Semantic

Distributed training and disaggregated
inference: DiLoCo, DiPaCo,
OpenDiLoCo, Photon,  Decoupled
DiLoCo, Agora, Al Flow, MegaScale-
Infer, AFD, DistServe, P/D-Serve, PDD,
KVDirect, FlowKV [2], [4], [5], (6], [28],
[29], [30], [31], [32], [33], [35], [38], [39],
[41]

Low-bit activation and tensor commu-
nication: tensor-parallel feature quanti-
zation [48]

Semantic communication, latent fea-
tures, and N-gram embeddings [11],
[16], 58], [59], [60]

KV-state storage and
reuse: Mooncake, Tair

KVCache, LMCache,
Preble [3], [42], [46],
[47]

KV compression: KIVI,
TurboQuant, STAR-KYV,
HybridKV,  KVServe,
SmartGen, CacheGen,
SplitZip [49], [50], [51],
[52], [53],, [54], [55], [56]

Fixed-length ~semantic
KV: CondenseFlow [61]

Token-level autoregres-
sive reasoning: text or
CoT states, used here
as an exact-state base-
line [18], [19]

Latent-space
Coconut,
CODI [19]], [20],
[21]], knowledge
distillation [45]

thinking:
SoftCoT,

Cache-to-cache:
KVCOMM,
Caching [22], [23]

Relay-

Adaptive KV compres-
sion: Q-KVComm [57]]

Latent message passing:
LatentMAS, Interlat,
Agent Primitives [24],
[25], [26], Beyond
Tokens [16]

ies online vector quantization with near-optimal distortion
and applies it to low-bit KV-cache quantization [50].

(2) Low-rank decomposition. KV caches are decomposed
into low-rank representations. STAR-KV proposes a dif-
ferentiable soft-thresholding mechanism for adaptive rank
selection at the attention-head and block levels. It combines
this mechanism with data statistics for near-lossless low-
bit quantization. The method compresses the KV cache to
25% of its original size, up to 20x when combined with
quantization. It also accelerates attention computation by
up to 6.9x [51].

(3) Selective transfer. Only the KV entries that matter for
generation quality are transferred. SmartGen partitions KV
caches into universally important, context-dependent, and
secondary categories, and transfers them via offline pre-
push, parallel pull, and idle-bandwidth paths respectively,
reducing TTFT by up to 4.3x relative to full KV transfer
while maintaining near-lossless generation quality [54].

(4) Streaming compression. Compression is applied adap-
tively during online generation and transfer. CacheGen
encodes KV caches into compact bitstreams and transmits
them with adaptive chunked streaming, achieving 3.5-4.3x
bandwidth savings while preserving near-lossless genera-
tion quality [55].

(5) Service-aware adaptation. Rather than applying a fixed
compression profile, the system selects a profile according to
current bandwidth, SLO, and quality constraints. KVServe
formulates this choice as a service-aware control problem
and adapts the compression level to changing serving con-
ditions [53].

3.5 Semantic Collaboration

High-level semantic collaboration targets multi-agent col-
laborative reasoning. The communicated content leaves the
per-token key-value level and is intended to support a task
rather than to reconstruct the sender’s internal state exactly.
We use semantic here to describe the communication objec-
tive, not to claim that a latent vector is directly interpretable

or model-agnostic. The receiver still requires a compatible
decoder, fusion rule, or alignment mechanism. Typical sub-
scenarios include the following.

(1) Latent thinking transfer. Agents reason over last-layer
hidden embeddings rather than generating text and passing
it. Interlat passes the last hidden state of the LLM directly as
a continuous representation of thought. It reports up to 24 x
inference speedup on long-context multi-agent tasks [25].
LatentMAS proposes a training-free end-to-end latent col-
laboration framework that maintains and passes internal
representations through a shared latent working memory.
It reports up to 14.6% accuracy improvement across nine
benchmarks, a 70.8%-83.7% reduction in output token us-
age, and end-to-end inference speedups of 4—4.3x [24].

(2) Semantic compression of KV caches. Lightweight
modules compress KV caches into fixed-size semantic rep-
resentations. CondenseFlow introduces a Latent Thought
Condenser that compresses KV caches into fixed-length
representations independent of context length via learnable
semantic probes. Across seven benchmarks, it reduces KV
cache memory by over 99%. It also reduces inference latency
by about 20% relative to dense transfer and outperforms
text-based methods by an average of 1.7 points [61].

(3) KV cache interaction. Agents pass reasoning context di-
rectly through KV caches. Agent Primitives abstracts multi-
agent architectures into three reusable latent computation
patterns (Review, Voting & Selection, Planning & Execu-
tion) and passes review context, option comparison, and
planning intent through KV caches, improving accuracy by
12.0-16.5 percentage points over a single-agent baseline [26].

4 SEMANTIC DENSITY, PARETO TRADE-OFFS AND
TRANSFER REQUIREMENTS

Vectorized communication seeks a Pareto balance among
task-relevant information, end-to-end latency, and redun-
dant recomputation. We define Semantic Density as the



task utility retained per transmitted byte. End-to-end la-
tency captures the service-level cost of moving and using
the representation. Redundant recomputation captures the
compute cost avoided by state transfer, reuse, or semantic
abstraction. Accordingly, the requirements in this section are
organized around four quantities. They preserve task utility
P,,, limit transferred bytes B,,, control end-to-end latency
Ly, and reduce redundant recomputation C,,. SD provides
the utility-per-byte axis, while L,, and C,, capture system
costs that SD alone does not capture. This section defines
these quantities, examines their trade-offs, and then derives
scenario-specific transfer requirements.

4.1 Semantic Density

Conventional metrics such as compression ratio, bandwidth
use, and perplexity are incomplete for cross-wide-area sce-
narios. They measure transfer volume or representation fi-
delity, but not whether communication improves the down-
stream task. Existing KV cache compression work often uses
perplexity or generation quality as a fidelity proxy [49], [51]].
Task-oriented settings such as multi-agent collaboration also
require task-level evaluation.

We formulate Semantic Density (SD) as a reporting pro-
tocol rather than a universal benchmark metric. For method
m, let P, denote downstream task utility and let B,,
denote the total application-level bytes that cross the device,
cluster, or regional boundary. The task metric underlying
P, is scenario-dependent, such as accuracy, exact match,
task success rate, reward, or a generation-quality score. Let
Pt denote the task utility of a fixed high-fidelity reference
execution under the same model, task, and input, and let
Biet denote the byte volume of the corresponding uncom-
Rressed exact-state transfer. We define P,, = P,,,/P.er and
By, = By / Bret, and report

~

m

SDy, B ()
For the uncompressed exact-state reference execution,
SDief = 1. We assume P,y > 0. If the task metric is a
reward that can be zero or negative, the evaluation should
use a positive utility transformation fixed before compar-
ing methods. Intuitively, SD measures the task-relevant
information conveyed per transmitted byte relative to this
reference. Retained task utility is the operational proxy for
this information. Here, P, is the fraction of reference task
utility retained, whereas B,, is the fraction of reference
transfer volume used. A higher SD therefore indicates that
a method retains task utility with fewer transferred bytes
relative to the fixed reference. SD can also increase through
representation enrichment. That is, if a method raises task
utility while keeping boundary bytes fixed, P,, increases
without a corresponding increase in B,,.

From an information-theoretic perspective, this protocol
reframes transfer fidelity. Classical communication theory
targets bit-level losslessness [27], with a distortion measure
independent of the downstream task. Semantic communi-
cation instead emphasizes semantic fidelity [11]. For vector-
ized transfer, quantization, compression, and selective drop-
ping should therefore be judged by whether they preserve
task-relevant semantics, not only by whether they preserve
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every bit. SD expresses this perspective by relating task
utility to communication volume and by replacing a uni-
versal information-lossless constraint with a task-dependent
semantic-fidelity requirement.

Under the SD view, the three tiers may have different
qualitative profiles. Exact-state transfer preserves the most
task utility and therefore tends to keep P, close to the
reference, but may move task-irrelevant attention details
and incur a large B,,. Moderate lossy compression can
reduce B,, while retaining task quality, whereas excessive
compression can reduce P, and cause semantic collapse.
Semantic collaboration may exchange task-level information
more directly and improve the utility-per-byte ratio, but its
P,, depends on cross-model alignment and fusion.

SD should be utilized jointly with end-to-end latency L,
and redundant recomputation cost Cy,. A higher SD does
not by itself guarantee lower latency or less recomputation.
Evaluations should therefore report SD alongside the raw
values of P,,, B,,, Ly, and C,,. SD comparisons should
use the same model, task, input distribution, communica-
tion boundary, reference configuration, utility metric, and
normalization.

Building on the SD perspective, the following two sub-
sections examine whether a high-SD representation also
yields an efficient system design. The first complements
SD with the latency and recomputation axes by comparing
transfer against local reconstruction. The second examines
how representation choices change task utility and commu-
nication volume.

4.2 Transfer versus Full-Prefill Recomputation

In a cross-wide-area deployment, a receiver can either trans-
fer an existing representation or reconstruct it locally. This
choice is not specific to KV caches. It applies to all vectorized
workloads. Let I’ denote the vectorized representation to
be transferred, such as a KV cache, hidden state, or latent
variable. Let D denote its data volume. Let Ttom, de-
note the time for the receiver to recompute this represen-
tation. Let B.g denote the effective wide-area bandwidth.
RIT denotes the network round-trip time. Finally, Tiverhcad
denotes encoding, decoding, queueing, memory-copy, and
retransmission overhead. Under a single-flow, no-overlap
approximation, the transfer time is

Dp
Begt
For full prefill recomputation, the attention component

grows quadratically with sequence length. We use the first-
order approximation

Teomp(L) =~ aL + bL?, (4)

+ RTT + Toverhead~ (3)

Ttransfer =

where the linear term captures projections and other per-
token work, and the quadratic term captures full-sequence
self-attention [66]]. The stored KV payload grows approxi-
mately linearly with L. This difference is the reason transfer
can become preferable for long contexts even after KV-cache
reduction.

When Tiranster < Tcomp, transfer is preferred under
this cost model. This comparison assumes a single request
and no overlap between communication and computation.
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Fig. 4. lllustrative transfer-versus-full-prefill-recomputation trade-off un-
der the cost model. The transfer curves follow Eq.|3| while the recompu-
tation curve follows Eq. |4} Shaded regions indicate the preferred option
for a single request without communication—computation overlap.

For concurrent streams, pipelining, or overlapped transfer
and computation, RTT may affect throughput and queueing
rather than appear as a simple additive term. Eqs. [ and [4]
are therefore first order comparisons, not general perfor-
mance models. When F'is a KV cache, Tcomp corresponds to
one full prefill recomputation. When F' is a hidden state or
latent variable, it corresponds to the inference computation
required to regenerate the representation.

In long context settings, the transfer decision remains
sensitive to communication cost even when KV cache re-
duction is applied. Latent reasoning reduces the number
of reasoning steps, but its latent vectors may still have
dimensions comparable to the model hidden size. The per
interaction payload is therefore not necessarily smaller than
a text message. The objective of compression and reuse is
not simply to minimize transferred bytes. It is to identify
Pareto efficient operating points between transfer cost and
recomputation cost under service level objectives (SLOs).

This trade-off is evident in prior work. FlexGen demon-
strates the storage, computation, and communication trade-
off by running OPT-175B on a single 16 GB GPU at about
1 token/s through tiered storage and large batch schedul-
ing [67]. InfiniGen speculatively prefetches KV data accord-
ing to attention scores during decoding, trading prefetching
for reduced memory access latency [68]. Differentiable com-
munication and latent message passing follow the same ex-
change logic. They transfer an intermediate representation
once to avoid repeated reasoning [24], [25], [69].

Figure [ visualizes this trade-off under representative
parameters. The quadratic curve represents full prefill re-
computation. The transfer curves use a 100 MB/s effective
WAN bandwidth and a 200 ms RTT.

4.3

Transfer versus recomputation is only one Pareto axis. Vec-
torized communication also changes the task-relevant infor-
mation available to downstream components. Reusing a KV
state or latent state can avoid computation and reduce C,,.
It can also preserve information that would be lost when a
state is decoded into text, thereby increasing P,,. The cost
is a larger or less compressible payload, which increases

Information Gain and Bandwidth Cost

2 Semantic collaboration ceiling
---- Exact-state

—— Lossy compression —

—— Semantic collaboration

More utility per byte
compression

lowers utility

Semantic Density (SD)
(4]

act-state reference: SD =1

Semantic collapse

Compression intensity

Fig. 5. Qualitative Semantic Density profiles of the three fidelity tiers
(Eq.[2). The uncompressed exact-state reference is normalized to SD =
1, while the other curves show illustrative trends rather than measured
values.

B, and can reduce SD. SD captures this information-per-
byte dimension, while L,, and C,, capture latency and
recomputation cost.

The scenario analysis in Section shows this dual
effect. KV reuse removes repeated prefill over shared con-
text, reducing B,, and C}, without necessarily reducing
P,,. Latent reasoning replaces textual reasoning chains with
continuous latent states and may reduce computation, but
its effect on SD depends on both the task utility retained and
the size of each latent vector. The KV volume follows Eq.
and depends on the number of KV heads, the attention ar-
chitecture, and sequence length. For latent reasoning, fewer
tokens do not guarantee fewer transferred bytes because
each latent vector may have a dimension comparable to the
model’s hidden size.

Continuous representations can carry task-relevant in-
formation that is not preserved by discrete tokens, but their
accuracy benefits depend on the task, model, latent-space
alignment, and decoder compatibility. Latent-reasoning
work (Coconut, SoftCoT, CODI) reports competitive accu-
racy with fewer reasoning steps in selected settings (see Sec-
tion[6.3). N-gram embedding provides semantic enrichment
by augmenting each token position with a local-context
vector [58]], [59], [60]. It enriches an internal representation
and can still raise task utility per communicated byte.
Figure [5 schematically summarizes the qualitative profiles
of the three fidelity tiers. The uncompressed exact-state
reference is normalized to SD = 1, while the exact-state
tier includes near-lossless methods whose SD may approach
this reference. Lossy compression can increase SD over a
moderate compression range before quality degrades, and
semantic collaboration has a higher but more variable SD
ceiling.

4.4 Exact-State Transfer Requirements

In PD-disaggregated architectures, the KV cache produced
by prefill must reach the decode node before token gener-
ation begins. In SD terms, exact-state transfer aims to keep
P, close to the high-fidelity reference and therefore may
have SD close to the reference value, but its large absolute



payload can still increase bandwidth consumption and la-
tency. The core requirements are therefore timely delivery,
low transfer volume, appropriate cache placement, and the
ability to overlap communication with serving. Timely de-
livery is reflected in TTFT, while transfer volume determines
bandwidth consumption and cache placement determines
whether the required state is available at the destination. KV
cache has therefore become an explicit workload spanning
the network and storage boundary [46], [53].

Long-context scenarios exacerbate these requirements.
Cross-data-center link bandwidth is far lower than intra-
cluster high-speed interconnects, and KV cache transfer is
constrained not only by bandwidth but also by RTT, which
together determine TTFT. As context length grows, the ab-
solute B,, and latency cost grow even when normalized SD
remains close to the reference value; the system-level benefit
of exact-state transfer therefore depends on whether reuse or
computation avoidance justifies those bytes. Because ultra-
long-context requests consume substantially more cache and
transfer resources than ordinary requests, cross-wide-area
systems should prioritize these high-cost requests when
resources are limited.

Multi-agent scenarios impose an additional requirement.
Cache reuse must remain correct when agents extend shared
context differently. Correct reuse can reduce repeated B,,
and C,, while preserving P,,, thereby increasing SD, but
cross-agent offsets can corrupt the reused state and reduce
task utility. These workloads typically involve extremely
long contexts, short outputs, and substantial overlap across
requests. KVCOMM’s evaluation shows that the KV cache
reuse rate on multi-agent workloads can exceed 70%, and
that the core difficulty is the cache offset caused by cross-
agent prefix divergence rather than transfer bandwidth it-
self [22].

The same reporting logic applies to cross-wide-area dis-
tributed training, where parameter and gradient exchanges
recur over many optimization rounds rather than a one-time
handoff. Evaluations should report communication volume
per round and over the full training run, synchronization
frequency, overlap with local computation, step time, time
to target utility, and final task utility under specified band-
width and RTT. The relevant latency is step time and time
to target utility rather than TTFT. The reference horizon
should be fixed by a target utility or a fixed compute
budget, and both P,es and Bief should be measured over
that horizon. Here, B,.t is the cumulative volume of the
reference synchronization procedure, while B,,, includes all
cross-device bytes until method m reaches the same target.
Communication-efficient local-update methods reduce B,,
by synchronizing less often, but their operating point de-
pends on convergence and final utility [28]], [34].

4.5 Lossy Compression Transfer Requirements

For lossy compression, the SD objective is to reduce B,,
while preserving enough task or generation quality to keep
P, high. A complete evaluation should report SD together
with payload bytes, task or generation quality, encoding
and decoding cost, end-to-end latency, and the network set-
ting. These dimensions expose the trade-off among payload
reduction, fidelity, overhead, and latency. Representative
methods and results are reviewed in Section [6.1]

4.6 Semantic Collaboration Transfer Requirements

Semantic collaboration has a different requirement profile
from exact-state transfer and lossy compression. Its SD
objective is to maximize task utility P, per transmitted byte
B,,, rather than to preserve the original representation bit
by bit. The transmitted representation must retain sufficient
task-relevant information for downstream use, remain com-
patible with the receiving model, and satisfy payload and
latency constraints. Evaluations should report SD together
with task utility, payload bytes, end-to-end latency, model-
alignment and compatibility conditions, and the fusion or
decoding procedure. Representative methods and results
are reviewed in Section [6.3]

4.7 Scenario Comparison

The three fidelity tiers represent different ways of navi-
gating the SD-latency-recomputation Pareto frontier. Exact-
state transfer prioritizes high P, and reconstruction fidelity,
potentially at the cost of large B,;,. Lossy compression seeks
to reduce B,,, while keeping the resulting decrease in P, ac-
ceptable. Semantic collaboration changes the communicated
object and can improve P, /B, but its utility depends
more strongly on alignment and fusion. Relaxing recon-
struction fidelity enlarges the optimization space, but can
make task-level behavior less predictable. This distinction is
reflected in the scenario matrix in Table 2

5 TECHNICAL CHALLENGES

This section identifies four technical challenges that limit
progress along the SD-latency-recomputation Pareto fron-
tier. Table[8|maps each challenge to its primary system layer.

5.1 Wide-Area Network Bottlenecks

Wide-area network conditions constrain vectorized commu-
nication through limited bandwidth, non-negligible RTT,
and concurrent traffic. These constraints appear in three
forms.

First, WAN capacity can fall far short of communication
demand. NVLink provides several hundred Gbps, whereas
regular cloud-server links typically provide single-digit
Gbps [55]. Cross-cluster links can remain below 100 Gbps
and remote KV-pool throughput below 10 Gbps, while one
32K-token Qwen3-235B configuration requires 2.1 Tbps of
KV egress bandwidth [53]. KV communication can conse-
quently account for 16%-60% of job completion time at 10—
50 Gbps [53]. Second, RTT reduces effective throughput.
RTTs increase from about 200 pus within a data center to
about 10 ms between data centers and potentially hun-
dreds of milliseconds across regions [76]. Geo-distributed
KV movement can therefore remain RTT-bound even with
abundant bandwidth [77]. Third, concurrent traffic makes
the available rate variable. With up to 10 concurrent re-
quests, a 1 GB KV stream can increase from 4 s at 2 Gbps
to about 7 s when throughput falls to 0.2 Gbps [55]. These
effects require adaptation to both network conditions and
request concurrency.
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TABLE 3
Mapping the four technical challenges to their primary system layers.

Challenge Primary layer

Manifestation

Representative evidence

Wide-area network bot-
tlenecks

Transport
tention

KV reuse limitations Memory and reuse

Latent communication
constraints

Representation and se-
mantics

Cross-layer transfer in-
terference

Cross-layer

Capacity gap, RTT sensitivity, shared-link con-

Prefix matching, cross-agent offsets, non-
prefix distortion, attention-pattern depen-
dence, memory drift

Cross-model misalignment, limited auditabil-
ity, no unified distortion measure

Memory fragmentation, DMA inefficiency,
head-of-line blocking

CacheGen [55], KVServe [53]

KVCOMM [22], SGLang [70],
SparseX [71], KVLink [72],
CacheBlend [73], RedKnot [74],
AgentKVShift [75]

Beyond Tokens [16]], STAR-
KV [51], CacheGen [55], Con-
denseFlow [61]

PagedAttention [9l,
CacheGen [55], CacheBlend [73]

5.2 KV Reuse Limitations

KV reuse reduces repeated transfer, but its effectiveness de-
pends on structural compatibility between the reused con-
text and the receiving computation. Existing mechanisms
face six related limitations. First, prefix-based matching
covers only exact prompt prefixes, leaving repeated content
in multi-turn dialogue, retrieval-augmented generation, and
multi-agent interaction outside the reuse scope [70]]. Second,
independently extended contexts create cross-agent posi-
tional offsets. Overlapping content may therefore refer to
different positions, making direct reuse unsafe [22]. Third,
non-prefix reuse must preserve both positional information
and cross-segment attention. A duplicated segment may not
retain the same attention behavior after relocation, so reuse
can require selective corrective recomputation rather than
simple cache concatenation [71], [72], [73].

Reuse is also sensitive to the underlying attention pat-
tern. Different mechanisms impose different constraints on
cache layout, valid reuse regions, and correction cost [74].
Agent memory changes across dialogue turns, which can
make static cache mappings stale and require continual
validation or refresh [75]]. Finally, cross-model reuse faces
dimension and representation incompatibility. States pro-
duced by different architectures generally cannot be con-
sumed directly without an alignment mechanism, although
recent work explores linear mappings for compatible model
families [16]], [78]. Together, these limitations show that
reuse granularity, positional consistency, attention-pattern
compatibility, temporal freshness, and model compatibility
must be handled jointly.

5.3 Latent Communication Constraints

As an emerging paradigm, latent communication faces sev-
eral technical gaps. First, different model architectures may
use different numbers of layers, hidden dimensions, and
attention mechanisms. Their latent spaces therefore lack a
natural alignment, and representations transferred between
models cannot be directly interpreted [16]. Second, latent
communication raises security concerns. Unlike natural-
language messages, continuous representations are diffi-
cult to audit or interpret, and conventional content-safety
filters cannot operate on them directly (see Section [7.2).
Third, latent compression must balance information fidelity
and transfer efficiency. Existing work often evaluates this

balance indirectly through task performance and lacks a
unified distortion measure [51], [55], [61].

5.4 Cross-Layer Transfer Interference

Existing compression and transfer algorithms generally as-
sume that KV caches are physically contiguous in memory,
an assumption that rarely holds in production systems. In-
ference engines such as Paged Attention manage KV caches
in fixed token blocks (16 tokens per block by default in
vLLM), and physical blocks are non-contiguous in mem-
ory [9]. When transferring across wide-area networks, this
fragmentation causes two forms of system-level coupling
interference.

The first is PCle/DMA efficiency collapse. If non-
contiguous pages are transferred directly via RDMA or
sockets without memory compaction, the NIC must perform
many gather-scatter DMA operations, reducing effective
PCle bandwidth. If memory is compacted first, the extra
GPU/CPU copies compete for the memory bandwidth of
the decode phase and may reduce throughput instead of
improving it. The second is link head-of-line blocking. On
a shared wide-area line, a very large KV cache request
can occupy the link for a long time and block subsequent
small requests. This is both a bandwidth contention prob-
lem and a tail-latency problem caused by the absence of
transfer scheduling. Together, these effects show that cross-
wide-area transfer optimization must be co-designed with
inference-engine memory management and NIC transfer
semantics [9], [55], [73].

6 OPTIMIZATION ROUTES FOR VECTORIZED COM-
MUNICATION

The optimization routes in this section seek better points on
the SD-latency-recomputation Pareto frontier by reducing
transmitted bytes, increasing task utility per byte, lowering
end-to-end latency, or avoiding redundant recomputation.
Table [] summarizes the four routes along their objec-
tives, mechanisms, representative methods, and evidence
scope. The routes can be combined into hybrid policies
under service-level objectives. Across the route sections,
we record the communication object, fidelity tier, system
boundary, workload, baseline, and primary metric when-
ever the source reports them. Table [5 gives a compact
comparison of representative systems.



TABLE 4
Overview of the four optimization routes in Section|[g]
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Route Objective Mechanism Object Representative systems Evidence scope
Bandwidth Transfer Quantization, Compressed KIVI, KVQuant, ZipCache, TurboQuant, Mostly mem-
compression less low-rank, KV STAR-KV, SmartGen, CacheGen, ory/transfer
(Sec. selective, lossless KVServe, SplitZip [49], [50], [51], [53, prototypes, WAN

1541, [551, [56], [64], [65] evidence varies
Reuse &  Transfer Prefix/segment Reused KV SGLang, Preble, SparseX, KVLink, Serving systems,
caching nothing reuse, relay, cache CacheBlend, HYPIC, LinearKV, Red- gains depend on
(Sec. layers Knot, AgentKVShift, PDD, LMCache, reuse patterns

KVCOMM [4], [22], [46], [47], [70], [71],

[72], 73], [74], 75, [79], [80]
Latent &  Transfer Latent reasoning, Latent Coconut, SoftCoT, CODI, LatentMAS, Task- and model-
semantic semantics message passing, states /  Interlat, Agent Primitives, Condense- specific research
communica- semantic representa-  Flow [19]], [20], [21]], [24], [25], [26], [61]
tion (Sec. compression tions
Storage &  Transfer Tiering plus on- Staged KV  FlexGen, InfiniGen, Mooncake, LM-  Storage/serving pro-
prefetch later demand prefetch Cache [3], [46], [67], [68] totypes, WAN evi-
(Sec. dence limited

TABLE 5
Compact comparison of representative systems.
Route / work Object Scenario Primary met- Reported result Evidence scope
ric
Compression: KV bitstream Online KV trans- Bandwidth 3.5-4.3x bandwidth saving Near-lossless transfer
CacheGen [55] fer prototype
Reuse: KV cache Cross-agent Reuse /  Cache reuse > 70%, speedup up  Five-agent workload
KVCOMM [22] reuse speedup to 7.8x
Relay: PDD [4] KV plus token  Cross-data-center P90 TTFT / P90TTFT 18.3s — 9.8, payload 64K context, 90% pre-
IDs PD payload 4,649 KB — 1.5 KB fix hit
Latent: Last-layer em-  Latent multi-  Accuracy /  Accuracy improvement up to Nine  benchmarks,
LatentMAS [24]  beddings agent tokens 14.6%, output-token reduction  task-specific
70.8-83.7%
Semantic Fixed-length Semantic Memory /la- KV-memory reduction > 99%, Seven benchmarks,
compression: semantic KV compression tency / score  latency reduction about 20%, model/task specific
Condense- score gain 1.7 points
Flow [61]
Storage: Tiered Storage offload Throughput OPT-175B on a 16 GB GPU at Single-GPU system
FlexGen [67] model /KV about 1 token/s prototype
storage

6.1 Bandwidth Compression

Bandwidth compression reduces transfer time directly by
lowering the number of bits per unit of information and is
currently the most widely studied route. It can be divided
into five families. These are quantization, low-rank de-
composition, service-aware adaptive compression, selective
transfer, and lossless compression.

From the SD perspective, this route reduces B,, and
can increase SD when task utility P, is preserved. Stronger
compression may reduce P, or add encoding overhead, so
its operating point depends on fidelity and latency require-
ments.

Quantization compresses BF16 KV caches to lower bit
widths. KIVI proposes tuning-free asymmetric 2-bit quanti-
zation and is a representative baseline for later quantization
work [49]. KVQuant designs per-channel and per-token
low-bit schemes for outlier distributions [64]. ZipCache
combines salient-token identification with mixed-precision
quantization [65]. PolarQuant applies random precondition-

ing and polar transformation to reduce normalization over-
head in low-bit KV quantization [81]. TurboQuant provides
online vector quantization with near-optimal distortion and
reports quality-neutral KV-cache quantization at 3.5 bits per
channel [50]. Since KV compression reduces the bytes that a
link must carry for the same context, it reduces bandwidth
demand and transfer time in addition to GPU memory use.
In the SD formulation, this lowers B,, and raises SD when
P, is preserved, provided that encoding and decoding
overhead remain limited.

Low-rank decomposition exploits redundancy along the
hidden dimension. STAR-KV wuses a differentiable soft
threshold for adaptive rank selection, applies different de-
composition sensitivity strategies to Keys and Values, and
combines mixed-precision quantization to achieve up to
20x compression and a 3.1x end-to-end throughput im-
provement [51].

Service-aware adaptive compression links compression
policy with service-level objectives. KVServe unifies KV



compression into a modular policy space, searches for con-
figurations offline with a Bayesian analysis engine, and dy-
namically selects compression levels online with a controller
that combines an analytical latency model and a lightweight
bandit algorithm. Compression is tightened when band-
width is scarce, and light compression or no compression
is chosen when bandwidth is ample to avoid overhead [53].
The cited work illustrates joint compression-transfer opti-
mization.

Selective transfer breaks the implicit assumption that
all KV entries are equally important. SmartGen pre-pushes
the KV of universally important tokens based on offline
profiling, pulls context-dependent tokens in parallel during
decode, and transfers secondary tokens on idle bandwidth.
This minimizes the amount transferred on the critical path.
TTST is reduced by up to 4.3x relative to full KV transfer
while generation quality stays near-lossless [54].

Head-aware compression further adapts the transfer
budget to heterogeneous attention behavior. HybridKV clas-
sifies attention heads as static or dynamic and applies text-
prior pruning or chunk-wise retrieval accordingly, illustrat-
ing how head-level structure can reduce KV volume for
multimodal LLM serving [52].

Lossless compression targets scenarios that must recover
bits exactly. SplitZip exploits frequency redundancy in BF16
floating-point exponent values with fixed-length encoding
of high-frequency exponents, achieving GPU-friendly on-
line lossless compression with 613.3 GB/s compression
and 2181.8 GB/s decompression throughput, substantially
better than prior lossless compressors for latency-critical
paths [56]. CacheGen’s streaming arithmetic coding pro-
vides 3.5-4.3 x bandwidth savings under near-lossless con-
straints [55].

Quantization and low-rank methods can achieve high
compression ratios but require model- and task-specific
fidelity evaluation. Service-aware methods target system-
level gains. Selective transfer and lossless compression ad-
dress narrower operating conditions.

6.2 Reuse and Caching

KV reuse reduces transfer volume by transmitting less data
or avoiding transfer altogether. Its evolution has progressed
from prefix reuse to arbitrary-segment reuse, relay transfer,
and system-level cache layers, steadily expanding the opti-
mization space for cross-wide-area transfer.

Exact reuse can reduce both B,,, and C,,, without lower-
ing P,,, whereas non-exact reuse may trade recomputation
against task utility.

Prefix reuse is the earliest and most established form.
Requests sharing the same prompt prefix reuse cached
KV, avoiding repeated prefill computation and transfer.
Typical implementations include vLLM’s automatic prefix
caching [9] and SGLang’s RadixAttention [70]. PDD further
proposes Decode-side radix caching (DRC) that caches his-
torical KV at decode instances, reducing cross-data-center
bandwidth demand by up to 10x at a 90% average prefix
hit rate [4].

Non-prefix reuse extends the reuse unit from prefixes
to arbitrary continuous segments. SparseX uses token seg-
ments as the reuse unit, a Sparse-Q index to identify key
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tokens that need corrective recomputation, and layer-wise
mixed attention. It uses full computation in early layers
and sparse recomputation in later layers to recover cross-
segment interactions [71]. KVLink addresses the attention
distortion of non-prefix concatenation through positional re-
encoding and inter-document link tokens [72]. CacheBlend
selectively recomputes key tokens at concatenation points to
recover cross-segment attention at low cost [73].

Hybrid-attention models add another reuse constraint
because different layers follow different state-transition
rules. HYPIC extends position-independent caching to
hybrid-attention models by composing cached transition
operators for linear-attention layers and applying local
recomputation around concatenation boundaries for full-
attention layers [79]]. LinearKV instead uses a single cached
state to initialize linear-attention layers and retains token-
level reuse for full-attention layers, giving a contrasting de-
sign for hybrid-attention position-independent caching [80].

Dedicated designs have also emerged for attention-head
heterogeneity and agent memory. RedKnot proposes a head-
aware KV cache management system with head-level pag-
ing and selective recomputation. It reduces TTFT by up to
12x in long-context serving [74]. AgentKVShift addresses
dynamic shifts in agent memory through probe-guided KV
residual correction. It reaches near-full-recompute perfor-
mance while refreshing only 10%-30% of the cache and
speeds up prefill by 2-3.5x [75].

Relay transfer masks wide-area latency with a relay +
recompute hybrid strategy. PDD inserts a RelayDecode (RLD)
instance between prefill and decode. RLD is co-located
with prefill in the same domain. It receives the KV within
milliseconds after prefill completes and starts decoding the
first token. This masks the cross-data-center KV transfer
latency. Once the main decode (MD) instance is ready, RLD
sends only lightweight token IDs. MD then recomputes the
incremental KV locally and takes over. On an agent work-
load with 64K average context and a 90% prefix hit rate,
PDD reduces P90 TTFT from 18.3 s t0 9.8 s, a 46% reduction.
RLD generates only 6.2% of the total output tokens. The
handover payload per 100 tokens decreases from 4,649 KB
to 1.5 KB. The benefit-cost ratio improves by up to 37.5%
over a homogeneous same-domain PD baseline [4].

At the infrastructure layer, system-level cache sharing
extends KV reuse beyond individual requests and engines.
LMCache decouples the KV cache from GPU memory and
provides cross-engine, cross-query cache offloading and
sharing. It improves throughput by up to 15x when com-
bined with vLLM [46]. KVCOMM achieves over 70% cross-
agent cache reuse with up to 7.8x speedup in multi-agent
scenarios [22].

The overall trend is that reuse granularity moves from
prefixes to segments, applicable scenarios move from single-
node to multi-agent and cross-cluster settings, and reuse
gains are closely related to workload repetition.

6.3 Latent-Space Reasoning and Vectorized Interac-
tion

Latent-space communication shifts multi-agent collabora-
tion from transferring data to transferring semantics. Its ori-
gin can be traced to differentiable communication in multi-
agent reinforcement learning. Foerster et al. [|69] proposed



an end-to-end differentiable framework in which communi-
cation protocols are learned through gradient training. With
LLMs serving as general reasoning engines, communication
content has expanded from control signals to knowledge
representations. Semantic communication provides a useful
reference for quantifying this shift [11].

From the SD perspective, this route directly targets the
ratio P,/ B, but its achievable point depends on represen-
tation alignment, fusion, and task utility.

The shift from text-based to vectorized interaction is key
to this route. Text-based multi-agent frameworks such as
ReAct [8] and AutoGen [7] pass reasoning traces through
natural language, which is interpretable and auditable but
incurs three structural costs. These costs include the extra
reasoning cost of text generation and parsing, irreversible
information loss from discretization, and error accumula-
tion and information decay across long interaction rounds.
Vectorized interaction passes information through internal
model representations and avoids these problems [16].

At the design-pattern level, Agent Primitives borrows
the idea of reusable neural-network components. It decom-
poses multi-agent architectures into three high-frequency
patterns. These are Review, Voting & Selection, and Plan-
ning & Execution. It passes review context, option compar-
ison, and planning intent through KV caches. The method
improves accuracy by 12.0-16.5 percentage points over a
single-agent baseline while reducing token usage and infer-
ence latency [26].

At the pure latent collaboration level, LatentMAS pro-
poses a training-free framework in which agents reason
autoregressively over last-layer hidden embeddings and
maintain cross-agent internal state through a shared la-
tent working memory, achieving up to 14.6% accuracy im-
provement and 70.8%-83.7% output token reduction across
nine benchmarks [24]. Interlat communicates through the
last hidden state directly as a continuous representation of
thought, is simple and training-free, and achieves up to 24 x
inference speedup on long-context tasks [25].

Latent reasoning provides a complementary route for
vectorized interaction. Rather than relying on inter-agent
message passing, the model completes part of its reasoning
in continuous latent space. Coconut replaces textual reason-
ing steps with continuous latent states and reports gains
on logic tasks requiring backtracking, with fewer thinking
tokens [[19]. SoftCoT uses a small model to generate contin-
uous soft thinking tokens that guide the main model [20].
CODI distills explicit chain-of-thought into latent space and
reports a 3.1x compression ratio at GPT-2 scale [21]. These
results suggest that latent communication can improve the
accuracy-efficiency trade-off in selected settings, but the re-
sults remain model- and task-dependent. Knowledge distil-
lation provides a related channel for vectorized knowledge
transfer. Hinton et al. [45] compress teacher knowledge into
a student model, suggesting one possible mechanism for
future cross-model collaboration.

At the semantic compression level, CondenseFlow com-
presses KV caches into fixed-length representations via
learnable semantic probes. This decouples communication
complexity from context length. Across seven benchmarks,
it reduces KV memory usage by over 99% and outperforms
text-based methods by an average of 1.7 points [61].
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At the unified-framework level, Beyond Tokens classi-
fies 18 representative works along three axes (communica-
tion content, alignment, and fusion), identifies five design
patterns, and reports latency reductions of 2-24x relative
to natural-language communication. It also identifies two
recurring gaps. These are cross-architecture alignment and
the lack of standardized evaluation [16].

Overall, this route is still in its early stage. Most meth-
ods target specific tasks and models, and training require-
ments, communication media, and evaluation protocols
differ. Cross-method comparison therefore lacks a unified
benchmark.

6.4 Hierarchical Storage and Remote Prefetching

Beyond compression and semantic abstraction, deployed
systems also treat KV caches as hot/cold pages, placing
them in DRAM, NVMe SSD, or remote object storage and
prefetching them during decode. The key indicator for this
route is cache hit rate rather than compression ratio.

Unlike compression and reuse, storage and prefetch pri-
marily shift when and where transfer occurs. Their main
effect is on critical-path L,,, and redundant C,,, while their
SD impact is indirect through cache hits and transfer avoid-
ance.

FlexGen examined the storage-compute trade-off by run-
ning large models on a single GPU through tiered storage
and large-batch scheduling [67]. InfiniGen speculatively
prefetches KV data according to attention scores during
decode, overlapping memory access with computation, and
reports up to about 3x speedup [68]. Mooncake makes the
hierarchical KV pool part of its disaggregated architecture,
using CPU, DRAM, and SSD resources to host KV caches
so that prefill and decode clusters share a cache view [3].
LMCache abstracts the cache layer as cross-engine, cross-
query infrastructure for cache offloading and cross-GPU
transfer [46].

In cross-wide-area scenarios, when multiple requests
share a long system prompt, remote storage can keep one
base KV copy and allow later requests to reuse it. Storage
I/0 may be faster than a wide-area round trip, but storage
bandwidth is also limited and cache misses are costly. A
practical system therefore needs to balance recomputation,
compression, and caching according to network load, GPU
utilization, and storage IOPS [3], [46], [67], [68].

7 OPEN PROBLEMS AND FUTURE DIRECTIONS

This section discusses seven open problems in cross-wide-
area vectorized transfer. They span representation align-
ment, system support, evaluation, economics, and com-
munication beyond current Transformer architectures. To-
gether, they determine how effectively future systems can
navigate the SD-latency-recomputation trade-off.

7.1 Cross-Architecture Alignment

Latent spaces from different LLM architectures lack a shared
coordinate system, limiting cross-model communication.
Differences in layer structure, hidden dimensions, and at-
tention mechanisms make direct exchange unreliable and
can reduce task utility P,,. This uncertainty also makes



the semantic density of a transferred representation difficult
to predict across models. Future work needs architecture-
agnostic aligners, compatibility protocols, and measurable
alignment criteria, while recent linear-mapping methods
provide an initial path for compatible model families [16],
[78].

7.2 Latent-Channel Security and Auditability

Continuous latent representations are difficult to interpret,
filter, and audit. This limits the ability to inspect trans-
mitted content, detect unsafe information, and identify the
source of harmful behavior in multi-agent workflows. Secu-
rity mechanisms must therefore operate on latent channels
without eliminating their efficiency and task-utility bene-
fits. Future work should develop latent-channel protection,
provenance tracking, and reversible auditing methods that
preserve communication efficiency.

7.3 Compression-Fidelity Trade-off

Compression must balance information fidelity, transfer ef-
ficiency, and encoding overhead. The useful operating point
depends on task utility P,,, payload size B,,, encoding and
decoding cost, and end-to-end latency. Excessive compres-
sion can reduce P, and semantic density, while insufficient
compression wastes bandwidth and may increase transfer
latency. Existing work lacks a unified distortion measure
and a transferable model of the compression-task utility
relationship [51]], [53], [55].

7.4 Standardization and Evaluation

KV caches and latent representations lack common formats
and evaluation protocols. Different layouts, paging granu-
larities, tensor precisions, and alignment assumptions make
cross-system reuse and transfer costly [9], [70]. Evaluation
is also fragmented across models, tasks, fidelity levels, and
network conditions, which obscures the relationship be-
tween SD, latency, and recomputation. Future work should
standardize cache and representation interfaces and estab-
lish testbeds spanning models, tasks, workloads, and net-
work conditions [16], [82].

7.5 Economics of Wide-Area Transfer

Cross-region traffic can make transfer more expensive than
recomputation. The decision depends on traffic pricing,
GPU utilization, cache reuse, and the latency benefit of mov-
ing a representation instead of regenerating it. These factors
determine whether a transfer policy improves the system-
level Pareto point even when it reduces computation. Future
systems should jointly optimize compute, bandwidth, cache
sharing, and service-level objectives under explicit traffic
costs [10], [82].

7.6 End-to-End Transferability

Model architecture and communication are still optimized
largely independently. As a result, internal states may be
expensive to serialize, difficult to reuse, or poorly suited to
cross-device transfer. Future models should expose repre-
sentations that are easier to compress, reuse, and transfer
through low-rank, sparse, or separable attention structures.
This direction requires co-design between model architec-
ture, inference engines, and network interfaces.
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7.7 Beyond Transformers

State-space, non-autoregressive, and diffusion models
change the communicated object beyond the KV cache [83],
[84], [85], [86]. Their state streams, intermediate repre-
sentations, or noise variables may have different reuse,
compression, and alignment properties. Future taxonomies
and protocols should therefore cover these objects while
retaining the trade-off between data movement, latency, and
recomputation. This broader view will determine whether
vectorized communication remains centered on KV transfer
or evolves toward more general task-state exchange.

8 CONCLUSION

By treating parameters, activations, KV caches, hidden
states, and latent messages as vectorized communication
objects, this survey has brought distributed training, dis-
aggregated inference, KV pooling, and multi-agent inter-
action into a common framework. The framework relates
representation fidelity to task utility, transferred bytes, end-
to-end latency, and redundant recomputation. Its central
analytical tool, Semantic Density, reports task utility per nor-
malized byte relative to an uncompressed exact-state refer-
ence, while retaining latency and recomputation as separate
system costs. This perspective has mapped the design space
across usage, fidelity, and optimization route. It has also
exposed the recurring systems issues that limit cross-wide-
area deployment. The choice among transfer, compression,
reuse, storage, and recomputation depends on the utility
preserved and the resulting network and computation costs.
Future work should connect model architecture, commu-
nication protocols, storage systems, and evaluation stan-
dards, with particular attention to cross-model alignment,
auditable latent channels, training-aware communication
metrics, and state streams beyond KV caches. Vectorized
communication is therefore best viewed as a controllable
way to exchange task-relevant state across distributed LLM
systems rather than as a universal replacement for text or
computation.
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