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Abstract

Multi-agent LLM systems routinely generate
multiple candidate responses that are aggre-
gated by an LLM judge. To reduce the dom-
inant prefill cost in such pipelines, recent
work advocates KV cache reuse across par-
tially shared contexts and reports substantial
speedups for generation agents. In this work,
we show that these efficiency gains do not
transfer uniformly to judge-centric inference.
Across GSM8K, MMLU, and HumanEval, we
find that reuse strategies that are effective for
execution agents can severely perturb judge
behavior: end-task accuracy may appear sta-
ble, yet the judge’s selection becomes highly
inconsistent with dense prefill. We quantify
this risk using Judge Consistency Rate (JCR)
and provide diagnostics showing that reuse sys-
tematically weakens cross-candidate attention,
especially for later candidate blocks. Our ab-
lation further demonstrates that explicit cross-
candidate interaction is crucial for preserving
dense-prefill decisions. Overall, our results
identify a previously overlooked failure mode
of KV cache reuse and highlight judge-centric
inference as a distinct regime that demands ded-
icated, risk-aware system design. !

1 Introduction

Modern intelligent systems often reason by con-
sidering multiple alternatives rather than commit-
ting to a single trajectory—a pattern observed in
human decision-making and in Al systems that
rely on search, sampling, and planning (Church-
land et al., 2008; Browne et al., 2012; Silver et al.,
2016). Large language models (LLMs) have be-
gun to exhibit similar behavior through techniques
such as multi-sample decoding (Leviathan et al.,
2023; Gui et al., 2024; Sun et al., 2024), self-
consistency (Wang et al., 2023; Li et al., 2025c¢),
*Equal Contribution, fCorresponding Author
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Figure 1: Illustration of decision non-invariance under
judge-side KV cache reuse. Top: dense prefill recom-
putes the judge KV cache and selects Agent 1. Bottom:
KV reuse stitches/modifies cached KV blocks, keeping
the final answer correct but changing the selected best
agent, despite identical candidate texts.

preference modeling (Rafailov et al., 2023; Ouyang
et al., 2022; Sun et al., 2025; Ye et al., 2025b),
and search-based inference (Yao et al., 2023; Besta
et al., 2024), where multiple candidate solutions
are generated and subsequently evaluated.

LLM-based multi-agent systems (MAS) (Hong
et al., 2024; Wu et al., 2024) represent a concrete
instantiation of this paradigm, where multiple ex-
ecution agents generate diverse candidate outputs
that are aggregated by a central meta-agent (Zhang
et al., 2025¢) responsible for planning, coordina-
tion or judging (Chen et al., 2024; Fourney et al.,
2024; Zhang et al., 2025b). To enable such collab-
oration, execution agents and the meta-agent must
repeatedly exchange intermediate reasoning, can-
didate outputs, and contextual information, lead-
ing to substantial overlap in their effective input
contexts (Wang et al., 2025; Zhang et al., 2025a).
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While this interaction improves robustness and rea-
soning quality, it also introduces severe computa-
tional redundancy: each agent repeatedly performs
a full prefill pass over largely overlapping context,
causing inference cost to scale rapidly with the
number of agents (Ye et al., 2025a).

A natural solution is KV cache reuse (Kwon
et al., 2023; Zheng et al., 2024b). During LLM
inference, the prefill stage encodes the entire in-
put context and constructs key—value (KV) caches
for attention, which can be reused directly when
multiple inputs share overlapping prefixes. How-
ever, in multi-agent settings, simple prefix-based
reuse is often ineffective: although agents typically
share substantial contextual overlap (e.g., task in-
structions or exchanged messages), their prompts
frequently diverge due to role specifications, inter-
mediate reasoning, or agent-specific context. Con-
sequently, KV caches across agents are similar
but not identical, preventing direct reuse (Zhao
et al., 2025; Liu et al., 2025). This has motivated
cross-prefix (approximate) reuse methods that en-
able reuse under partially shared prefixes and have
reported substantial speedups for generation agents
in multi-agent pipelines and serving systems (Yao
et al., 2025; Ye et al., 2025a; Yang et al., 2025b).

Most existing studies evaluate KV reuse pri-
marily from the perspective of execution agents,
implicitly assuming that efficiency gains transfer
uniformly across all components of a multi-agent
pipeline. Yet the impact of KV reuse on judge
agents—which must compare multiple candidates
jointly and produce a selection (Li et al., 2024a)—
remains largely unexplored.

This gap is non-trivial, as judging constitutes a
qualitatively different inference regime from gener-
ation (Li et al., 2025b). Prior work has examined
the reliability of LLM-based judges (Zheng et al.,
2024a), documenting systematic biases such as po-
sition preference (Li et al., 2024b) and sensitivity
to irrelevant contexts (Shi et al., 2023). However,
these failures are typically attributed to model lim-
itations or task-level biases, rather than to system-
level efficiency optimizations that modify the in-
ference procedure. Consequently, how KV cache
reuse alters judge behavior in multi-candidate com-
parison settings remains an open question. As
shown in Figure 1, KV reuse may keep the final an-
swer unchanged while altering which candidate the
judge selects, motivating judge-centric diagnostics
beyond accuracy.

In this paper, we revisit KV cache reuse from

a judge-centric perspective, where an LLM judge
must jointly compare multiple candidates within a
single context and output both a final answer and
the selected candidate. We show that judge-side
reuse can be decision-non-invariant: it may pre-
serve end-task accuracy while substantially chang-
ing which candidate the judge selects, especially
under order perturbations. These results high-
light judge-centric inference as a distinct regime
in which preserving cross-candidate interactions is
critical.
Our key contributions are:

* Judge-centric evaluation of KV reuse. We
provide a systematic study of KV reuse
in multi-candidate judging across tasks,
candidate-generation regimes, and candidate
orderings.

* Decision instability beyond accuracy. We
introduce Judge Consistency Rate (JCR) to
quantify decision non-invariance relative to
dense prefill, and show that Acc. and JCR can
be decoupled—accuracy may appear stable
while selection behavior becomes inconsistent
under reuse.

* Mechanistic diagnostics and implications.
Through attention analyses and controlled ab-
lations, we attribute the failure to disrupted
cross-candidate interaction; we further de-
velop PAL-KYV as a probe to rule out agent
identity as the dominant bottleneck and dis-
cuss practical directions such as interaction-
aware reuse and risk-aware gating.

2 Related Work

KV Cache Reuse. KV cache reuse is a widely
studied approach for reducing the high prefill cost
of large language model (LLM) inference. Early
systems (Kwon et al., 2023; Zheng et al., 2024b) fo-
cus on exact-prefix caching, where KV tensors are
reused only when the input context remains iden-
tical. Recent work extends KV reuse beyond ex-
act prefix matching. One line studies cross-model
cache sharing, enabling cache reuse across model
variants (Liu et al., 2026; Li et al., 2025a) or even
heterogeneous model families (Fu et al., 2026).
More closely related to our study is cross-prefix
KV reuse, which enables approximate reuse when
prompts share partial prefixes but are not identical.
Representative methods explore reuse through sim-
ple position adjustment (Lu et al., 2025), linking
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tokens (Yang et al., 2025c¢), or reuse-time repair/fu-
sion mechanisms (Yao et al., 2025; Hu et al., 2025;
Yang et al., 2025a; Cao et al., 2026), and are typi-
cally evaluated in settings where cross-segment in-
teractions are limited. KVCOMM (Ye et al., 2025a)
further brings cross-prefix reuse to multi-agent sys-
tems by using anchor examples to correct cache
deviations across agent-specific prompts.

We study KV reuse in judge-centric multi-
candidate inference and show that reuse strategies
effective for agent-side generation can be decision-
non-invariant for judges, revealing a failure mode
overlooked by prior work.

LLM-Based Multi-Agent Systems. LLM-
based multi-agent systems coordinate multiple spe-
cialized agents through structured communication
graphs (Chen et al., 2024; Zhuge et al., 2024),
where execution agents produce candidate outputs
under different roles or prompts (Wang et al., 2025;
Zhang et al., 2025a). A common pattern is a central
LLM meta-agent that aggregates and verifies multi-
ple agent responses within a single context window
to produce the final decision (Li et al., 2023; Hong
et al., 2024; Zhang et al., 2025c), making it a key
component for both quality and efficiency.

We show that KV reuse, while effective for ex-
ecution agents, is not always behavior-preserving
for judge agents, often changing which candidate
is selected relative to dense prefill.

LLM-as-a-Judge. @ LLM-based judges are in-
creasingly deployed as decision modules in high-
stakes workflows including healthcare, finance, and
legal analysis (Xie et al., 2024, 2023; Raju et al.,
2024), where selection robustness is critical. Most
existing formulations treat judging as either pair-
wise comparison or scalar scoring, where candi-
dates are evaluated independently or in pairs (Sun
et al., 2024, 2025). In contrast, many practical
applications require a judge to process multiple
candidates jointly within a single context and di-
rectly select the best output (Tran et al., 2025; Gera
et al., 2025). This setting is especially common in
multi-agent systems, where a judge must aggregate
and attribute outputs from several execution agents.

Such judges require cross-candidate compari-
son and relative reasoning, unlike standard genera-
tion (Li et al., 2025b). We study KV cache reuse
under this joint multi-candidate judging setting and
show it can change the judge’s selection relative to
dense prefill.

3 Preliminaries

We study judge-centric multi-candidate inference
with N execution agents and a central judge agent.
Given an input question x, each execution agent
A, is instantiated as a large language model with
an agent-specific prompt p; (e.g., role description
or instruction), and produces a candidate response
y;. A judge agent J with a judge-specific prompt
pg then takes all candidate responses as input and
outputs (i) a final answer g and (ii) the index of the
selected candidate i:

ie{l,...,N}.

€]
Unlike pairwise comparison or scalar scoring, the
judge must jointly reason over multiple candidates
within a single context, performing explicit cross-
candidate comparison and selection.

(y7 Z) = J(pJ7 €, yl:N)7

Candidate generation regimes. We consider
two common ways to construct multi-candidate
inputs in multi-agent pipelines.

(1) Progressive refinement. Candidates are gen-
erated sequentially, where later agents may condi-
tion on earlier candidates:

yl:Al(pla x, yl:ifl)a Z:177N (2)

(2) Parallel exploration. Candidates are gener-
ated independently without observing each other:
Judge input ordering. To disentangle content-
based judging from potential ordering effects, we
optionally randomize the presentation order of can-
didates to the judge. Let 7 be a permutation over
{1,..., N}. The judge observes candidates in the
permuted order y(1.n):

A~

(gvl) = J(pJa Zz, yﬂ'(l:N)) ) “4)

where no-shuffle uses the identity permutation
and shuffle samples 7 per example. Under shuf-
fle, the predicted index i is mapped back to the
original candidate index via 7.

4 KV Reuse for Multi-Candidate Judging

Figure 2 summarizes the judge-side cache construc-
tion strategies compared in this work. We consider
judge-centric inference where a judge processes N
candidate responses within a single context. We
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Figure 2: Judge-side KV cache construction for multi-candidate judging. Dense prefill recomputes the full judge
cache, while Naive Reuse aligns and stitches execution-side candidate KV chunks. KVCOMM retrieves anchor-
based cache offsets to correct reused chunks, and PAL-KYV pools anchors across agents for offset retrieval.

use K(+) to denote the KV cache obtained by en-
coding a token sequence, and K (s)[u] to denote the
KV entries in /C(s) corresponding to a subsequence
u C s. For each candidate response y;, the execu-
tion agent has already computed and cached its KV
entries under its execution-time context S5*°:

Ci = K(57) [yl )

We use @ to denote concatenation of KV-cache
chunks in the displayed candidate order (i.e., stitch-
ing cache segments into a single judge cache). Let
o0; be the starting token position (index) of candi-
date y; in the judge input, and let C;”°* denote the
position-aligned version of C; (e.g., via RoPE (Su
et al., 2024) re-indexing) so that it is valid start-
ing at position o; in the judge sequence. For a KV
cache reuse method m, we denote by C;, the as-
sembled KV cache segment corresponding to the
concatenation of the NV candidate responses in the
judge prompt .

Dense Prefill. Let S” = (py,z,y1,...,yn) de-
note the full judge input sequence. Dense prefill
recomputes the judge KV cache from scratch as
KC(S7). In particular, the KV chunk for candidate
y; under dense judging is

C;iense — IC(SJ) [Zh]»

(6)

which differs from the execution-time chunk C; due
to the different conditioning context.

Then the full judge cache can be written as

C((i]ense — Ciiense D Cgense DD C;i\?nse. (7
Naive Reuse (Position-Only Reuse). Naive

reuse stitches cached response chunks into the
judge context by position alignment and concate-
nation:
J
Cl’l&lVe

Cl_ml @6;02@...@

Cy™™. (8
This approach reuses execution-side KV as-is and
does not account for prefix-dependent KV devi-
ations induced by the judge-side context. This
position-only stitching strategy has been used in
prior KV reuse settings, e.g., in RAG-style cache
reuse (Lu et al., 2025) and in multi-agent interac-
tion setups that reuse cached internal states (Zou
et al., 2025).

KVCOMM (Anchor-based Offset Correction).
KVCOMM improves reuse by adding an anchor-
retrieved correction to each reused chunk (Ye et al.,
2025a). For candidate :, KVCOMM constructs
a matching view v; under the current judge-side
prefix and retrieves a correction

~

A; = RetrieveOffset(v;; AY), )
where A() is the agent-specific anchor pool used
by KVCOMM. It then corrects the aligned chunk
as B

¢/

= 7%+ A, (10)
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and assembles the judge cache by concatenation:

1D

We follow KVCOMM for anchor construction,
matching, and correction estimation, and use its
reliability criterion to fall back to dense computa-
tion when reuse is deemed unreliable.

PAL-KYV (Pooled-Anchor Lookup). PAL-KV
(Pooled-Anchor Lookup KV reuse) is a minimal
modification of KVCOMM that changes only the
retrieval scope of anchors. While KVCOMM re-
trieves ﬁi from an agent-specific pool A®) | PAL-
KYV retrieves from the union of all pools:

Cloomm = Cil ®Cl @ - @ CY,.

ﬁgal = RetrieveOffset | v;; [VJ AL) (12)
j=1
and applies
Clou = 7% + AP, (13)
The assembled judge cache is
CpJal = éVi],pal @ 5é],pa1 D 51{7,pal‘ (14)

Thus, PAL-KV modifies which correction is
selected, while keeping the reuse and correction
mechanism identical to KVCOMM.

5 Experiments

5.1 Experimental Setup

Multi-candidate generation. We use the two
candidate-generation regimes in Sec. 3, and gener-
ate N=4 candidates per example. To isolate judge-
side effects, we disable execution-side reuse and
fix the candidate set: for each example we generate
the candidates once with dense prefill and reuse the
identical candidate texts for all judge-side meth-
ods. We evaluate both no-shuffle and shuffle
candidate orders to quantify ordering effects on
judge-side reuse.

Models and implementation. Our primary ex-
periments use Llama-3.2-3B-Instruct (Meta,
2024) for both execution agents and the judge,
while ablations consider models from the Llama-
3.1/3.2 (Grattafiori et al.,, 2024) and Qwen-
2.5 (Yang et al., 2024) families across a range
of sizes (3B-72B). To induce candidate diversity
while keeping the judge deterministic, execution
agents use temperature 0.2 and the judge uses tem-
perature 0. For KVCOMM and PAL-KYV, we use
an anchor pool of size \A(i)] = 5 per agent.

Hardware and precision. Our main experiments
are run on 2 NVIDIA RTX 4090 GPUs (24GB
each). For the larger-scale model extension, we use
8 Ascend 910B NPUs with 64GB memory per card.
For both execution agents and the judge, the max-
imum generation length is set to 512 tokens. All
models are run in bfloat16 for numerical stability.

5.2 Benchmarks

We evaluate judge-centric KV reuse on three
representative benchmarks spanning reasoning,
programming, and knowledge-intensive domains:
GSMBSK. A grade-school math reasoning bench-
mark (Cobbe et al., 2021); HumanEval. A code
generation benchmark consisting of programming
tasks with unit tests (Chen, 2021). MMLU. A
multi-domain knowledge benchmark covering di-
verse subjects (Hendrycks et al., 2021).

5.3 Evaluation Metrics

Task Acc. The primary metric for the judge’s
final answer: exact-match accuracy for GSMSK
and MMLU, and Pass@1 for HumanEval (also
denoted as Acc. in tables).

Judge Consistency Rate (JCR). The percentage
of examples for which KV reuse and dense-prefill
judging select the same candidate under the same
candidate set and presentation order. JCR measures
whether reuse preserves the dense-prefill judge’s se-
lection behavior, rather than merely the correctness
of the final answer. For shuffle, we use identi-
cal permutations for both runs and map predicted
indices back to the original candidate IDs.

Reuse Rate (Reuse). The fraction of candidate
blocks (y1.n) assembled via reuse versus dense
recomputation. It excludes the shared judge prefix
and output tokens. We disable execution-side reuse
to ensure an identical candidate set across methods.

6 Results and Analysis
6.1 Main Results

Overview: judge decisions are not invariant
under KV reuse. Table 1 reports task accuracy
(Acc.), Judge Consistency Rate (JCR), and the
judge-side candidate Reuse Rate (Reuse) across
all benchmarks. A central observation is that
KYV reuse can substantially change which can-
didate the judge selects, even when end-task ac-
curacy remains comparable. This decision non-
invariance appears consistently under both multi-
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Table 1: Judge-side KV cache reuse results on three benchmarks under different settings. Bold denotes the best
Acc., and the JCR column additionally reports the performance drop under shuffle relative to no-shuffle.

Settings Shuffle Method | MMLU GSMBK HumanEval
‘ Acc. JCR Reuse Acc. JCR Reuse Acc. JCR Reuse
Dense Prefill | 45.09 100.00 00.00 71.34 100.00 00.00 33.54 100.00 00.00
No Naive Reuse | 49.02 31.37 100.00 11.83 50.87 100.00 4596  64.60 100.00
KVCOMM | 3922  66.67 3255 64.14 8791 2993 51.55 57.14 48.32
Progressive PAL-KV 4248 6928 3255 6459 89.23 2093 49.69 66.46 48.32
Refinement Dense Prefill | 44.44  100.00¢0000) 00.00 70.51 100.00:0000) 00.00 31.68 100.00:0000)  00.00
Yes Naive Reuse | 39.86 27.45.0592 100.00 1698 19.88w3099 100.00 49.06 23.60c4100  100.00
KVCOMM | 39.87 39.8726s0 3229 63.84 51750610 31.86 49.69 21.74(3540 44.84
PAL-KV 47.06 3137cw9n 3229 6253 5127mes  31.86  49.07 24220404  44.84
Dense Prefill | 49.02  100.00 00.00 67.32 100.00 00.00 28.57 100.00 00.00
No Naive Reuse | 61.44  26.14 100.00 2034 23.93 100.00 4099  39.75 100.00
KVCOMM | 47.06 58.16 4484 3963 59.19 63.12 31.68 61.49 66.96
Parallel PAL-KV 4510 6275 4484  41.17 59.55 63.12 3230 64.60 66.96
Exploration Dense Prefill | 51.63  100.00:0000  00.00  70.28 100.00c0000  00.00  25.63  100.000000)  00.00
Yes Naive Reuse | 36.60  24.18¢19  100.00 19.86  24.92:009)  100.00 5031  27.95ci1s0  100.00
KVCOMM | 43.14 464101175  44.84 3889 34432470 6321 3727 3292557  66.96
PAL-KV 4314 457501700 44.84 3995 353222 6321 36.02  36.652795  66.96

agent candidate-generation regimes (Progressive
Refinement and Parallel Exploration), sug-
gesting that the phenomenon is not tied to a partic-
ular collaboration pattern. Overall, these results
expose a failure mode that would be missed if
one monitors task metrics alone: KV reuse may
preserve outcomes while silently perturbing the
judge’s underlying selection behavior.

Accuracy can mask instability: reuse per-
turbs selection beyond what Acc reveals. Un-
der dense prefill, changing the candidate order
(shuffle vs. no-shuffle) often affects Acc. only
moderately. In contrast, reuse-based methods fre-
quently exhibit low JCR even when Acc. remains
close to the dense-prefill baseline, indicating that
the judge’s cross-candidate comparison is highly
sensitive to judge-side reuse. This decoupling is
critical for judge-centric pipelines where down-
stream properties—such as attribution, explanation,
and auditability—depend on which candidate is
chosen, not only whether the final answer is correct.
Appendix A.2 further analyzes this phenomenon
and shows that Acc. and JCR are weakly corre-
lated.

Candidate-order perturbation (shuffle) ampli-
fies inconsistency. A striking pattern is that
shuffle sharply reduces JCR for all reuse-based
methods. This indicates that judge-side reuse is
strongly layout-dependent: the effective prefix for
each candidate block is determined by the entire
preceding candidate configuration in the judge
prompt. When the order changes, reuse approxima-

Table 2: Effect of masking cross-candidate attention
under dense prefill.

Settings Shuffle Acc. (%) JCR (%)
Original Masked Original Masked
Progressive  No 45.09 43.79 100.00 28.76
Refinement  Yes 44.44 45.10 100.00 32.03
Parallel No 49.02 48.37 100.00 2222
Exploration Yes 51.63 47.71 100.00 31.37

tions become much less reliable, leading to large
drops in JCR even when Acc. changes little.

PAL-KYV as a probe: agent identity is not the
dominant bottleneck. We use PAL-KV as a con-
trolled variant to test whether judge inconsistency
is mainly caused by agent-specific offset distri-
butions assumed by KVCOMM. By pooling an-
chors across agents, PAL-KV relaxes the agent-
identity constraint in offset retrieval. Empirically,
pooled retrieval yields small but consistent gains
in the fixed-layout setting (no-shuffle), suggest-
ing that some offset patterns transfer across agents
when the presentation structure is stable. How-
ever, under shuffle, PAL-KV does not mitigate
the large JCR drop and behaves similarly to K'V-
COMM; other probes show the same limitation
(Appendix A.4). Together, these results suggest
that the dominant driver of judge-centric fail-
ures is the changing cross-candidate context/lay-
out, rather than agent identity per se. In the
next subsection, we provide direct evidence that
preserving cross-candidate interaction is crucial
for maintaining dense-prefill judge decisions.
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Figure 3: Relative attention mass over regions (prefix
and candidate slots) under different KV reuse methods.

6.2 Why Does Judge-Centric Reuse Fail?
Interaction Diagnostics

Attention diagnostics: reuse weakens cross-
candidate attention, especially for later slots.
To understand why judge selections change un-
der reuse, we analyze attention patterns during the
judge’s first-token generation. Figure 3 shows a
consistent trend: attention over the shared prefix
and the first candidate block is relatively similar
across methods, but attention to later candidate
blocks is substantially weaker and more erratic
under reuse-based methods than under dense pre-
fill. Representative attention maps for individual
methods are provided in Appendix A.5. This is
consistent with the interpretation that reuse per-
turbs the fine-grained cross-candidate interactions
needed for joint comparison, causing the judge to
under-attend to late-arriving evidence.

Masking ablation: cross-candidate interaction
is necessary beyond judge-style formatting. A
natural alternative explanation is that reuse fails
simply because execution-side KV caches are “in-
compatible” with the judge prompt. To isolate
the role of interaction from format, we conduct
a masking ablation where candidates are placed
in the judge prompt but cross-candidate attention
is explicitly blocked (candidate ¢ cannot attend to
candidates 1:4—1). As shown in Table 2, masking
has only a limited effect on Acc but causes a dra-
matic collapse in JCR, approaching random-choice
behavior for N=4. This provides direct evidence
that judge-centric inference critically relies on
cross-candidate interaction, and that removing
such interaction—even under the same judge-style
prompt—destroys decision invariance relative to
dense prefill.

6.3 Ablation Studies and Additional Baselines

Unless otherwise specified, all ablations focus on
the shuffle regime, which is particularly challeng-
ing for judge-side reuse due to order-induced lay-
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(a) Effect of anchor pool size.

==&== Dense Prefill Naive Reuse KVCOMM PAL-KV  -+x-- Random

50.0 100.0
e

75.0

JCR (%)

50.0 1<

2 3 4 5 2 3 4 5
AgentNum AgentNum

(b) Effect of the number of candidates (agents).

Naive Reuse KVCOMM PAL-KV
== LLaMA-3.1/3.2 Series

=& Dense Prefill
= Qwen-2.5 Series

80.0 Ja— 100.0

— Z
_/ /”
60.0| 5= ="
Cf,_—e’
40.0 25.0

75.0

ACC (%)
JCR (%)

50.0

3 7/8
Model Size (B)

14 32 70/72 3 7/8 14 32 70/72
Model Size (B)

(c) Effect of model family and size.

Figure 4: Ablations under shuffle: judge-side deci-
sion non-invariance persists. Varying anchor pool size,
candidate count, or model size does not reliably restore
JCR for KV reuse methods.

out changes; we use MMLU under Progressive
Refinement with shuffled candidate order as a
representative testbed.

Anchor pool size is not the bottleneck under
shuffle. A plausible hypothesis is that poor an-
chor matches cause offset correction to fail. We
therefore increase the anchor pool size (Figure 4a);
as expected, a larger pool increases the Reuse
Rate (Appendix Table 6). Nevertheless, JCR under
shuffle stays low and changes little as the pool
grows, suggesting that the failure is not driven by
insufficient anchor coverage. Instead, when the
preceding candidate configuration changes, anchor
similarity becomes an unreliable proxy for preserv-
ing the interaction effects needed for judging.

More candidates can improve Acc but make de-
cision invariance harder. We vary the number
of candidates NV (Figure 4b). Increasing N often
improves Acc by providing stronger candidates,
but JCR decreases monotonically across reuse-
based methods. This highlights a key tension in
judge-centric systems: adding candidates improves
solution quality but expands the space of cross-
candidate interactions that reuse must preserve,
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Table 3: Additional related baselines on MMLU under
the shuffle judge setting. Despite additional local
repair mechanisms, all three baselines remain low JCR
across both candidate-generation regimes.

Settings Method Acc. (%) JCR (%)
Dense Prefill 44.44 100.00
Progressive EPIC 51.63 28.10
Refinement CacheClip 48.37 32.68
SamKV 45.75 30.06
Dense Prefill 51.63 100.00
Parallel EPIC 49.02 33.33
Exploration CacheClip 47.71 34.21
SamKV 50.98 28.76

making invariant selection increasingly fragile.

Scaling model size improves Acc but does not re-
liably restore JCR. We evaluate different model
families and sizes (Figure 4c). While larger models
tend to improve Acc, JCR does not show a cor-
responding improvement and remains unstable
under reuse. This indicates that judge inconsistency
is not merely a capacity issue; rather, it reflects sen-
sitivity to interaction patterns that current reuse
schemes fail to preserve.

Additional related baselines also fail to restore
judge-side invariance. We further adapt three
representative KV cache reuse baselines originally
proposed for Retrieval Augmented Generation
(RAG)—EPIC (Hu et al., 2025), CacheClip (Yang
et al., 2025a), and SamKYV (Cao et al., 2026)—to
our judge-side setting. Table 3 reports their re-
sults on MMLU under the representative shuffle
setting used in this subsection. Although these
methods introduce local repair mechanisms, their
JCR remains far below dense prefill across both
Progressive Refinement and Parallel Exploration,
with the best JCR reaching only 34.21. A plausi-
ble explanation is that chunk-wise token selection,
sparse candidate views, or partial recomputation
tends to preserve problem-solving salience within
each candidate, but may still miss the fine-grained
comparative cues that determine which candidate
wins under cross-candidate judging. Full imple-
mentation details and complete results on GSM8K
and HumanEval are reported in Appendix A.6.

7 Discussion and Future Directions

Our study highlights a judge-centric failure mode
of KV cache reuse: when a judge must jointly
compare multiple candidate blocks, reuse can sub-
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Figure 5: Jaccard similarity of selected Top-k% tokens
between the small and large models.

stantially alter the selected candidate (low JCR),
especially under unstable layouts such as shuffle.
Together with attention diagnostics and the mask-
ing ablation, the evidence points to a central mech-
anism: judge-centric inference relies on fine-
grained cross-candidate interactions that cur-
rent reuse schemes do not reliably preserve.

A straightforward workaround is to always run
dense prefill for the judge while keeping reuse
for other components (e.g., execution agents or
retrieval modules). However, this can substantially
increase end-to-end latency, undermining the origi-
nal systems objective of KV cache reuse: balancing
behavior preservation and efficiency. We therefore
do not view this as a satisfying solution. Instead,
we discuss two preliminary directions suggested
by the mechanism above. Rather than presenting
complete solutions, we use them as initial evidence
for how future judge-centric systems might better
balance efficiency and decision invariance.

From the perspective of interaction-preserving
reuse. A promising direction is to enhance judge-
side reuse by selectively retaining interaction-
relevant context. Removing low-salience tokens
(e.g., redundant rationales) may mitigate attention
dilution (Shi et al., 2023), helping the judge focus
on informative evidence across candidates. Cru-
cially, this aims to concentrate rather than restrict
cross-candidate visibility. In a pilot analysis, we
find substantial overlap in token selections between
Llama-3.2-1B and 3B models, with Jaccard similar-
ity increasing alongside the retention budget (Fig-
ure 5). This suggests that small-to-large model co-
operation (Zhao et al., 2025; Liu et al., 2025) could
help identify judge-relevant tokens. However, fully
restoring judge invariance likely requires more so-
phisticated, interaction-aware objectives beyond
simple token-level overlap.

We further conduct a pilot experiment along
this direction. We identify interaction-critical to-
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Table 4: Pilot results for Direction (i) (interaction-aware
selective recomputation) on the representative shuffled
MMLU setting.

Method Original +Dir. (i)

Acc. (%) JCR (%) Acc.(%) JCR (%)
Naive Reuse 39.87 27.45 37.90 28.76
KVCOMM 39.87 39.87 41.83 47.05
PAL-KV 47.06 31.37 51.63 45.75

kens globally over the full judge input using the
same model, rather than selecting tokens separately
within each chunk using an auxiliary model (Cao
et al., 2026). As shown in Table 4, this Direction (i)
intervention improves both Acc. and JCR over the
original methods, but the gains remain limited and
come with extra latency. These results suggest that
even when token selection is performed globally
without prioritizing efficiency, restoring judge-side
invariance remains difficult: the key challenge lies
in recovering the interaction structure that emerges
over the full multi-candidate context.

Future Direction (i):  Interaction-preserving
reuse via selective context retention.

From the perspective of meta-reasoning for risk-
aware gating. Given the judge’s sensitivity to
KV reuse, a promising direction is to apply meta-
reasoning—deciding which inference strategy to
employ based on the specific situation (Yan et al.,
2025). While proactive segment prediction is ef-
fective in standard KV systems (Pan et al., 2025),
judge-centric reuse requires conservative gating
with reliable fallbacks. Rather than predicting the
success of a specific strategy (AUC ~ 0.6), a more
robust meta-goal is to identify instances that are
universally safe for reuse (i.e., unlikely to alter
the judge’s selection across all three reuse meth-
ods studied here). Using features derived from
the candidate set—such as correctness signals and
pairwise similarities—a simple classifier can dis-
tinguish “universally safe” vs. “unsafe” instances
with an AUC of 0.82 (Figure 6). This suggests that
future gating mechanisms should prioritize conser-
vative safety detection over fine-grained strategy
selection to ensure decision invariance.

We also test this direction with a pilot risk-aware
gating policy using the proposed safe-instance clas-
sifier. As shown in Table 5, Direction (ii) yields
a much clearer JCR improvement, but only at the
cost of a sharply reduced reuse rate, in some cases
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Figure 6: Detecting universally safe vs. unsafe instances
for judge-side reuse (AUC ~ 0.82, AP ~ 0.77).

Table 5: Pilot results for Direction (ii) (risk-aware gat-
ing) on the representative shuffled MMLU setting.

Method Original +Dir. (ii)

JCR (%) Reuse (%) JCR (%) Reuse (%)
Naive Reuse 27.45 100.00 85.62 16.99
KVCOMM 39.87 32.29 88.88 5.07
PAL-KV 31.37 32.29 87.58 5.07

approaching dense-prefill usage in practice. This
trade-off indicates that conservative gating can re-
cover decision invariance more effectively than lo-
cal repair alone, but does so by sacrificing much
of the efficiency benefit that motivates reuse in the
first place.

Future Direction (ii): Meta-reasoning and risk-
aware fallback gating for judge-side reuse.

Outlook. Overall, our pilot results suggest that
mitigation is possible but non-trivial: interaction
restoration improves invariance only partially and
introduces additional cost, while conservative gat-
ing improves invariance by sacrificing reuse. Accel-
erating judge-centric inference will therefore likely
require more careful judge-aware designs that ex-
plicitly preserve cross-candidate interactions under
variable layouts, potentially combining interaction-
aware reuse, selective retention/compression, and
principled fallback policies.

8 Conclusion

Our results reveal that KV reuse in judge-centric
tasks is not inherently behavior-preserving. While
task accuracy remains stable, JCR exposes a criti-
cal decoupling: judges frequently switch selections
due to disrupted cross-candidate interactions, espe-
cially under variable layouts. These findings estab-
lish JCR as a vital diagnostic and motivate future
research into interaction-preserving and risk-aware
KV acceleration.
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Limitations

Judge biases and reliability are not the focus.
LLM-based judges are known to exhibit intrinsic
biases and instability (e.g., position preference and
sensitivity to formatting). This work does not aim
to assess the judge’s absolute fairness, calibration,
or stability, nor do we analyze whether KV reuse
amplifies specific biases of LLM judges. Instead,
we focus on a narrower question: whether judge-
side KV reuse is behavior-preserving relative to
dense prefill in multi-candidate joint judging, i.e.,
whether reuse introduces decision non-invariance
even when task accuracy appears stable.

Scope of reuse and system coverage. Our study
focuses on judge-centric KV reuse—reusing KV
chunks of candidate blocks when constructing the
judge’s prefill cache—and uses dense prefill as the
reference behavior. We do not claim comprehen-
sive end-to-end optimization for all components of
a full multi-agent stack, nor do we report system-
wide latency/throughput under different serving
configurations. Consequently, our reported Reuse
Rate and analyses are intentionally centered on the
judge stage rather than end-to-end efficiency.

Protocol and prompt dependence. Our find-
ings are obtained under a specific judging protocol
(joint multi-candidate selection with structured out-
puts) and candidate-generation settings (few-shot
prompting and chain-of-thought style rationales).
Different judge prompts (e.g., pairwise ranking vs.
joint selection), output constraints (selection-only
vs. judge rewriting), or candidate formatting may
change the sensitivity profile. While we expect
the core phenomenon—that joint judging relies
on delicate cross-candidate interactions—to persist,
quantitative results may vary with protocol choices.

Limited cross-model and cross-architecture
reuse. We do not systematically evaluate judge-
centric KV reuse across heterogeneous model fam-
ilies, sizes, or architectures (e.g., a stronger judge
supervising weaker generators, or mixed-family
agent systems). Recent work has begun to explore
cross-model KV communication or sharing beyond
same-backbone variants (Fu et al., 2026; Liu et al.,
2026; Li et al., 2025a), but these methods target
multi-model communication or model-sharing set-
tings rather than judge-centric multi-candidate com-
parison. Extending judge-side reuse to heteroge-
neous model mixtures, and understanding whether

reuse remains behavior-preserving in such settings,
remains an important direction for future work.

Model scale and architecture coverage. Al-
though we extend our evaluation to larger dense
models, we do not claim that the magnitude of
decision non-invariance will transfer unchanged
to larger frontier-scale models or to Mixture-of-
Experts (MoE) architectures. In particular, MoE in-
ference introduces additional complexity in routing
and cache management. Evaluating judge-centric
KV reuse under larger-scale and MoE settings re-
mains important future work.

Implementation stack and deployment variabil-
ity. All experiments are conducted under an open-
source inference stack (HuggingFace Transform-
ers®) on a fixed GPU setup. Different kernels, serv-
ing systems, attention implementations, or cache-
management policies could affect absolute accu-
racy and the magnitude of reuse-induced pertur-
bations. We encourage validation under diverse
deployment stacks.

Downstream safety and compute considerations.
Our study highlights a failure mode where accu-
racy may mask decision instability; in high-stakes
downstream workflows, such non-invariance can
complicate accountability and auditing. We do not
provide application-specific deployment guidelines,
and practitioners should perform domain-specific
evaluation and safeguards. Finally, while KV reuse
is motivated by reducing redundant computation,
we do not quantify end-to-end energy impacts; ef-
ficiency gains may be offset by increased scale of
deployment.
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A Additional Analyses and Extended
Results

A.1 Naive position-only reuse is brittle for
judge-centric comparison

Naive Reuse reuses all candidate blocks
(Reuse%=100% by construction) via position
alignment and stitching, without accounting for
prefix-dependent deviations. ~ While this can
be effective for some standard prefix-sharing
workloads, it is highly unstable for judge-centric
inference: it often produces very low JCR and can
even catastrophically harm accuracy on reasoning
benchmarks (e.g., severe drops on GSMSK),
indicating that position-only stitching fails to
preserve the cross-candidate interaction patterns
required for reliable joint comparison.

A.2 Judge Instability vs. Task Difficulty

This section provides additional evidence that
low judge consistency (low JCR) is not merely a
byproduct of task difficulty. Here we operational-
ize task difficulty by ACC Counts: for each ex-
ample, we count how many reuse-based methods
(Naive Reuse, KVCOMM, and PAL-KV) produce
a correct final answer. We measure decision non-
invariance by JCR Counts: the number of reuse-
based methods whose selected candidate matches
dense prefill (i.e., the per-method JCR indicator
aggregated over the three reuse methods).

Embedding view. Figure 7 (left) visualizes ques-
tion embeddings projected to 2D with a supervised
t-SNE, where points are colored by JCR Counts.
If judge non-invariance were primarily driven by
question semantics (or by a small subset of intrinsi-
cally “hard” questions), we would expect instances
with low JCR Counts to form separable regions.
Instead, instances with different JCR Counts are
heavily intermixed, suggesting that decision non-
invariance is not well explained by the question
embedding geometry and is difficult to predict
from semantics alone.

Difficulty—consistency relationship. Figure 7
(right) shows the empirical distribution of ACC
Counts vs. JCR Counts. While one might ex-
pect “easy” instances (high ACC Counts) to also
yield stable judge selections (high JCR Counts),
the heatmap shows only a weak association: even
when multiple reuse methods answer correctly,
the judge’s selected candidate can still differ from
dense prefill (non-trivial mass at high ACC Counts
but low JCR Counts). Conversely, low ACC Counts

t-SNE Dimension 2
o
L
e

-10 -5 0
t-SNE Dimension 1

JCR Counts

Figure 7: Task difficulty vs. judge decision non-
invariance. Left: t-SNE of question embeddings, col-
ored by JCR Counts (number of reuse methods whose
selection matches dense prefill). Right: joint distribu-
tion between ACC Counts (number of reuse methods
that answer correctly) and JCR Counts.

Table 6: Effect of anchor pool size on performance
(additional results).

Method AnchorNum Acc. (%) JCR (%) Reuse (%)
5 39.87 39.87 32.29
10 37.25 38.56 47.58

Kvcomm 15 37.91 38.56 52.55
20 34.64 34.64 57.25
5 47.06 31.37 32.29
10 35.29 3791 47.58

PAL-KV 15 314 3529 5255
20 34.64 37.25 57.25

do not uniquely correspond to low JCR Counts ei-
ther. Overall, these results indicate that task cor-
rectness and decision invariance are partially
decoupled in judge-centric inference, reinforcing
the need for JCR-style diagnostics beyond end-task
accuracy.

A.3 Anchor Pool Size and Effective Reuse

As showed in Table 6, we vary the anchor pool
size to test whether insufficient anchor coverage
explains low JCR under shuffle. As expected, a
larger pool increases the effective Reuse Rate, but
it does not reliably restore JCR.

A.4 Slot-Aligned Stabilization Baseline

We evaluate a slot-aligned variant that indexes
reuse decisions by fixed candidate slots to test
whether slot identity alone can stabilize reuse under
shuffle.

One might hope that indexing offsets by fixed
slots in the judge prompt would stabilize reuse
under shuffling. However, Table 7 shows no consis-
tent gain from a slot-aligned variant. This suggests
that true stability requires more than slot identity:
for a candidate block, the entire preceding candi-
date configuration (and thus the induced interaction
structure) matters. Under shuffle, this configu-
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Table 7: Slot-aligned stabilization does not reliably im-
prove decision invariance (additional results).

Setting Method Acc. (%) JCR (%) Reuse (%)
Progressive  KVCOMM 39.87 39.87 32.29
Refinement ~ Slot-Align 43.79 36.84 26.14
Parallel KVCOMM  43.14 46.41 44.84
Exploration ~ Slot-Align 43.14 45.10 44.44
(a) Dense Prefill (b) Naive Reuse
(c) KVCOMM (d) PAL-KV

Figure 8: Attention mass visualization under different
KV reuse strategies.

ration space scales combinatorially, making naive
stabilization impractical.

A.5 Additional Attention Visualizations

This section provides additional attention visual-
izations for representative examples under dense
prefill and reuse-based methods, complementing
the aggregate statistics reported in the main text.
Figure 8 shows token-level attention mass over the
shared prefix and candidate slots during the judge’s
first-token generation. While the main text summa-
rizes the average attention allocated to each region,
here we present qualitative examples that illustrate
how the attention patterns differ across methods.
In dense prefill, the judge typically allocates non-
trivial attention to multiple candidate blocks (e.g.,
slot1 and slot3 in the shown example), which
is consistent with the intended behavior of joint
multi-candidate comparison. In contrast, Naive
Reuse often exhibits a highly concentrated pattern
where attention collapses onto a single early slot
(frequently slot1), suggesting that position-only
stitching can distort cross-candidate interactions
and effectively reduce the judge’s ability to incor-
porate later evidence. KVCOMM and PAL-KV
partially mitigate this collapse by restoring some
attention to non-first slots; however, their attention
distributions remain noticeably more peaked than

dense prefill, indicating that the judge still under-
attends to certain candidate blocks relative to the
dense reference. Overall, these visualizations sup-
port the interpretation that KV reuse can bias the
judge toward a more shortcut decision process—
selecting a “best” candidate with less thorough
cross-candidate comparison—which helps explain
the observed drops in JCR.

A.6 Additional Baselines

To further test whether local repair strategies can
recover judge-side invariance, we implement three
representative baselines in our judge-side setting:
EPIC (Hu et al., 2025), CacheClip (Yang et al.,
2025a), and SamKV (Cao et al., 2026). These
methods were originally proposed for retrieval-
augmented generation (RAG) or related approx-
imate reuse scenarios rather than judge-centric
multi-candidate comparison, and we adapt them
here as additional related baselines.

EPIC. We implement a PIC-style repair variant
that recomputes the first K'=32 tokens of each can-
didate chunk under the target judge-side left con-
text, while reusing the remaining tokens through
position-aligned stitching. Only candidate chunks
are modified; the shared judge prefix and output
tokens are always computed densely.

CacheClip. For CacheClip, we keep 20% of to-
kens per candidate chunk, using window size 8 and
threshold 5. Span salience is scored by an auxiliary
Llama-3.2-1B-Instruct model running on CPU.
As in our main setting, CacheClip is applied only
to candidate chunks rather than to the shared judge
prefix.

SamKV. For SamKV, we use block size 64,
keep ratio 20%, and fixed head/tail blocks,
with maximum context length 2048 and max-
imum query length 256. The same auxiliary
Llama-3.2-1B-Instruct model on CPU is used
to score blocks. Since SamKYV presents the judge
with a sparse view of each candidate, the judge
cannot attend to the full candidate text directly. For
HumanEval, we therefore compute Pass@1 as fol-
lows: the judge first selects the best agent under
the sparse view, and we then evaluate the original
selected candidate code under the standard unit-test
protocol.

Tables 8 reports the complete results under the
shuffle judge setting for Progressive Refinement
and Parallel Exploration, respectively. Across
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all three benchmarks, these baselines sometimes
achieve competitive task accuracy, but their JCR
remains far below dense prefill. This supports the
same conclusion as in the main text: local repair
strategies may preserve problem-solving salience,
yet still fail to preserve the fine-grained compar-
ative cues that determine which candidate wins
under joint cross-candidate judging.

A.7 Consequentiality of JCR Mismatches

JCR measures whether reuse preserves the dense-
prefill judge’s selection behavior under the same
prompt and candidate ordering. To complement
this behavioral metric with an outcome-aware view,
we further stratify JCR mismatch cases by their
consequentiality.

Specifically, the following breakdown is com-
puted only on mismatch cases (i.e., examples where
the reuse-based method and dense prefill select dif-
ferent candidates), so the four categories sum to
100% within each method and setting:

e Harmful: dense prefill is correct, but the
reuse-based method is wrong;

* Helpful: dense prefill is wrong, but the reuse-
based method is correct;

¢ Benign: both are correct;
* Joint-error: both are wrong.

Figure 9 reports the results on MMLU under
Progressive Refinement and Parallel Exploration.
A notable fraction of mismatches fall into the joint-
error category across methods and settings. This
suggests that disagreement under KV reuse is not
purely random, but is often associated with in-
trinsically hard or ambiguous instances on which
both pipelines tend to fail. At the same time, the
presence of non-trivial harmful cases confirms that
reuse-induced behavioral inconsistency can have
direct performance consequences and is not fully
explained by benign ties alone.

A.8 Reference Robustness of Dense Prefill

Dense prefill is not an oracle, and LLM-as-a-Judge
is known to be sensitive to formatting and candidate
ordering. Our use of JCR is therefore not intended
to treat dense prefill as ground truth, but to measure
a systems property: whether KV reuse preserves
the behavior of the non-reuse judge under the same
prompt and presentation.

To better characterize the stability of dense-
prefill judging, we conduct two complementary
probes. First, under fixed candidate order, we ex-
amine the probability of the selected agent-id token
and the runner-up token as a proxy for decision con-
fidence. As shown in Figure 10(a), dense-prefill
decisions are reasonably separated on MMLU un-
der both Progressive Refinement and Parallel Ex-
ploration, suggesting that reuse-induced winner
changes are not explained solely by near-tied dense-
prefill decisions.

Second, we evaluate order sensitivity by running
dense-prefill judging across 10 random candidate
orderings and measuring the majority share, de-
fined as the frequency of the modal selection. Fig-
ure 10(b) shows that dense-prefill judging is not
perfectly order-invariant, but often retains a non-
trivial majority preference across orderings.

Based on this vote-style reference, we further
compute JCR-Vote, i.e., agreement with the major-
ity selection across orderings. Figure 10(c) shows
that while single-run dense prefill is not perfectly
aligned with the vote reference, reuse methods still
exhibit a clear gap. These results support our inter-
pretation of JCR as a behavioral consistency metric
relative to the non-reuse judge, while also clarify-
ing that dense prefill itself remains only a robust-
ness reference rather than an absolute oracle.

A.9 Additional Attention Diagnostics

The main text analyzes attention patterns during
the first selection token. Here we extend that anal-
ysis in two ways: (i) from the first token to the
full selection statement, and (ii) from region-level
summaries to broader aggregations across heads
and layers.

We compute cross-candidate interaction strength
averaged over the full selection statement (6 out-
put tokens), and report all values after normalizing
Dense Prefill to 1.0. As shown in Figure 11(a),
the same qualitative pattern persists beyond the
first token: under reuse, attention to later candidate
slots remains strongly suppressed, and we do not
observe a recovery trend in later output tokens.

We further aggregate the same diagnostic across
heads and across layers. Figures 11(b) and 11(c)
show that the same method ordering and qualitative
conclusion persist: reuse-based methods tend to
over-concentrate attention on the shared prefix and
early candidate slots while under-attending to later
candidate blocks, especially under Naive Reuse
and PAL-KV.
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. MMLU GSMSK HumanEval
Settings Methods

Acc. JCR Acc. JCR Acc. JCR

Dense Prefill 44.44 100.00 70.51 100.00 31.68 100.00

Progressive  EPIC 51.63 28.10 41.70 33.71 31.06 27.95
Refinement CacheClip 48.37 32.68 44.88 37.14 3292 2547
SamKV 45775 30.06 49.05 34.80 29.19 2547

Dense Prefill 51.63 100.00 70.28 100.00 25.63 100.00
Parallel EPIC 49.02 3333 3798 33.62 34.16 31.68
Exploration CacheClip 47771 3421 37.38 3344 3354 3043
SamKV 5098 28.76 5292 3707 31.67 27.32

Table 8: Additional related baselines under the shuffled judge setting. While EPIC, CacheClip, and SamKV
sometimes achieve competitive task accuracy, all three remain far below dense prefill in JCR across benchmarks

and candidate-generation regimes.
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Figure 9: Consequentiality of JCR mismatches on MMLU under Progressive Refinement (PR) and Parallel
Exploration (PE). Each stacked bar is computed only on mismatch cases (i.e., cases where the reuse-based method
and dense prefill select different candidates), and therefore sums to 100%. A substantial fraction of mismatches fall
into the joint-error category, suggesting that disagreement under KV reuse is often associated with intrinsically hard
or ambiguous instances. At the same time, the presence of non-trivial harmful cases confirms that reuse-induced

inconsistency can also directly affect outcome quality.

Overall, these extended diagnostics reinforce the
main-text interpretation that judge-side reuse per-
turbs the fine-grained cross-candidate interactions
required for stable joint comparison, rather than
merely affecting the first output token in isolation.

B Case Study

Figures 18 and 19 provide a GSM8K case study
under Parallel Exploration with shuffle or-
dering, illustrating how judge selections can change
relative to dense prefill.

This case study illustrates decision non-
invariance rather than answer degradation. Among
the four candidates, Agents 1 and 4 provide es-
sentially equivalent and correct solutions (both
conclude $12 with near-identical reasoning steps),
while Agents 2 and 3 make the same arithmetic
mistake ($16). Under dense prefill, the judge se-

lects Agent 1, whereas under KVCOMM it selects
Agent 4, despite producing the same final answer.

Why this is still informative. Because mul-
tiple candidates are correct and highly similar,
the judge’s choice is driven by fine-grained cross-
candidate comparison and implicit tie-breaking
(e.g., how evidence from each block is integrated,
which rationale is attended to, and how the judge
maps candidate identities under a shuffled lay-
out), rather than by correctness alone. This is pre-
cisely the regime where we observe large drops
in JCR: KV reuse can change which candidate the
judge attributes as best even when task accuracy re-
mains unchanged. In other words, the failure mode
here is not “worse answers,” but unstable attribu-
tion/selection relative to dense prefill, which un-
dermines auditability and accountability in judge-
centric pipelines.
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Figure 10: Reference robustness of dense prefilling. (a) Fixed-order confidence probe on MMLU under Progressive
Refinement (PR) and Parallel Exploration (PE), showing the probability of the selected agent-id token, the runner-up
token, and their margin; error bars indicate the reported [p5, p95] range. (b) Majority share of dense-prefill judging
across 10 random candidate orderings on three datasets and two settings; error bars again indicate [p5, p95]. (c)
Agreement with the order-aggregated vote reference on MMLU-PR, reported as JCR-Vote. While dense prefill is
not perfectly order-invariant, it remains closer to the vote reference than reuse-based methods, supporting its role as
a behavioral reference rather than an absolute oracle.
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Figure 11: Additional attention diagnostics beyond the first-token analysis in the main text. All values are normalized
by Dense Prefill (=1.0), shown as the dashed horizontal line. (a) Token-averaged interaction strength over the full
selection statement. (b) Head-aggregated interaction strength. (c) Layer-aggregated interaction strength. Across all
three views, the same qualitative pattern persists: reuse-based methods tend to over-concentrate attention on the
shared prefix and early candidate slots while under-attending to later candidate blocks, reinforcing the interpretation

that judge-side reuse disrupts the fine-grained cross-candidate interactions required for stable joint comparison.

C Reproducibility Details

C.1 Prompting Templates and Output
Formats

This appendix summarizes the prompting templates
used for both execution agents and the judge, as
well as the structured output format required for
reliable parsing of the final answer and the selected
candidate index.

Execution-agent prompting. To ensure that candi-
date responses are directly comparable (i.e., differ-
ences arise from stochasticity or contextual varia-
tion rather than mismatched roles), we use the same
role prompt and instruction template for all execu-
tion agents within each benchmark. Specifically,
for MMLU we design a dedicated role prompt
(MMLU Solver) tailored to multiple-choice rea-
soning in Figure 14; for GSM8K we reuse KV-
COMM’s Math Solver role prompt in Figure 12;
and for HumanEval we reuse the Programming
Expert role prompt in Figure 13. All execution

agents follow the same output schema and pro-
duce (i) a final answer and (ii) an explicit rationale,
which helps the judge compare candidates under a
consistent format.

Judge prompting. For the judge agent, we adapt
the base role prompt FinalInfer to a selection-
oriented variant FinalSelectBest in Figure 16,
15 and 17. The judge is instructed to jointly (a)
select the best candidate by outputting its index
and (b) produce the final answer, while keeping the
selection decision, final answer, and justification
in separate structured fields. This design aligns
with our JCR evaluation, which focuses on whether
KV reuse changes the judge’s selected candidate
relative to dense prefill.

C.2 Implementation Details of KVCOMM
and PAL-KV

We provide additional implementation details for
KVCOMM and PAL-KYV beyond the main text, in-
cluding anchor construction, matching views, cor-
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rection retrieval, and fallback criteria.

Our main-paper description is simplified. In
the main paper, we describe KVCOMM-style reuse
as retrieving the nearest anchor and applying its
cache offset. This is a simplified view used for ex-
position. In the original KVCOMM design, reuse
is gated by a shareability criterion (a thresholded
decision), and the offset is typically predicted by
interpolating multiple anchors rather than always
using a single nearest one.

Reuse gating (thresholded decision). KV-
COMM maintains an anchor pool for each place-
holder segment. For an incoming placeholder
¢, KVCOMM first decides whether it is share-
able by checking (i) length compatibility and (ii)
embedding-based proximity to existing anchors.
Concretely, the anchor prediction uses a threshold
~ to determine whether the matched anchors are
sufficiently concentrated in embedding space; if
the criterion is not satisfied, KVCOMM falls back
to dense prefilling and treats the new sample as a
new anchor to expand future coverage. This “reuse-
or-fallback” logic is part of KVCOMM'’s standard
online procedure.

Offset approximation (weighted aggregation).
When ¢ is predicted shareable, KVCOMM re-
trieves a set of matched anchors and estimates the
KV offset by a weighted sum of their stored de-
viations. In particular, the weights are computed
by a softmax over negative embedding distances,
so closer anchors contribute more. The approx-
imated placeholder cache is obtained by adding
the weighted offset to the base cache; neighboring
prefix segments are updated analogously.

No matched anchors = no reuse. If no an-
chor satisfies the shareability criterion (e.g., no
length-compatible / sufficiently close anchors), KV-
COMM does not reuse KV for that placeholder.
Instead it performs dense prefilling, measures the
true deviation to the base cache, and stores it as a
new anchor entry for future requests.

PAL-KYV: a probe that keeps KVCOMM’s reuse
rate unchanged. Our probe method PAL-KV is
designed to analyze the effect of pooling/aggrega-
tion while keeping the reuse rate identical to K'V-
COMM. Therefore, PAL-KV never changes KV-
COMM’s reuse gating decision: we only activate
PAL-KV’s “anchor-pooling” behavior when KV-
COMM already decides the placeholder is share-

able (i.e., would reuse). In those reuse cases,
instead of applying only a single nearest-anchor
offset, PAL-KV explicitly pools a larger set of
matched anchors (the same matched set used by
KVCOMM’s interpolation, or an expanded top-K
subset) and aggregates their offsets via the same
distance-based weighting. In contrast, when KV-
COMM falls back to dense prefilling, PAL-KV
also falls back, so the frequency of reuse events is
preserved by construction.

C.3 Shuffle Setting and Motivation

A potential concern is that the shuffle setting may
appear artificial. In practice, however, non-fixed
candidate ordering is common in judge-centric
multi-agent pipelines. First, many MAS deploy-
ments use dynamic and non-canonical communica-
tion graphs (e.g., varying groupings, asynchronous
message passing, or early-stopping/anytime behav-
iors), which induces variability in when each can-
didate becomes available. To reduce end-to-end la-
tency, systems often stream candidates to the judge
as soon as they are produced, rather than waiting to
enforce a fixed global order; consequently, the pre-
sentation order of candidate blocks can vary across
runs.

Second, the judge literature has repeatedly high-
lighted position-related effects (e.g., position pref-
erence / order bias), and it is therefore standard
practice to evaluate robustness under alternative
candidate permutations. Our shuffle regime
serves as a controlled and reproducible proxy for
these naturally occurring order variations and ro-
bustness checks, enabling us to isolate how KV
reuse behaves under layout instability.

C.4 Datasets Details

We follow KVCOMM'’s dataset processing and
evaluation protocol as closely as possible; for full
preprocessing and prompting details, please refer
to our released code. We evaluate on: (i) a fixed
MMLU? validation subset of 153 questions sam-
pled with seed=888; (ii) the full GSMB8K* test set
(1,319 problems); and (iii) the full HumanEval’
Python set (161 tasks).

*https://huggingface.co/datasets/cais/mmlu

4https: //huggingface.co/datasets/openai/gsm8k

5ht’cps: //huggingface.co/datasets/openai/
openai_humaneval
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Figure 12: Math Solver Prompting Template.

Math Solver

You are a math expert.

You will be given a math problem and hints from other agents.

Give your own solving process step by step based on hints.

The last line of your output contains only the final result without any units, for example: The
answer is 140

You will be given some examples you may refer to.

Q: Angelo and Melanie want to plan how many hours over the next week they should study
together for their test next week.

They have 2 chapters of their textbook to study and 4 worksheets to memorize.

They figure out that they should dedicate 3 hours to each chapter of their textbook and 1.5 hours
for each worksheet.

If they plan to study no more than 4 hours each day, how many days should they plan to study total
over the next week if they take a 10-minute break every hour, include 3 10-minute snack breaks
each day, and 30 minutes for lunch each day?.

A: Let’s think step by step.

Angelo and Melanie think they should dedicate 3 hours to each of the 2 chapters, 3 hours x 2
chapters = 6 hours total.

For the worksheets they plan to dedicate 1.5 hours for each worksheet, 1.5 hours x 4 worksheets =
6 hours total. Angelo and Melanie need to start with planning 12 hours to study, at 4 hours a day,
12 /4 =3 days.

However, they need to include time for breaks and lunch. Every hour they want to include a
10-minute break, so 12 total hours x 10 minutes = 120 extra minutes for breaks.

They also want to include 3 10-minute snack breaks, 3 x 10 minutes = 30 minutes.

And they want to include 30 minutes for lunch each day, so 120 minutes for breaks + 30 minutes
for snack breaks + 30 minutes for lunch = 180 minutes, or 180 / 60 minutes per hour = 3 extra
hours.

So Angelo and Melanie want to plan 12 hours to study + 3 hours of breaks = 15 hours total.
They want to study no more than 4 hours each day, 15 hours / 4 hours each day = 3.75

They will need to plan to study 4 days to allow for all the time they need.

The answer is 4

{QA_case_2_content}
{QA_case_3_content}

Q: {user_question}

At the same time, the output of other agents is as follows:
Agent 1, role is Math Solver, output is:
{agent_1_current}

Agent 2, role is Math Solver, output is:
{agent_2_current}

Agent 3, role is Math Solver, output is:
{agent_3_current}
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Figure 13: Programming Expert Prompting Template.

Programming Expert

You are a programming expert. You will be given a function signature and its docstring by the
user. You may be able to get the output results of other agents. They may have passed internal
tests, but they may not be completely correct. Write your full implementation (restate the function
signature). Use a Python code block to write your response. For example:

~ s~

python
print('Hello world!")

~ s~

Do not include anything other than Python code blocks in your response. Do not change function
names and input variable types in tasks.

The task is: {user_question?}

At the same time, the outputs and feedbacks of other agents are as follows:
Agent 1 as a Programming Expert:

The code written by the agent is:

{agent_1_current}

Agent 2 as a Programming Expert:

The code written by the agent is:

{agent_2_current}

Agent 3 as a Programming Expert:

The code written by the agent is:

{agent_3_current}

Figure 14: MMLU Solver Prompting Template.

MMLU Solver

Solve the MMLU multiple-choice question (A/B/C/D; only one is correct).
Output:

1) First line: ONLY one letter (A, B, C, or D).

2) Then a short justification (total < 100 words).

You may use other agents’ answers as references if provided, but verify independently.
The Question is:

{user_question}

At the same time, the output of other agents is as follows:

Agent 1 as a MMLU Solver:

{agent_1_current}

Agent 2 as a MMLU Solver:

{agent_2_current}

Agent 3 as a MMLU Solver:

{agent_3_current}
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Figure 15: FinalSelectBest for Math Prompting Template.

FinalSelectBest for Math

You are the top decision-maker and judge.

You will be given a math problem and multiple candidate answers from different agents.
Your job is to select which single agent produced the best answer.

Selection criteria:

- Consider BOTH final answer correctness AND reasoning quality.
- If an answer happens to be correct but the reasoning is flawed/irrelevant, prefer the one with
correct reasoning.

- You MUST select exactly one agent id from the candidate list.
Output format requirements (MUST follow exactly):

1) First line: Selected agent id: <id> (id must be one of: allowed)
2) Then write a short justification (any format is ok).

3) Last line: The answer is <number>

The task is: {user_question}

Candidate Agent Answers:

Agent 1, role is Math Solver, output is:

{agent_1_current}

Agent 2, role is Math Solver, output is:

{agent_2_current}

Agent 3, role is Math Solver, output is:

{agent_3_current}

Agent 4, role is Math Solver, output is:

{agent_4_current}

7226




Figure 16: FinalSelectBest for MMLU Prompting Template.

FinalSelectBest for MMLU

You are a judge that selects which agent produced the best multiple-choice answer.
You will be given a question and candidate answers from different agents.

Your job is to choose the best agent and output its id and final choice.

Selection criteria:

- Prefer the agent with the most correct, reliable reasoning.

- If multiple agents choose the same option, prefer the one with better justification.
Output format requirements (MUST follow exactly):

1) First line: Selected agent id: <id> (id must be one of: allowed)
2) Then write a short justification (any format is ok).

3) Final line: <choice> (must be exactly one of: A, B, C, D)

3) Do NOT output anything else.

The task is: {user_question}

Candidate Agent Answers:

Agent 1, role is MMLU Solver, output is:

{agent_1_current}

Agent 2, role is MMLU Solver, output is:

{agent_2_current}

Agent 3, role is MMLU Solver, output is:

{agent_3_current}

Agent 4, role is MMLU Solver, output is:

{agent_4_current}
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Figure 17: FinalSelectBest for Code Prompting Template.

FinalSelectBest for Code

You are a judge that selects the best agent answer.

Evaluation Instructions:

1. Examine the question closely to understand its requirements.

2. Read each candidate answer thoroughly and assess its relevance and accuracy about the question.
3. Choose the answer that most accurately and completely addresses the question.

4. Ignore the candidate answers if they do not give a direct answer, for example, using 'unable to
., ’asan AL ... .

5. Copy the chosen answer exactly as it is presented, maintaining its original format.

6. Adhere to the constraints:

Output format:

- First line: Selected agent id: <id> (choose <id> from: joined)

- Then output exactly one Python code block copied from the chosen agent.

- Do not add any explanation outside the code block.

Note: If none of the answers fully meet the question’s criteria, select the one closest to fulfilling
them.

The task is: {user_question}

Candidate Answers for Evaluation:

Agent 1, role is Programming Expert, output is:

{agent_1_current}

Agent 2, role is Programming Expert, output is:

{agent_2_current}

Agent 3, role is Programming Expert, output is:

{agent_3_current}

Agent 4, role is Programming Expert, output is:

{agent_4_current}
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Figure 18: Case Study: A GSM8K Example under Parallel Exploration, Shuffle Settings, Part 1 Candidate outputs.

Exemples

Question:

John invited 20 people to a birthday party. Each guest will eat 2 hot dogs. He already has 4 hot
dogs left over from a previous party. If a pack of hot dogs contains 6 hot dogs and costs $2, how
much does he need to spend on hot dogs?

Candidate Agent Answers:

Agent 1:

Let’s think step by step

John invited 20 people to his birthday party, and each guest will eat 2 hot dogs. So, the total
number of hot dogs needed is 20 people * 2 hot dogs/person = 40 hot dogs.

John already has 4 hot dogs left over from a previous party, so he needs 40 hot dogs - 4 hot dogs =
36 hot dogs.

Since a pack of hot dogs contains 6 hot dogs, John needs 36 hot dogs / 6 hot dogs/pack = 6 packs
of hot dogs.

Since each pack of hot dogs costs $2, John needs to spend 6 packs * $2/pack = $12 on hot dogs.

The answer is 12

Agent 3:

Let’s think step by step.

First, we need to determine how many hot dogs John will need for the party.

He invited 20 people, and each guest will eat 2 hot dogs, so 20 x 2 = 40 hot dogs.

He already has 4 hot dogs left over, so he needs 40 + 4 = 44 hot dogs.

Since a pack of hot dogs contains 6 hot dogs, we need to divide 44 by 6 to find out how many
packs John needs to buy.

44 / 6 = 7.33, so John will need to buy 8 packs of hot dogs (since you can’t buy a fraction of a
pack).

Each pack costs $2, so 8 packs will cost 8 x 2 = $16. The answer is 16

Agent 2:

Let’s think step by step.

First, we need to determine how many hot dogs John will need for the party.

He invited 20 people, and each guest will eat 2 hot dogs, so 20 x 2 = 40 hot dogs.

John already has 4 hot dogs left over, so he needs 40 + 4 = 44 hot dogs.

Since a pack of hot dogs contains 6 hot dogs, we need to divide 44 by 6 to find out how many
packs John needs to buy.

44 / 6 = 7.33, so John will need to buy 8 packs of hot dogs (since you can’t buy a fraction of a
pack).

Each pack costs $2, so 8 x $2 = §16.

The answer is 16

Agent 4:

Let’s think step by step.

First, we need to determine the total number of hot dogs needed for the party.

There are 20 guests, and each guest will eat 2 hot dogs, so 20 x 2 = 40 hot dogs are needed.

John already has 4 hot dogs left over, so he needs 40 - 4 = 36 hot dogs.

Since a pack of hot dogs contains 6 hot dogs, John will need to buy 36 / 6 = 6 packs of hot dogs.

Each pack of hot dogs costs $2, so John will need to spend 6 x 2 = $12 on hot dogs.

The answer is 12
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Figure 19: Case Study: A GSM8K Example under Parallel Exploration, Shuffle Settings, Part 2 Judge outputs.

Exemples

Question:

John invited 20 people to a birthday party. Each guest will eat 2 hot dogs. He already has 4 hot
dogs left over from a previous party. If a pack of hot dogs contains 6 hot dogs and costs $2, how
much does he need to spend on hot dogs?

Dense Prefill Output:

Selected agent id: 1

The selected agent provided a clear and step-by-step reasoning for the problem. Both the final
answer and the reasoning are correct, but the reasoning is more concise and directly addresses the
problem. The agent correctly calculates the number of hot dogs needed, subtracts the leftover hot
dogs, and then divides the result by the number of hot dogs per pack to find the number of packs
needed. The final answer is also correct, and the agent correctly multiplies the number of packs by
the cost per pack to find the total cost.

The answer is 12

KVCOMM Output:

Selected agent id: 4

The selected agent provided a clear and step-by-step reasoning for the problem. The solution
correctly computes the total hot dogs needed (20 guests x 2 each), accounts for the 4 hot dogs
already available by subtracting them, and then converts the remaining requirement into packs by
dividing by 6 hot dogs per pack. Finally, it multiplies the number of packs by the $2 cost per pack
to get the total spending. The reasoning is well-structured, easy to follow, and the final answer is
correct.

The answer is 12
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