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Abstract

Mixture-of-Experts (MoE) language models scale model capacity efficiently by
activating a small subset of parameters per token. However, in long-context infer-
ence, memory remains a major bottleneck because the KV cache grows linearly
with sequence length. Existing KV cache compression methods reduce this cost
for dense transformers, but overlook a problem specific to MoE: KV eviction
can change which experts are selected during answer generation, degrading the
generation quality. We propose MoEZip, a routing-aware KV cache compression
for sparse MoE language models. To estimate the sensitivity of expert routing to
perturbation, we propose a novel metric based on the Fisher information matrix
of routing distributions. MoEZip combines this metric with attention weights for
routing-aware scoring of contexts. Finally, we compose a complementary scoring
system that combines eviction methods for dense and sparse-MoE architectures. Ex-
periments show that MoEZip achieves robust performance under aggressive cache
compression on various benchmarks. At a KV retention ratio of 10%, MoEZip
improves over the SoTA baseline by +24 and +20 points on average on LongBench
and RULER, corresponding to 2.3× and 4.9× higher scores, respectively. The
source code is available at https://github.com/kmswin1/MoEZip.

1 Introduction

Large language models (LLMs) [5, 13] have enabled substantial advances across a wide range of real-
world applications, including chatbot assistants [1, 3, 7], coding agents [22, 41], robot agents [17, 20],
and broader LLM-based agent systems [30, 26, 37]. Mixture-of-Experts (MoE) architectures have
emerged as an effective solution for scaling LLM capacity while controlling inference cost [10, 9, 24].
By activating only a small subset of parameters for each token, MoE models can scale total capacity
without incurring the full computation cost of dense models. This favorable scaling property has
made MoE a promising architecture for large-scale deployment [8, 31].

However, efficient inference remains challenging in long-context and agentic settings. Many real-
world applications require processing long interaction histories [18, 45], retrieved documents [21],
tool outputs [29], or multimodal observations [25, 44]. In these scenarios, the key bottleneck is often
memory rather than activated parameter count: the KV cache grows linearly with sequence length
and quickly becomes a major obstacle for scalable inference.

To address this issue, a body of work recently studied KV cache compression and eviction methods,
which reduce memory usage while preserving generation quality [23, 6, 43, 19, 40]. Existing
approaches span diverse strategies, from attention-based token selection methods such as SnapKV [23]
to methods based on context reconstruction such as KVZip [19]. Although these methods have shown
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promising results on dense transformers, applying them to MoE models can be problematic. In sparse-
MoE architectures, changes in KV representation due to eviction can affect router decisions that
determine which experts are activated. This has been shown to aggravate performance degradation
under high compression. KV compression can therefore incur MoE-specific problems, which are not
captured by eviction methods designed for dense architectures.

Contributions. In this paper, we consider KV cache compression for sparse MoE models from the
perspective of routing fragility: it is defined as the sensitivity of routers due to perturbation induced by
KV eviction. To estimate fragility, we propose a novel metric based on the Fisher information matrix
of routing distributions. We derive the metric for two popular types of MoE routing: softmax-type
and sigmoid-type routing. The metric is combined with the attention weights of instruction tokens to
produce the fragility score that estimates the importance of context positions. Finally, we propose
a scoring system that combines the importance scores from compression methods for dense and
sparse-MoE architectures. Our complementary approach enables compression robust to perturbation
on both context saliency and routing stability. Experiments show that MoEZip achieves robust
performance on various benchmarks such as LongBench, NIAH, and RULER. MoEZip is especially
strong at aggressive compression, e.g., at a KV retention ratio of 10%, MoEZip outperforms the
current SoTA method, KVZip [19], by +24 and +20 points on average on LongBench and RULER,
corresponding to 2.3× and 4.9× higher scores, respectively. Further analysis shows that MoEZip
achieves good performance for both softmax-type and sigmoid-type routing models and is compatible
with diverse compression methods originally developed for dense Transformer LLMs.

2 Preliminaries: Mixture-of-Experts Models and Prefix KV Compression

Sparse MoE language models with prefix KV cache. Let x1:L denote a prefix sequence and consider
autoregressive decoding at step t. We focus on sparse Mixture-of-Experts (MoE) transformer language
models, where a subset of transformer layers, denoted byM, replaces the standard feed-forward
block with an MoE block. At each MoE layer ℓ ∈M, a router selects a small subset of experts from
a pool of E experts.

Meanwhile, autoregressive decoding uses a prefix KV cache to avoid recomputing attention over past
tokens. At transformer layer ℓ and attention head h, the cached prefix key/value pairs are

{(kℓ,h,i, vℓ,h,i)}Li=1.

Given the current query vector qt,ℓ,h, the causal attention probability to prefix position i is

αt,ℓ,h,i = softmaxi

(︃
⟨qt,ℓ,h, kℓ,h,i⟩√

d

)︃
,

L∑︂
i=1

αt,ℓ,h,i = 1, (1)

where causal masking is implied. Each head produces the pooled value

ut,ℓ,h =

L∑︂
i=1

αt,ℓ,h,i vℓ,h,i. (2)

After merging multi-head outputs and applying the output projection, we denote the resulting post-
attention hidden state by ut,ℓ. This representation is then fed to the downstream blocks, including the
MoE router, when layer ℓ is sparse.

Prefix KV Eviction. Although the prefix KV cache accelerates autoregressive decoding, its memory
cost grows linearly with the prefix length. To reduce memory and decoding overhead, recent methods
compress the cache by evicting or pruning a subset of prefix KV entries. Formally, let KV denote
the full prefix cache and KV(S) denote the retained cache indexed by S ⊆ {1, . . . , L}. Let fLM(·|C)
denote the LLM generation conditional on cache C. The goal of prefix KV eviction is to find a subset
S such that decoding with the pruned cache remains close to decoding with the full cache:

fLM( · | KV(S) ) ≈ fLM( · | KV ). (3)

In dense transformers, this problem is often addressed by retaining KV entries that receive large
attention mass. However, in sparse MoE models, cache eviction has an additional mode of failure: it
can perturb router decisions and thereby change which experts are selected during decoding.
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Routing functions. In a sparse MoE layer ℓ ∈M, the expert routing for each token is determined as
follows. The routing is a function of logits denoted by

zt,ℓ ∈ RE . (4)

where we assume a linear router head zt,ℓ = Rℓut,ℓ where ut,ℓ denotes the post-attention hidden
state defined in (2). We consider two popular types of expert routing: softmax and sigmoid.

(1) Softmax-type routing. We define the routing vector g and the associated distribution p:

gt,ℓ := softmax(zt,ℓ) ∈ ∆E−1, p(x|zt,ℓ) := x⊤gt,ℓ =
exp(x⊤zt,ℓ)∑︁
e exp(zt,ℓ,e)

(5)

where g induces the distribution p over E-dimensional one-hot vector x. Thus, under distribution p,
expert e is selected with probability gt,ℓ,e with the e-th component of x being 1 under this categorical
family.

(2) Sigmoid-type routing. A sigmoid gate is applied independently to each expert logit:

gt,ℓ := σ(zt,ℓ) ∈ (0, 1)E , p(x|zt,ℓ) :=
E∏︂

e=1

gxe

t,ℓ,e(1− gt,ℓ,e)
1−xe (6)

where σ(·) is applied elementwise, and x is a 0-1 vector in {0, 1}E . Under distribution p, router e is
selected with probability gt,ℓ,e independently of others under this Bernoulli family.

Router perturbation. The router logits zt,ℓ depend on the attention output ut,ℓ. Pruning prefix
KV entries therefore perturbs ut,ℓ, which propagates to zt,ℓ, the routing vector gt,ℓ, and the routing
distribution p. The resulting shift in expert selection can degrade generation quality. We design an
experiment to observe this effect.
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Figure 1: Router instability is associated
with answer-quality degradation. As KV
compression becomes more aggressive, ex-
pert selection changes more often, and per-
formance drops accordingly.

Let efullt,ℓ and ecomp
t,ℓ denote the selected expert for token t

at MoE layer ℓ under the full and compressed KV caches,
respectively. Thus, efullt,ℓ and ecomp

t,ℓ differ only because
of the underlying context KV cache. Let I andA denote
the instruction- and answer-token positions. For any
token subset T ⊆ I ∪ A, we define the expert-flip rate
as

Flip(T ) = 1

|T | |M|
∑︂
t∈T

∑︂
ℓ∈M

1
[︂
ecomp
t,ℓ ̸= efullt,ℓ

]︂
, (7)

where M denotes the set of MoE layers, and we
write Flip(I) and Flip(A) for the rates restricted to
instruction- and answer-token positions, respectively.

To isolate the effect of KV eviction on routing from generation drift, we feed the same token sequence
to the model under two conditions, with and without prefix KV eviction, where the input concatenates
a context prefix with the instruction and teacher-forced ground-truth answer tokens, and compare the
selected experts at matched positions. Figure 1 reports Flip(I), Flip(A), and relative performance,
which is the task score under compressed KV divided by the full-cache score, on QASPER across
keep ratios. We make the following observations:

1. The quality of the MoE model drops sharply as compression becomes aggressive, while the
dense Qwen2.5-7B-Instruct [28] degrades far less under the same KVZip compression [19].

2. The answer-token flip rate Flip(A) rises with the quality drop. This indicates a highly
suboptimal expert routing and is likely the key cause of output degradation.

3. The instruction-token flip rate Flip(I) tracks Flip(A) closely, and two rates converge further
under aggressive compression.

The last observation is crucial: Flip(A) can only be measured after answer generation under the
evicted cache, whereas Flip(I) is available immediately after processing the instruction, before KV
eviction and answer generation. Thus, instruction-token signals can serve as a useful predictor of
routing failure. Later, we leverage this signal for MoE-specific KV compression.
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Figure 2: Overview of MoEZip. MoEZip estimates routing fragility from instruction-token router
states, transfers it to context positions via instruction-to-context attention, and reserves the top-scoring
positions as routing-aware anchors. The base scorer fills the remaining budget, and thus the final
cache size and decoding procedure remain unchanged.

3 Method: Routing-Aware Prefix KV Compression

Overview. The expert selection of future answer tokens is unavailable at KV eviction time. Thus,
MoEZip uses instruction-token router states as a proxy for estimating routing fragility. Specifically,
we measure the routing fragility of instruction tokens via the Fisher trace of the router distribution,
and combine this fragility with instruction-to-context attention to score the routing-aware importance
of each context position. Context positions are ranked by this score, and the top-scoring positions are
reserved as routing-aware anchors. Within the per-(layer, head) KV retention budget B, MoEZip
first allocates a portion to anchors and then lets a base scorer (e.g., KVZip [19], SnapKV [23]) select
the remaining positions by contextual saliency. Thus, MoEZip changes only the composition of the
retained cache while keeping the total cache size and decoding procedure unchanged.

Router deviation under logit perturbations. To quantify the sensitivity of routing to eviction-
induced perturbations, we consider the KL divergence

D(p(·|z) ∥ p(·|z + δz)) (8)

for perturbation δz on router logit z. The divergence captures how much the router distribution
changes under a perturbation to its input logits. However, the perturbation δz is unavailable before KV
selection, since it depends on which KV entries are removed. δz depends on which context positions
are removed and how those removals cause representation shift propagating into the input router
logits. Thus, (8) is not directly usable as a pre-selection criterion. Instead, we use a tractable direction-
agnostic proxy based on the current router distribution. The following proposition introduces such a
metric, which is also easy to compute.
Proposition 1. Suppose δz ∈ RE is a random vector with µδz = 0 and Σδz = σ2I . For sufficiently
small δz, we have that

Eδz[D(p(·|z) ∥ p(·|z + δz))] ∝ trace(F (z)) (9)

where F (z) is the Fisher information matrix of p(·|z). For router logit zt,ℓ of token t at layer ℓ, we
define Fisher-trace metric

ft,ℓ := trace(F (zt,ℓ)) . (10)
For softmax-type routing, we have that, using g in (5),

ft,ℓ = 1−
E∑︂

e=1

g2t,ℓ,e, (11)

For sigmoid-type routing, we have that, using g in (6),

ft,ℓ =

E∑︂
e=1

gt,ℓ,e(1− gt,ℓ,e). (12)

The proof is in Appendix A.1. This perturbation model is used to motivate a direction-agnostic local
sensitivity proxy, not to characterize the exact distribution of eviction-induced router-logit shifts.
Below, we explain the rationale behind the Fisher-trace metric (10).

Firstly, KL divergence admits a quadratic expansion based on the Fisher information matrix F (z) [2]:

D(p(·|z) ∥ p(·|z + δz)) ≈ 1

2
(δz)⊤F (z) (δz). (13)
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up to the order of ∥δz∥2. F (z) is positive semi-definite, and thus it has E orthogonal eigenvectors
with non-negative eigenvalues. Averaging the quadratic form in (13) over perturbation directions
yields a quantity proportional to the mean eigenvalue of F , and hence to trace(F ). Thus, f can be
viewed as the sensitivity averaged over all possible perturbation directions. Secondly, the following
holds in general for Fisher information matrix:

trace(F )= E

[︄∑︂
e

(︃
∂ log p(x|z)

∂ze

)︃2
]︄
= E∥s∥2, s :=

(︃
∂ log p(x|z)

∂z1
, . . . ,

∂ log p(x|z)
∂zE

)︃
(14)

i.e., Fisher-trace is the expected magnitude of score function s [16]. The score s is a vector of
sensitivity of (log-)distribution to latent parameters. Thus, Fisher-trace is the magnitude of sensitivity
of the routing distribution to change in logit z. Thirdly, it is easy to compute the Fisher-trace. The
complexity of computing F (z) or divergence (13) is O(E2). The expressions in (11) and (12) incur
only O(E). Detailed discussion of the overall computational complexity is provided in Appendix D.

Alternatively, one can consider the worst-case perturbation, whereas the Fisher trace concerns
the “average” case. If δz aligns with the eigenvector with the largest eigenvalue or λmax(F ), the
divergence (13) is maximized. We discuss this in Appendix B, where we derive some bounds on
λmax and compare the performances of the average (trace) and the worst-case (λmax) metrics.

In summary, the Fisher trace ft,ℓ is a tractable metric that quantifies how brittle the router’s expert
selection is at token t and layer ℓ.

Routing-fragility score. Measuring routing fragility on answer tokens would be ideal; however,
those tokens are not yet available when KV eviction is performed. Instead, we propose measuring
the routing fragility at the instruction tokens. This is a reasonable proxy; as observed in Fig. 1,
answer tokens are affected to a similar degree to instruction tokens because both tokens pertain to
a common instruction. A context position is considered important for routing stability when it is
strongly attended by instruction tokens with high ft,ℓ; we rank context positions by this routing-aware
score and retain the top-scoring positions. We first aggregate attention over heads:

ᾱt,ℓ,i = max
h

αt,ℓ,h,i. (15)

This max-aggregation retains strong instruction-to-context attention whenever at least one head places
substantial mass on position i. We then define an attention-propagated routing-fragility score for each
context position:

r(i) :=
∑︂
ℓ∈M

∑︂
t∈I

ᾱt,ℓ,ift,ℓ. (16)

Intuitively, Eq. (16) highlights context positions that are both attended to by instruction tokens and
feed routers with fragile decisions. The KV pairs with the highest values of r(i) are deemed important
for routing stability and will be called anchors.

Context Scoring with Anchors. Let B denote per-layer/head retention budget. MoEZip selects
Bf ≤ B context positions as anchors based on scores r(i), whereas the rest of B −Bf positions are
scored by the base compressor. Bf is adaptively determined by sample-level fragility. Specifically,
we threshold the token-level Fisher score

1t,ℓ := 1[ft,ℓ > τ ] . (17)

with a fixed τ > 0, and aggregate it into a sample-average routing fragility

Γ =
1

|M| |I|
∑︂
ℓ∈M

∑︂
t∈I

1t,ℓ. (18)

which we map to an adaptive anchor budget

ρ(Γ) = ρmin + (ρmax − ρmin)Γ, Bf = ⌊B ρ(Γ)⌋ , (19)

so that fragile samples devote more of B to routing-aware protection while stable ones default to the
base signal. The anchor set Aanc is then top-Bf context positions in terms of r(i):

Aanc = TopBf
{r(i) : i ∈ {1, . . . , L}}. (20)
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Figure 3: Performance on 12 LongBench tasks across different KV cache ratios. MoEZip
consistently preserves higher task performance than existing KV compression baselines, especially
under aggressive compression.

The anchors are reserved within each layer/head budget before applying the base scorer to the
remaining positions. Thus, the retained context for layer ℓ and head h , or Sℓ,h is given by

Sℓ,h = Aanc ∪ Sbase
ℓ,h (B −Bf ; {1, . . . , L} \ Aanc) . (21)

where Sbase
ℓ,h (b; C) denotes the base scorer’s selection from candidate set C under budget b. Since the

total cache size remains B per layer/head, MoEZip alters only the composition of the retained cache,
not the budget itself.

Query-agnostic variant. MoEZip-Recon replaces the downstream instruction with the same fixed
reconstruction query used by KVZip and computes routing-aware scores from the router and attention
statistics of that reconstruction pass. It requires no additional model forward pass beyond KVZip’s
reconstruction pass, and the resulting compressed cache can be reused across downstream requests.
The original MoEZip instead conditions anchor selection on the downstream instruction.

Complexity. MoEZip adds only a lightweight selection-time computation over the base scorer,
while preserving the same retained-cache size and decoding procedure after eviction. Its wall-clock
overhead is small, adding 0.88s on Qasper and 0.86s on average across 4K–32K NIAH contexts;
details are in Appendix D.

4 Experiment

4.1 Experimental Settings

Baselines and Models. We compare MoEZip with KVZip [19], SnapKV [23], and PyramidKV [6].
We evaluate on Qwen3-30B-A3B-Instruct [34] and GLM-4.7-Flash [42], which use softmax and
sigmoid routers, respectively.

Evaluation Datasets. We evaluate on 12 LongBench tasks [4], RULER [15], and Needle in a
Haystack (NIAH) [12] with context lengths from 4K to 32K. These benchmarks cover question
answering, summarization, few-shot learning, synthetic retrieval, code completion, and diverse long-
context tasks. We follow the official evaluation protocol for each benchmark and use the ROUGE-L
F1 score for NIAH.

KV Compression Setup. We evaluate keep ratios from 0.1 to 0.9, matching retained-KV budgets,
model checkpoints, prompt templates, and decoding settings across methods. MoEZip uses KVZip
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Figure 4: Performance heatmaps over context length and document depth across different KV
cache ratios. We compare MoEZip, KVZip, SnapKV, and PyramidKV under KV cache keep ratios
from 0.1 to 0.9.

as its default base scorer; the SnapKV-based variant is evaluated separately. To control for query con-
ditioning, we additionally compare KVZip with MoEZip-Recon using the same reconstruction query
and reusable-cache setting. SnapKV and PyramidKV use their standard final-64-token observation
window, which contains the complete template-defined downstream instruction in every evaluated
example across the 12 LongBench tasks. This instruction span excludes task content embedded in raw
question fields, such as passages and dialogues. Implementation details are provided in Appendix C.

4.2 Main Results

Results on LongBench. Fig. 3 shows that MoEZip achieves the best performance across most KV
cache budgets. In particular, MoEZip is more robust in the aggressive compression regime, where it
consistently preserves higher task performance than KVZip [19], PyramidKV [6], and SnapKV [23].
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Figure 5: Average performance on 13
RULER tasks across different KV cache
ratios.

.5The gains are most pronounced on reasoning- and
retrieval-intensive benchmarks, while remaining stable
on code and summarization tasks. Notably, under small
KV cache ratios (i.e., when only a small fraction of the
KV cache is retained), existing methods degrade sub-
stantially, with KVZip showing the most pronounced
collapse and other baselines also suffering clear perfor-
mance drops, whereas MoEZip remains comparatively
robust and preserves strong performance across tasks.
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Results on NIAH. Fig. 4 presents performance heatmaps over context length and document depth
across KV cache ratios. Under light compression, most methods remain relatively strong, although
MoEZip already shows the most uniform performance across the grid. The gap widens substantially
in the high-compression regime: MoEZip consistently preserves strong performance across varying
target positions and context sizes, while the baselines become much more sensitive to both factors. In
particular, KVZip degrades most severely and eventually collapses almost entirely under aggressive
compression. SnapKV and PyramidKV remain more competitive than KVZip, but still show substan-
tial instability, especially when the relevant information is placed deeper in longer contexts. These
results indicate that MoEZip is substantially more robust to both target position and context length
under aggressive KV cache compression.
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Figure 6: Generalization to sigmoid-
routed MoE models. On GLM-4.7-Flash,
MoEZip consistently achieves the best av-
erage performance across 12 LongBench
tasks, with the largest gains under aggres-
sive KV compression.

Results on RULER. Fig. 5 shows that MoEZip achieves
the best average performance on RULER across KV
cache ratios. The advantage is especially pronounced
in the high-compression regime, where PyramidKV and
SnapKV deteriorate substantially as the retained KV bud-
get decreases, while KVZip, although relatively stronger,
still remains consistently below MoEZip. Although all
methods converge near the full-cache setting, MoEZip
reaches this high-performance regime with a smaller
KV budget, demonstrating stronger robustness under
aggressive compression.

Generalization across model scales and routers. To
examine generalization for sigmoid-routing models, we
additionally evaluate MoEZip on GLM-4.7-Flash. Fig. 6
shows that MoEZip remains consistently superior on
average across 12 tasks for nearly all KV cache ratios.
MoEZip also improves compression on Qwen3-235B-A22B-Instruct-2507 [34]: at keep ratio 0.1, the
10-task LongBench macro increases from 27.6 with KVZip to 44.7. Detailed results are provided in
Appendix E.9.

4.3 Analyses

Effect of Routing-Fragility Scoring. We evaluate the contribution of the routing fragility scoring
based on Fisher-trace by comparing the full method with a variant that removes this component. As
shown in Fig. 7a, the full model consistently achieves better average performance, especially when
the KV budget is small. This suggests that the Fisher-trace metric provides an effective estimate
of routing fragility under compression, allowing the method to better preserve KV entries that are
critical for stable expert routing. Without this component, performance degrades more noticeably
under aggressive compression. Additional proxy comparisons and validation in Appendices A.2,
A.3, A.4, and B show that higher Fisher-trace bins correspond to higher expert-flip rates under
compressed KV (A.2), sample-level Fisher scores predict expert-flip rates (A.3), instruction-token
Fisher predicts answer-token Fisher (A.4), and Fisher-trace provides a stable default compared to
worst-case curvature (B).

Method
Reusable

cache
Keep
0.2

Keep
0.1

KVZip Yes 29.25 19.51
MoEZip-Recon Yes 45.14 41.95
MoEZip No 49.59 44.89

Table 1: Query conditioning and cache reuse.
LongBench 12-task macro scores on Qwen3-
30B-A3B-Instruct-2507 at matched KV bud-
gets. KVZip and MoEZip-Recon share a fixed
reconstruction query.

Effect of Adaptive Budget Allocation. We study
the role of adaptive budget allocation by comparing
it against a static KV retention budget (⌊B ·(ρmid)⌋),
where ρmid = (ρmin + ρmax)/2. Fig. 7b shows that
removing adaptive budget allocation leads to a con-
sistent drop in performance across KV cache ratios,
with the gap again becoming more pronounced in
the high-compression regime. This suggests that
fragility-adaptive budgeting is more robust than
fixed allocation under limited cache capacity.

Effect of Head-wise aggregation. We compare the proposed max pooling with a mean-pooling
alternative. Fig. 7c shows that replacing max pooling in the routing-aware score with mean pooling
consistently hurts performance across nearly all KV cache ratios, with the largest gap appearing under
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Figure 7: Average performance over 12 tasks across different KV cache ratios. a)–(d) present
ablations on the main components of MoEZip, including Fisher-based fragility modeling, adaptive
budget allocation, head-wise aggregation, and the choice of base scorer. The full method consistently
performs best, especially in the high-compression regime.

Metric
Retained

set Full KV Compressed
Oracle
routing ∆

NLL ↓ KVZip 4.22 5.67 4.97 −0.70
MoEZip 4.22 4.79 4.52 −0.27

LongBench ↑ KVZip 53.7 19.5 29.7 +10.2
MoEZip 53.7 44.9 46.2 +1.3

aggressive compression. This suggests that the strongest routing-aware signal is more informative
than the average signal.

Compatibility with Different Base Scorers. To examine whether the effectiveness of our approach
depends on a particular base scoring rule, we apply it on top of SnapKV [23] and compare it against
the original SnapKV baseline. Fig. 7d shows that our variant consistently achieves higher average
performance across 12 tasks over a wide range of KV cache ratios. The improvement is particularly
notable under aggressive compression. These results indicate that our method is complementary to
existing base scorers and can be integrated with them.

Query-agnostic compression. Table 1 separates the benefit of routing-aware selection from down-
stream query conditioning. At keep ratio 0.1, MoEZip-Recon improves over KVZip by 22.44 points
while preserving cross-request cache reuse. It retains 88% of the instruction-conditioned variant’s
improvement over KVZip.

4.4 Routing Intervention with a Fixed Retained Cache

Controlled intervention. We evaluate Qwen3-30B-A3B at keep ratio 0.1 while holding each
method’s retained context KV set fixed. At each instruction-token position and MoE layer, we replace
compressed-run expert assignments with those from a full-KV reference. Expert computations still
use activations from the intervened compressed-KV run; no hidden states or evicted KV entries are
restored.

Likelihood and task scores. Restoring instruction routing reduces KVZip’s answer NLL by 0.70,
versus 0.27 for MoEZip, narrowing their NLL gap from 0.88 to 0.45. The corresponding free-
decoding LongBench gains are 10.2 and 1.3 points, respectively. Thus, routing changes affect answer
quality even with the retained cache fixed, although correcting instruction routing does not recover
all effects of KV eviction.

Progressive routing correction. On the KVZip-retained cache across 12 LongBench tasks, we
randomly correct 0%, 25%, 50%, 75%, or 100% of instruction-routing disagreements between the
full- and compressed-KV runs. Disagreement sites and all other inference conditions are fixed;
intermediate conditions average three independently sampled subsets. For answer NLL L(c), define

RecoveryNLL(c) =
L(0)− L(c)
L(0)− L(1)

. (22)
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Corrected sites Answer NLL ↓ Normalized recovery

0% 5.670 0.0%
25% 5.503± 0.015 23.8%
50% 5.273± 0.012 56.7%
75% 5.107± 0.008 80.5%
100% 4.970 100.0%

Table 2: Progressive routing correction. The retained KVZip cache is fixed; recovery is normalized
between zero and complete correction.

NLL decreases monotonically with correction fraction: correcting 25%, 50%, and 75% of sites
recovers 23.8%, 56.7%, and 80.5% of the improvement from complete correction. Full correction
reduces NLL from 5.670 to 4.970, versus 4.220 with full KV.

Additional analyses are presented in the Appendix E.

5 Related Work

KV Cache Compressions. Recent studies have proposed a variety of KV cache eviction and
compression methods to reduce the memory and latency cost of long-context LLM inference.
StreamingLLM [33] retains attention sinks and recent tokens to enable stable streaming inference,
while H2O [43] formulates KV eviction around heavy hitters that dominate attention. SnapKV [23]
identifies prompt positions likely to be important for future decoding from a short observation
window, and PyramidKV [6] exploits layer-wise differences in information concentration to assign
non-uniform cache budgets across layers. AdaKV [11] extends this line of work by adaptively
reallocating budgets across attention heads, and DuoAttention [32] distinguishes retrieval heads from
streaming heads to combine full and lightweight KV retention. KVZip [19] departs from query-aware
scoring and proposes query-agnostic compression via context reconstruction, improving cache reuse
across multiple queries. However, these methods are primarily developed for dense LLMs. In MoE
LLMs, KV eviction can change router outputs and destabilize expert assignments. MoEZip addresses
this issue by explicitly preserving routing behavior during KV compression.

Efficient LLM Architectures. Recent work has increasingly emphasized efficiency as a central
design goal for long-context language models [22, 41]. Prior studies have explored this direction
through alternative sequence modeling and efficient attention architectures, including linear attention
methods such as DeltaNet [36], Gated DeltaNet [35], and Lightning Attention [27], as well as sparse
attention methods such as BigBird [39], Native Sparse Attention [38], and DSA [8]. These methods
improve efficiency by modifying the underlying architecture or attention pattern, reflecting a broader
shift toward scalable long-context modeling. In contrast, our work is complementary: rather than
redesigning the model architecture, we focus on KV cache compression at inference time, with
particular emphasis on preserving routing behavior in sparse MoE LLMs.

6 Conclusion, Limitations, and Broader Impacts

In this paper, we revisited KV cache compression for MoE language models from the perspective of
routing fragility. We showed that KV eviction can perturb expert routing and induce a MoE-specific
source of quality degradation under aggressive compression. We proposed MoEZip, a routing-aware
KV compression method that protects context positions important for stable expert routing. Across
LongBench, NIAH, and RULER, MoEZip consistently outperforms strong baselines, especially in
the high-compression regime.

A limitation of MoEZip is that it requires access to router outputs and instruction-to-context attention
statistics, which may not be exposed in black-box inference settings.

As with other LLM efficiency methods, MoEZip may lower deployment costs for both beneficial
applications and potential misuse. Overall, our results highlight routing fragility as an underexplored
principle for KV compression in MoE models and suggest future opportunities for routing-aware
compression in broader sparse architectures.
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A Local KL Expansion and Router-Specific Fisher Forms

A.1 Proof of Proposition 1

Proof. By the second-order expansion of KL divergence around a smooth parametric family [2],

D(p(·|z) ∥ p(·|z + δz)) =
1

2
(δz)⊤F (z) (δz) + o(∥δz∥2), (23)

where

[F (z)]i,j = −Ep(· | z)

[︃
∂2

∂zi∂zj
log p(· | z)

]︃
(24)

is the Fisher information matrix with respect to logit z. Alternatively,

F (z) = −Ep(· | z)
[︁
∇2

z log p(· | z)
]︁

(25)

where ∇2
z denotes the Hessian with respect to z.

We first show (9). We have that

E[D(p(·|z) ∥ p(·|z + δz))] ∝ E
[︁
(δz)⊤F (z) (δz)

]︁
(26)

= E
[︁
trace

[︁
(δz)⊤F (z) (δz)

]︁]︁
(27)

= E
[︁
trace

[︁
F (z) δz δz⊤

]︁]︁
(28)

= trace
[︁
F (z)E

[︁
δz δz⊤

]︁]︁
(29)

= trace
[︁
F (z) (Σδz + µδzµ

⊤
δz)
]︁

(30)

= trace [F (z) Σδz] (31)

= σ2 trace [F (z)] (32)

where we used: for (26), a scalar is equal to the trace of the scalar; for (27), trace(ABC) =
trace(BCA), for (28), linearity of expectations; for (30)–(32), we have µδz = 0 and Σδz = σ2I .

Next, we show (11) and (12).
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Softmax-type routing. From (5), we have that

log p(x|z) = x⊤z − log(
∑︂
e

exp(ze))

Thus,
−∇z log p(x|z) = softmax(z)− x = g − x

Thus, the negative Hessian of p(x|z) with respect to z is the Jacobian of g = softmax(z) with respect
to z, which is known to be diag(g)− gg⊤. Thus,

F (z) = −E[∇2
z log p(x|z)] = diag(g)− gg⊤ (33)

Thus,
trace[F (z)] = trace[diag(g)]− trace(ggT ) =

∑︂
e

ge −
∑︂
e

g2e = 1−
∑︂
e

g2e .

which proves (11).

Sigmoid-type routing. From (6), we have that

log p(x|z) =
∑︂
e

xe log ge(z) + (1− xe) log(1− ge(z))

where ge(z) = σ(ze). Then
∂

∂ze
log p(x|z) = xe

ge(z)(1− ge(z))

ge(z)
− (1− xe)

ge(z)(1− ge(z))

1− ge(z)
= xe − ge(z)

Thus

− ∂2

∂z2e
log p(x|z) = ge(z)(1− ge(z))

and

− ∂2

∂ze∂ze′
log p(x|z) = 0

yielding
−∇2

z log p(x|z) = diag(g ⊙ (1− g))

where ⊙ denotes the elementwise product. Thus
F (z) = diag(g ⊙ (1− g))

Thus, we have that
trace(F (z)) =

∑︂
e

ge(1− ge)

which proves (12).

Interpretation of the Fisher trace. The quadratic KL expansion in Eq. (23) is direction-dependent,
whereas its isotropic expectation is proportional to the Fisher trace. The trace can also be written as
the expected squared norm of the score function:

trace(F (z)) = Ep(·|z)

[︂
∥∇z log p(x|z)∥22

]︂
. (34)

This motivates a direction-agnostic measure of local routing sensitivity without requiring the eviction-
induced perturbation direction. The isotropic model is a local motivation, rather than an assumption
that actual KV-eviction shifts follow this distribution. The router-specific trace expressions require
O(E) computation. Appendix B considers worst-case curvature, while Appendix A.2.1 evaluates the
relationship between the trace and realized flips under aggressive compression.

A.2 Token-Level Validation of the Fisher-Trace Proxy

To further validate the Fisher-trace score, we group (sample, decode step, layer) observations into
quantiles according to their Fisher-trace values and measure the corresponding empirical expert-
flip rate under KV compression. As shown in Fig. 8, higher Fisher-trace bins consistently exhibit
higher flip rates across both HotpotQA and Qasper, and this separation becomes stronger under
more aggressive compression. This provides direct empirical support that the Fisher trace captures
meaningful routing fragility, beyond its role as a theoretically motivated proxy.
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Figure 8: Empirical expert-flip rate across Fisher-trace quantiles. We bin
(sample, decode step, layer) observations by Fisher trace from the full-KV router softmax
and measure the mean top-1 expert-flip rate under compressed KV. Across both HotpotQA and
Qasper, higher Fisher-trace bins consistently show higher flip rates, and the separation becomes
larger as compression becomes more aggressive.

Task Q1 Q2 Q3 Q4 Q5 Q5/Q1

MuSiQue .103 .144 .223 .275 .429 4.17
2WikiMQA .085 .127 .168 .210 .340 4.00
PsgRetrieval .142 .207 .265 .369 .503 3.54
RepoBench-P .185 .302 .375 .475 .609 3.29
MultiFieldQA .217 .337 .455 .556 .704 3.24
Qasper .230 .355 .472 .575 .723 3.14
HotpotQA .174 .243 .338 .408 .547 3.14
NarrativeQA .199 .296 .400 .481 .608 3.06
QMSUM .210 .334 .431 .510 .637 3.03
TREC .202 .260 .340 .454 .604 2.99
Multi-News .208 .340 .410 .493 .608 2.92
LCC .331 .447 .527 .629 .757 2.29

Table 3: Realized expert-flip rates by Fisher-trace quintile. Qwen3-30B with KVZip at keep ratio
0.1. Q1 and Q5 denote the lowest and highest quintiles. Ratios are computed from the displayed
rounded flip rates.

A.2.1 Validation under Aggressive Compression

We extend the token-level validation to 12 LongBench tasks using Qwen3-30B with KVZip at keep
ratio 0.1. Fisher-trace quintiles are formed separately within each task and layer; we then aggregate
realized expert-flip rates across 50 samples and evaluate decoding positions within each quintile.

Flip rates increase monotonically across quintiles in all 12 tasks. The highest quintile exhibits
approximately 2.29–4.17 times the flip rate of the lowest quintile. This supports the Fisher trace
as a relative ranking signal under aggressive compression across retrieval, question answering,
summarization, classification, and code tasks. It does not require interpreting the local perturbation
approximation as an exact model of eviction-induced logit shifts.

A.3 Sample-Level Validation of the Fisher-Trace Proxy

We first perform a sample-level sanity check to verify whether the Fisher-trace fragility proxy is
predictive of actual router instability. For each sample, we compute the mean Fisher trace over
answer-token router states under the full KV cache, and correlate it with the sample-level expert
flip rate induced by KV compression. We report both Spearman’s rank correlation ρ and Pearson
correlation r shown in the Table 4.
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Table 4: Sample-level correlation between answer-token Fisher trace and expert flip rate. For
each sample, we compute the mean Fisher trace from full-KV answer-token router states and correlate
them with the expert flip rate under compressed KV. Both Spearman’s ρ and Pearson’s r are positive
across all settings and increase under more aggressive compression, indicating that the Fisher-trace
proxy captures sample-level routing fragility.

Dataset Keep ratio Spearman ρ Pearson r

HotpotQA 0.7 0.26 0.28
HotpotQA 0.5 0.31 0.39
HotpotQA 0.3 0.50 0.54
HotpotQA 0.1 0.70 0.68
Qasper 0.7 0.41 0.40
Qasper 0.5 0.54 0.52
Qasper 0.3 0.73 0.69
Qasper 0.1 0.82 0.83

Table 5: Instruction-token surrogate validation. X1: pre-generation instruction-token mean Fisher
score (observable at eviction time). X2: answer-token mean Fisher score under full KV (the quantity
X1 is meant to surrogate). Y : compressed-KV expert flip rate (a downstream, highly aggregated
statistic). Load-bearing claim (X1 ↔ X2): the surrogate relation is significant across all tasks
(p < 0.05) and is independent of the keep ratio (both are computed under full KV). Supporting
evidence (X1, X2 ↔ Y ): Fisher scores additionally correlate with the downstream flip rate, with
strength varying by task structure. Asterisks denote correlations significant at p < 0.05.

Dataset ρ(X1, X2)
ρ(X1, Y ) ρ(X2, Y )

Keep 0.1 Keep 0.3 Keep 0.1 Keep 0.3

QMSUM +0.351∗ +0.103 +0.367∗ +0.105 +0.215
MultiFieldQA +0.475∗ +0.351∗ +0.242 +0.825∗ +0.563∗

The correlations are positive in all settings and become substantially stronger as the keep ratio
decreases. This trend is consistent across both HotpotQA and Qasper: under aggressive compression,
samples with larger Fisher trace are much more likely to exhibit expert-routing flips. These results
provide sample-level evidence that Fisher trace captures meaningful routing fragility rather than only
acting as a local uncertainty heuristic.

This analysis validates the Fisher-trace proxy itself. Since answer-token router states are unavailable
before generation, MoEZip uses instruction-token router states as a practical pre-generation surrogate;
the effectiveness of this choice is further supported by the end-task improvements and routing-flip
reductions reported in Sec. 4.3 and Appendix E.2.

A.4 Instruction-token surrogate validation.

The central design choice of MoEZip is to use instruction-token router states as a pre-generation
surrogate for future answer-token routing fragility, since answer-token states are unavailable at
eviction time. Table 5 validates this choice. We separate the load-bearing surrogate claim from
supporting end-to-end evidence, since the two play different roles in justifying MoEZip.

Load-bearing claim: surrogate validity (X1 ↔ X2). The relation that MoEZip actually depends
on is whether instruction-token Fisher tracks answer-token Fisher under full KV: if it does, then the
pre-generation signal X1 is a faithful proxy for the routing fragility that ultimately governs generation
quality. We find that X1 is significantly correlated with X2 on every evaluated task (ρ = 0.351∗ on
QMSUM, ρ = 0.475∗ on MultiFieldQA, all p < 0.05). This relation holds across both extractive
QA and summarization, indicating that the surrogate is not tied to a specific task structure. Note that
ρ(X1, X2) is independent of the keep ratio because both quantities are computed from full-KV router
states; only ρ(·, Y ) varies with compression.

Supporting evidence: end-to-end link to the flip rate (X1, X2 ↔ Y ). We additionally report
correlations between Fisher scores and the compressed-KV flip rate Y . These are not necessary for
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Task KVZip Instruction
Answer
oracle Recovery Jaccard

PsgRetrieval 3.5 63.3 65.1 .97 .96
HotpotQA 22.8 48.6 52.3 .87 .88
Qasper 8.6 18.3 31.2 .43 .71
QMSUM 16.8 17.5 20.3 .20 .64

Macro / aggregate 12.9 36.9 42.2 .82 .80
Table 6: Instruction-conditioned versus answer-oracle selection. Qwen3-30B at keep ratio 0.1. The
final row reports macro task scores, aggregate recovery from Eq. (35), and mean Jaccard similarity.

the surrogate to be valid: Y is a coarse, highly aggregated statistic, averaged over MoE layers, decode
steps, and the particular eviction-induced perturbation realized at a given keep ratio, so a position-
level Fisher score need not strongly predict it for the surrogate X1 → X2 to be useful. Nevertheless,
all reported correlations are positive, and on routing-localized tasks such as MultiFieldQA they are
strong (e.g., ρ(X2, Y ) = 0.825∗ at keep = 0.1). The weaker X1–Y correlation on QMSUM at
keep = 0.1 (ρ = 0.103) is consistent with summarization involving broad, distributed attention, so
routing-critical positions are spatially diffuse; aggregating over many such positions averages out
the per-position signal in Y . Importantly, the surrogate relation X1 ↔ X2 remains significant on
QMSUM even at keep = 0.1, so this reflects task-dependent diffuseness in Y rather than a breakdown
of the instruction-to-answer surrogate.

Takeaway. The load-bearing surrogate claim (X1 → X2) holds uniformly across tasks and is what
justifies using instruction-token router states for routing-aware KV selection. The end-to-end link to
Y is supporting evidence whose strength is task-dependent and strongest where routing perturbations
are spatially localized, precisely the regime where position-level anchoring is most expected to help.
The end-task improvements and routing-flip reductions reported in Section 4.3 and Appendix E.2
provide complementary downstream validation across all evaluated tasks.

A.4.1 Instruction-to-Answer Oracle Diagnostic

Diagnostic design. We complement the score-level correlations above with a direct task-
performance comparison. The answer-oracle condition replaces instruction-token positions with
teacher-forced reference-answer positions in both the Fisher and token-to-context attention terms.
The retained-KV budget, routing-aware anchor budget Bf , base scorer, and evaluation protocol are
fixed across conditions. Reference answers are used only to select oracle anchors and are discarded
before free decoding. This is a privileged diagnostic rather than a deployable inference variant.

Recovery and anchor agreement. For task d, let sbased , sinstd , and soracled denote the scores of
KVZip, instruction-conditioned selection, and answer-oracle selection. We report

Rd =
sinstd − sbased

soracled − sbased

,

Ragg =

∑︁
d(s

inst
d − sbased )∑︁

d(s
oracle
d − sbased )

.

(35)

Aggregate recovery is a ratio of summed improvements, not the arithmetic mean of task-level recovery
ratios. For instruction and oracle anchor sets Ainst

d and Aoracle
d , we measure Jaccard similarity as

Jd =
|Ainst

d ∩ Aoracle
d |

|Ainst
d ∪ Aoracle

d |
. (36)

LongBench results. Across four LongBench tasks at keep ratio 0.1, selection based on instruction
tokens recovers approximately 82% of the oracle’s aggregate improvement over KVZip. Recovery is
high on passage retrieval and HotpotQA (97% and 87%), but lower on Qasper and QMSUM (43%
and 20%), where anchor agreement is also lower. These results quantify task-dependent gaps that are
not captured by score-level correlation alone.
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Task Keep KVZip Instruction Oracle Recovery Jaccard

NIAH-single-2 .2 15.4 100.0 100.0 1.00 .94
NIAH-multikey-1 .2 10.6 86.0 94.0 .90 .76
NIAH-multiquery .2 10.0 77.0 77.0 1.00 .81
NIAH-single-2 .1 10.2 72.0 88.0 .79 .52
NIAH-multikey-1 .1 10.4 44.0 60.0 .68 .44

Table 7: Answer-oracle diagnostic on RULER/NIAH. All settings use 4K-token contexts. Instruc-
tion and oracle conditions use matched retained-KV and anchor budgets.

NIAH results. Across five RULER/NIAH settings with 4K-token contexts, instruction-conditioned
selection recovers approximately 89% of the oracle’s aggregate improvement. Recovery is 97%
across the three settings at keep ratio 0.2 and 75% across the two settings at keep ratio 0.1. The
surrogate therefore retains most of the oracle benefit in these retrieval settings, with a larger gap under
more aggressive compression.

Signal-level check. On RULER QA-1 (SQuAD), instruction- and answer-conditioned context-
position scores have Spearman correlation 0.99. Their anchor sets have Jaccard similarity 0.94 and
answer-anchor recall 0.97. Recall is the fraction of oracle anchors also selected by the instruction-
based condition. This provides a further signal-level check alongside task performance.

B Worst-case Analysis

The worst-case perturbation corresponds to the case where perturbation δz is in the direction of
the eigenvector associated with the maximum eigenvalue of Fisher information matrix F (z), or
λmax(F (z)). We consider estimating λmax(F (z)) for two types of routing.

Softmax-type routing. In (33), we showed that F (z) = diag(g) − gg⊤. A closed-form λmax is
unavailable in this case, and we find an upper bound on λmax with computational complexity O(E)
as follows.
Proposition 2. Let g = softmax(z) and F = diag(g)− gg⊤. We have that

λmax(F ) ≤ min(B1, B2, B3) (37)
B1 = gmax (38)
B2 = max

i
[2gi(1− gi)] (39)

B3 =

⌜⃓⃓⎷∑︂
i

g2i − 2
∑︂
i

g3i +

(︄∑︂
i

g2i

)︄2

(40)

where gmax denotes the maximum element of g.

Proof. For bound B1, we use the triangular inequality for the maximum eigenvalue function as
follows. For symmetric A and B, we have

λmax(A+B) ≤ λmax(A) + λmax(B)

Thus
λmax(F ) ≤ λmax(diag(g)) + λmax(−gg⊤)

Since −gg⊤ is rank-one matrix with one negative eigenvalue and E − 1 zero eigenvalues, we have
λmax(−gg⊤) = 0. Since λmax(diag(g)) = gmax, we have

λmax(F ) ≤ gmax = B1

For the bound B2, we use Gershgorin circle theorem [14]. The theorem states that, for any eigenvalue
λ of F , there exists row index i ∈ {1, ..., E} such that

Fii −Ri ≤ λ ≤ Fii +Ri (41)
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where Ri is the sum of off-diagonal elements at row i, i.e.,

Ri :=
∑︂
j ̸=i

|Fij |

If we apply the theorem to F , we have that

Fii = gi(1− gi)

and

Ri = |
∑︂
j ̸=i

Fij | = | −
∑︂
j ̸=i

gigj | = gi
∑︂
j ̸=i

gj = gi(1− gi)

where we have used gi = 1−
∑︁

j ̸=i gj . Thus, (41) becomes

0 ≤ λ ≤ 2gi(1− gi)

This implies that

λmax ≤ max
i

[2gi(1− gi)] = B2

For bound B3, we have in general

λmax(F ) ≤ ∥F∥F

where ∥ · ∥F denotes the Frobenius norm. Using its definition,

∥F∥F =
√︂

trace(F⊤F )

We have that

trace(F⊤F ) = trace
[︁
(diag(g)− gg⊤)(diag(g)− gg⊤)

]︁
= trace[diag(g)2]− 2 · trace[gg⊤diag(g)] + trace[(gg⊤)2]

We have

trace[diag(g)2] =
∑︂
e

g2e

trace[gg⊤diag(g)] = trace[g⊤diag(g)g] = g⊤diag(g)g =
∑︂
e

g3e

trace[(gg⊤)2] = trace[g⊤(gg⊤)g] = g⊤(gg⊤)g = (g⊤g)2 =

(︄∑︂
e

g2e

)︄2

Thus, we have B3 = ∥F∥F , which completes the proof.

The expression of the bounds B1, B2 and B3 shows that all of them can be computed in O(E) time.

Sigmoid-style routing. For sigmoid-style routing, Appendix A.1 shows that

F (z) = diag(g ⊙ (1− g)).

Because the Fisher matrix is diagonal, its maximum eigenvalue is available in closed form:

λmax(F ) = max
e

ge(1− ge). (42)

Thus, unlike the softmax case, the sigmoid worst-case curvature can be computed exactly in O(E)
time.
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Figure 9: Softmax-router worst-case bound versus Fisher trace. The worst-case Fisher-bound
score performs comparably to Fisher trace on several tasks, but does not consistently improve
performance and can be less robust under aggressive compression. We therefore use Fisher trace as
the default routing-fragility proxy.

Figure 10: Sigmoid-router worst-case score versus Fisher trace. For sigmoid-style routing, the
Fisher matrix is diagonal and the worst-case curvature is given exactly by maxe ge(1 − ge). We
compare this exact worst-case score with the Fisher trace on six LongBench tasks. The two scores
show similar trends overall, but the worst-case score does not consistently outperform Fisher trace
and can degrade more sharply in the high-compression regime.

Empirical comparison. We compare the Fisher-trace score used in MoEZip with the worst-case
curvature alternatives above. For softmax routing, we use the upper bound in Eq. (37). For sigmoid-
style routing, we use the exact value in Eq. (42). Figures 9 and 10 report task performance across
compression ratios.
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Overall, the worst-case curvature scores are competitive with Fisher trace in several moderate-
compression settings, indicating that worst-case Fisher geometry is also informative for routing
fragility. However, they do not consistently outperform Fisher trace across tasks and can be less stable
under aggressive compression. This is especially visible in the high-compression regime, where the
bound-based score sometimes drops earlier or more sharply than Fisher trace. These results suggest
that tighter worst-case curvature does not necessarily translate into better context-position ranking for
KV retention.

We therefore use Fisher trace as the default score in MoEZip. Compared with worst-case curvature,
Fisher trace provides a smoother direction-agnostic summary of the router state, admits simple closed
forms for both softmax- and sigmoid-style routers, and empirically yields more stable performance
across tasks and compression ratios.

C Implementation Details

Algorithm. Algorithm 1 summarizes our router-fragility-aware prefix KV compression algorithm2.

Algorithm 1 Router-Fragility-Aware Prefix KV Compression

Require: Context prefix x1:L, instruction tokens y1:T , per-(layer, head) retention budget B
Require: Base scorer with retention signal sbaseℓ,h (i)
Ensure: Compressed prefix KV cache

1: Run one prefill pass on [x1:L; y1:T ], caching keys/values and routing/attention statistics.
2: for each MoE layer ℓ ∈M do
3: for each instruction token t = 1, . . . , T do
4: Obtain router gate gt,ℓ and compute token-level routing fragility ft,ℓ ▷ Eq. (10)
5: Aggregate instruction-to-context attention ᾱt,ℓ,i ← maxh αt,ℓ,h,i for all i ∈ {1, . . . , L}

▷ Eq. (15)
6: Compute context-side routing-importance scores r(i) ←

∑︁
ℓ∈M

∑︁T
t=1 ᾱt,ℓ,i ft,ℓ for all i ∈

{1, . . . , L} ▷ Eq. (16)
7: Compute sample-average routing fragility Γ ▷ Eq. (18)
8: Compute adaptive anchor budget Bf ← ⌊B · ρ(Γ)⌋ ▷ Eq. (19)
9: Select routing-aware anchor set Aanc ← TopBf

{︁
r(i) : i ∈ {1, . . . , L}

}︁
10: for each layer ℓ and attention head h do
11: Sℓ,h ← Aanc ∪ Sbaseℓ,h

(︁
B −Bf ; {1, . . . , L} \ Aanc

)︁
▷ Eq. (21)

12: Evict prefix KV entries not in Sℓ,h for each (ℓ, h).

Prefill-stage routing signals. We instantiate MoEZip on top of an existing base KV compression
method without changing its original masking or allocation rule. Given a context prefix x1:L and
observed conditioning tokens y1:T , we run a single prefill pass on [x1:L; y1:T ]. Since the routing
fragility of future decoding tokens is unavailable before generation, we treat y1:T as instruction
routing tokens. At each MoE layer, we collect their router gates and instruction-to-context attention
weights.

For each instruction routing token t and MoE layer ℓ, we compute the token-level routing fragility
score ft,ℓ from the router gate using Eq. (10). For softmax-routed models, this reduces to Eq. (11);
for sigmoid-style models, we use Eq. (12). To aggregate instruction-to-context dependencies across
attention heads, we use max pooling:

ᾱt,ℓ,i = max
h

αt,ℓ,h,i. (43)

We then compute the routing-importance score r(i) in Eq. (16) and select the top-Bf context positions
as routing-aware anchors.

Adaptive anchor count. For adaptive budgeting, we compute the sample-level fragility ratio Γ
as the fraction of instruction-token router states whose fragility score exceeds the threshold τ . We

2Source code is provided in the Supplementary Material.
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convert Γ into an anchor ratio by

ρ(Γ) = ρmin + (ρmax − ρmin)Γ. (44)

Given the current retention budget B of the base scorer, we set the number of routing-aware anchors
to

Bf = clip(⌊B ρ(Γ)⌋ , Bmin, Bmax) . (45)

The clipping bounds are not task-specific tuning parameters; they only prevent the anchor set from
becoming empty under tight budgets or overly dominant under large budgets. Unless otherwise stated,
we use ρmin = 0.05, ρmax = 0.25, Bmin = 32, and Bmax = 128 in all experiments. We set the
threshold to 85% of the theoretical maximum Fisher trace: τ = 0.85(1− 1/E) for softmax routing
and τ = 0.85E/4 for sigmoid routing, where E denotes the number of routed experts. We emphasize
that τ is used only to estimate the sample-level fragility ratio Γ in Eq. (18); context-position ranking
is still governed by the continuous routing-fragility score in Eq. (10). Therefore, MoEZip is not
driven by hard thresholding of individual context positions. Sensitivity to ρmin and ρmax is analyzed
in Appendix E.1.

Evaluation metrics. For LongBench [4], we follow the official evaluation protocol and use the stan-
dard metric associated with each task: F1 for question-answering tasks, ROUGE-L for summarization
tasks, accuracy for classification and few-shot learning tasks, and edit similarity for code-completion
tasks. For RULER [15], we use the official evaluation scripts and report the average score over its 13
tasks. For NIAH [12], we report Rouge-L F1 between the predicted answer and the target needle
answer, treating needle retrieval as an answer-extraction task.

Compute resources. All experiments were conducted on NVIDIA A100 GPUs with 80GB memory.
Each evaluation run used two A100 GPUs, except for the 235B-model experiments described in
Appendix E.9, which used eight. The reported experiments, including MoEZip and all baselines,
required approximately 15,000–16,000 A100 GPU-hours in total. This estimate excludes preliminary
exploratory or failed runs.

Table 8: Scoring-time overhead of MoEZip on Qasper. We compare the average scoring time of
the base KVZip scorer and MoEZip under the same evaluation setting. The additional overhead of
Fisher-based scoring remains modest.

Method Avg. Scoring Time (s) Additional Time (s)
KVZip (base) 9.36 -

MoEZip (+Fisher score) 10.24 0.88
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NIAH scoring time: KVzip vs KVzip + Fisher (Qwen3-30B-A3B, CR=0.5)
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Figure 11: Scoring-time overhead on NIAH. Adding the proposed Fisher-based routing refinement
to KVZip introduces only modest additional scoring cost on Qwen3-30B-A3B at a KV cache ratio of
0.5, with absolute overhead ranging from 0.27s to 1.79s across context lengths.
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Query conditioning and cache reuse. MoEZip-Recon uses the same fixed reconstruction query as
KVZip. It reuses router and attention statistics from that reconstruction pass to compute routing-aware
anchors, requiring no additional model forward pass beyond KVZip’s reconstruction pass. Its final
compressed cache is independent of downstream instructions and can therefore be reused across
requests. The original MoEZip instead uses the downstream instruction for anchor selection. A
matched comparison is reported in Appendix E.6.

Observation-window fairness. MoEZip uses the template-defined downstream instruction span.
SnapKV and PyramidKV use their standard final-64-token observation window. After applying the
evaluated prompt templates and tokenizer, the complete instruction span is contained within this
window for every example across the 12 LongBench tasks; the maximum instruction length is 64
tokens. For this check, the downstream instruction is distinguished from task content embedded in
raw question fields, such as passages, dialogues, and retrieval abstracts. The KVZip–MoEZip-Recon
comparison additionally matches the reconstruction query, base scorer, retained-KV budget, and
reusable-cache setting.

D Complexity

Our method introduces only a modest additional overhead over the base scoring procedure. The extra
computation comes from: (i) computing instruction-token router fragility scores, (ii) aggregating
instruction-to-context attention, (iii) forming the position-wise refinement score in Eq. (16), and (iv)
incorporating this refinement into the base score before selection.

Let |I| denote the number of instruction tokens, L the prefix length, E the number of experts, and
M the set of MoE layers used for refinement. The additional cost of router fragility computation is
O(|M||I|E), and the attention-based aggregation over context positions costs O(|M||I|L), giving
a total overhead of

O
(︁
|M||I|(E + L)

)︁
. (46)

In long-context settings where L≫ E, this is dominated by O(|M||I|L).
In practice, the overhead is small because our method reuses router outputs and attention statistics
from the scoring stage and does not require any additional transformer forward pass. Since |I| ≪ L
in typical tasks, the added cost is modest relative to the overall prefill cost.

We measure the overhead of Fisher-based scoring for MoEZip in Table 8 and Fig. 11.

E Additional Analyses

Figure 12: Sensitivity analysis of ρmax on representative LongBench tasks. We vary the maximum
anchor ratio ρmax ∈ {0.1, 0.25, 0.3} while fixing ρmin = 0.05. Across QMSum, Qasper, Multi-
FieldQA, and 2WikiMQA, the overall performance is relatively stable over a broad range of ρmax

values. The default setting ρmax = 0.25 consistently provides strong or near-best performance, while
overly small values can slightly weaken robustness in the high-compression regime by limiting the
number of route-aware anchors.

E.1 Sensitivity Analysis of ρmin and ρmax.

We study the sensitivity of MoEZip to the adaptive anchor-budget parameters ρmin and ρmax on four
representative LongBench tasks: QMSum, Qasper, MultiFieldQA, and 2WikiMQA. Recall that the
anchor ratio is defined as

ρ(Γ) = ρmin + (ρmax − ρmin)Γ,
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Figure 13: Sensitivity analysis of ρmin on representative LongBench tasks. We vary the minimum
anchor ratio ρmin ∈ {0.0, 0.05, 0.1} while fixing ρmax = 0.25. The results remain highly stable
across all four tasks, indicating that MoEZip is not overly sensitive to the exact choice of ρmin. The
default setting ρmin = 0.05 achieves consistently strong performance, while different values lead
only to minor variations across KV cache ratios.

where Γ denotes the sample-level routing fragility ratio. Thus, ρmin controls the minimum degree
of route-aware protection even for relatively stable samples, while ρmax determines the maximum
fraction of anchors allocated to highly fragile samples.

Fig. 12 varies ρmax while fixing ρmin = 0.05. Overall, the method is fairly robust across different
choices of ρmax, and the default setting ρmax = 0.25 consistently achieves strong or near-best
performance. When ρmax is set too small, the method can become slightly less robust under
aggressive compression, since the route-aware component is prevented from allocating enough
anchors to highly fragile cases. Increasing ρmax beyond the default yields only marginal changes,
suggesting that the method does not require precise tuning of the upper anchor budget.

Fig. 13 varies ρmin while fixing ρmax = 0.25. The results are even more stable across different
choices of ρmin, with only minor variations observed over KV cache ratios and tasks. This indicates
that MoEZip is not overly sensitive to the exact amount of minimum route-aware protection, as long
as a modest baseline level of anchors is preserved.

Overall, these results show that MoEZip is robust to the choice of adaptive budget parameters. The
default setting (ρmin, ρmax) = (0.05, 0.25) provides a good balance across tasks without requiring
careful per-task tuning.

Figure 14: Task quality and router flip rate across compression ratios. We compare task
performance and expert flip rate of answer-tokens under increasing KV compression. Across all
six tasks, MoEZip consistently maintains lower flip rates than KVZip. The shaded region marks
the compression range where KVZip begins to exhibit a sharp quality drop, while MoEZip remains
notably more stable.

E.2 Answer-Token Flip Rate per Compression Ratio

Fig. 14 compares task performance and answer-token expert flip rate across compression ratios on
six representative tasks. Consistent with the main-text observation, the flip rate rises as compression
becomes more aggressive, and this increase is closely associated with downstream quality degradation.
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Figure 15: Layer-wise router flip rate of
KVZip across compression ratios, averaged
over Qasper and HotpotQA. Router instabil-
ity increases steadily with compression and be-
comes most pronounced in the middle-to-late
MoE layers.

Figure 16: Layer-wise router flip rate of
SnapKV across compression ratios, averaged
over Qasper and HotpotQA. Similar to KVZip,
router instability grows under aggressive com-
pression and is concentrated in the middle-to-late
MoE layers.

Figure 17: Input-wise router flip rates of
KVZip on sampled SQuAD v2 contexts. Each
dot denotes one input associated with the same
context, and the red bar indicates the within-
context range. Even under an identical context,
router flip rates vary substantially across inputs,
showing that routing instability is strongly input-
dependent.

Figure 18: Input-wise router flip rates of
SnapKV on sampled SQuAD v2 contexts.
Each dot denotes one input associated with the
same context, and the red bar indicates the
within-context range. Router instability still
varies noticeably across inputs sharing the same
context, indicating that it depends not only on
the context but also on the input.

However, the relationship is not merely descriptive: compared with KVZip, MoEZip consistently
exhibits lower flip rates across all tasks, and this reduction is accompanied by substantially improved
robustness in task performance.

This pattern is especially clear in the high-compression regime. On several tasks, KVZip maintains
competitive performance up to a moderate compression level and then exhibits a sharp quality collapse
once the flip rate rises sufficiently. By contrast, MoEZip delays this transition by suppressing router
instability, thereby preserving answer quality over a broader compression range. These results support
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our central claim that routing instability is a key failure mode of KV compression in MoE models,
and that reducing expert flips is closely tied to improved downstream robustness.

E.3 Layer-Wise Router Instability under KV Compression

We further examine where routing instability emerges across MoE layers. For each MoE layer, we
compare the top-1 expert selected with the full KV cache and with the compressed KV cache, and
report the fraction of tokens whose expert assignment changes.

As shown in Fig. 15 and Fig. 16, both KVZip and SnapKV exhibit a clear increase in router flip rate
as compression becomes more aggressive. In addition, the instability is not uniform across depth: the
flip rate is relatively low in early layers but becomes substantially higher in deeper layers, especially
in the middle-to-late MoE layers. This suggests that routing perturbations induced by KV eviction
are not limited to isolated shallow routing decisions, but can affect expert selection across a broad
range of MoE layers.

These results motivate incorporating routing-aware protection into KV compression. However, layer-
wise flip variation alone does not imply that the routing-aware score should replace fine-grained
layer/head-specific KV scoring. Instead, MoEZip uses the routing-aware score as a conservative
position-level anchor signal: it selects a small set of context positions that are likely to be important
for routing stability and protects them across layers. The remaining KV budget is still allocated by
the layer/head-specific base scorer, allowing MoEZip to combine coarse routing-aware protection
with fine-grained KV allocation.

E.4 Router Flip Rate across Different Inputs for the Same Context

We further analyze router instability across different inputs that share the same context. For each
input, we compare the top-1 expert selected with the full KV cache and with the compressed KV
cache, and report the input-wise router flip rate under the same compressed context.

As shown in Fig. 17 and Fig. 18, both KVZip and SnapKV exhibit substantial within-context variation
in router flip rates: some inputs remain relatively stable, while others induce much larger routing
disruption under the same context and compression ratio. This indicates that routing instability is
input-dependent and cannot be fully explained by context-side saliency alone.

This supports the need for instruction-conditioned refinement. A context-only score assigns the same
importance to context positions regardless of the downstream input, but the routing-critical positions
to preserve may vary across inputs. MoEZip therefore estimates routing fragility from the instruction
tokens and uses instruction-to-context attention to identify input-specific routing-aware anchors.

E.5 Paired Bootstrap Confidence Intervals

Table 9: Paired task-level bootstrap intervals for LongBench. Each entry reports the mean score
difference between MoEZip and a baseline, with 95% percentile intervals over 10,000 bootstrap
samples. All intervals exclude zero, indicating consistent improvements under task-level resampling.

Comparison Keep 0.1 Keep 0.3 Keep 0.5

MoEZip − KVZip +25.4 [+13.5, +36.9] +8.7 [+5.3, +11.9] +0.58 [+0.17, +1.12]
MoEZip − SnapKV +13.8 [+7.8, +21.1] +6.1 [+3.3, +9.4] +3.3 [+1.8, +4.9]
MoEZip − PyramidKV +16.3 [+9.2, +25.4] +14.5 [+6.7, +25.2] +13.9 [+7.5, +21.2]

Table 10: Paired task-level bootstrap intervals for RULER. Each entry reports the mean score
difference between MoEZip and a baseline, with 95% percentile intervals over 10,000 bootstrap
samples. All intervals exclude zero, indicating consistent improvements under task-level resampling.

Comparison Keep 0.1 Keep 0.3 Keep 0.5

MoEZip − KVZip +20.4 [+9.2, +34.9] +16.1 [+6.3, +27.9] +5.6 [+0.2, +13.3]
MoEZip − SnapKV +9.7 [+1.6, +25.1] +55.1 [+35.3, +73.9] +53.5 [+33.7, +72.1]
MoEZip − PyramidKV +9.8 [+1.6, +25.1] +60.4 [+42.5, +76.8] +71.5 [+54.3, +87.6]
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Method
Reusable

cache Keep 0.2 Keep 0.1

KVZip Yes 29.25 19.51
MoEZip-Recon Yes 45.14 41.95
MoEZip No 49.59 44.89

Table 11: Query conditioning and compressed-cache reuse. LongBench 12-task macro scores on
Qwen3-30B-A3B-Instruct-2507. All methods use matched retained-KV budgets.

Evaluation Global Per-layer Per-GQA

LongBench 12-task macro 44.9 36.3 39.3
Gap relative to global — −8.6 −5.6
Tasks won by global — 12/12 11/12

Table 12: Anchor-selection granularity under matched KV budgets. The base compressor retains
layer/head-specific selection for all non-anchor entries.

We perform paired task-level bootstrap analysis to assess whether MoEZip’s improvements over
each baseline are robust to task composition. For each bootstrap sample, we resample tasks with
replacement and compute the mean score difference between MoEZip and each baseline on the same
resampled task set. We report 95% percentile intervals over 10,000 bootstrap samples.

As shown in Tables 9 and 10, MoEZip outperforms all baselines across all reported keep ratios on
both LongBench and RULER, with all paired intervals excluding zero. These results indicate that
MoEZip’s improvements are robust to task-level resampling across the reported aggregate settings.

E.6 Query-Agnostic Compression and Cache Reuse

We compare KVZip, MoEZip-Recon, and instruction-conditioned MoEZip on Qwen3-30B-A3B-
Instruct-2507 across 12 LongBench tasks. KVZip and MoEZip-Recon use the same fixed recon-
struction query, base scoring procedure, and retained-KV budget, and both produce caches reusable
across downstream requests. The original MoEZip instead conditions anchors on the downstream
instruction.

At keep ratio 0.1, MoEZip-Recon improves over KVZip by 22.44 points and remains 2.94 points
below instruction-conditioned MoEZip. It retains approximately 88% of MoEZip’s improvement
over KVZip; the corresponding fraction at keep ratio 0.2 is 78%. Thus, substantial routing-aware
gains persist without downstream query conditioning, while instruction conditioning provides an
additional quality benefit. The reuse comparison concerns the final compressed context cache; it does
not claim identical end-to-end costs for the two deployment modes.

E.7 Global versus Fine-Grained Anchor Selection

We compare global anchors with per-layer and per-GQA selection on Qwen3-30B-A3B-Instruct-2507
at keep ratio 0.1. For the fine-grained variants, local budgets are normalized so that the total number
of retained KV elements matches the global method. All variants use the same retention budget B
and anchor budget Bf for each layer–head cache, differing only in how anchor positions are scored
and selected.

Global selection exceeds per-layer and per-GQA selection by 8.6 and 5.6 macro points, respectively.
It wins on all 12 tasks against the per-layer variant and on 11 of 12 tasks against the per-GQA variant.
These results support global sharing among the evaluated alternatives, but do not establish optimality
among all joint cross-layer strategies. MoEZip shares only routing-aware anchor positions; the
remaining budget is filled independently by the base compressor at each layer and head.

E.8 Complementarity of Routing-Aware Anchors

Layer–head-aware overlap. Let Aanc be the global anchor set, with |Aanc| = Bf , and let SKVZip
ℓ,h

denote the positions retained by KVZip at layer ℓ and KV head h. For the set C of compressed
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Task Overlap New / 128

RULER QA-1 15% 108
NIAH-single-2 16% 108
NIAH-multikey-1 16% 107
NIAH-multiquery 16% 107
LCC 17% 106
TREC 20% 103
Qasper 19% 104
PsgRetrieval 19% 104
HotpotQA 24% 97

Table 13: Layer–head-aware anchor overlap at Bf = 128. New / 128 is the mean number of
anchor positions absent from the corresponding KVZip cache. Percentages and counts are rounded
independently.

layer–head caches, define

Overlap =
1

|C|
∑︂

(ℓ,h)∈C

|Aanc ∩ SKVZip
ℓ,h |

Bf
. (47)

The corresponding mean number of newly protected anchors per cache is

New =
1

|C|
∑︂

(ℓ,h)∈C

|Aanc \ SKVZip
ℓ,h |

= Bf (1−Overlap).

(48)

This accounts for a position retained in one cache but absent from others.

Results. We evaluate Qwen3-30B-A3B-Instruct-2507 at keep ratio 0.1 with Bf = 128. KVZip
already retains only 15–24% of the anchors in an average layer–head cache. Thus, approximately
76–85% of anchor slots protect positions not already retained by KVZip in that cache.

Complementarity and utility. Anchors occupy part of the existing KV budget rather than adding
entries. Overlapping positions are counted once, and the base scorer fills the remaining slots. Low
overlap establishes different protection patterns, but does not by itself establish utility. The matched
query-agnostic comparison in Appendix E.6 provides complementary evidence: MoEZip-Recon
improves the macro from 19.51 to 41.95 under the same reconstruction query and reusable-cache
setting.

E.9 Evaluation on a 235B MoE Model

We evaluate Qwen3-235B-A22B-Instruct-2507 at keep ratio 0.1. Relative to Qwen3-30B-A3B,
this increases total and active parameter counts while retaining the Qwen3 family and softmax-
routing design. It therefore evaluates transfer across scales within the same family. The 235B-model
experiments used eight NVIDIA A100 GPUs with 80GB memory each.

Comparison with attention-only selection. On a four-task subset, MoEZip improves the macro
from 16.7 with KVZip to 35.5 and exceeds attention-only selection by 11.4 points. The latter
comparison supports a contribution beyond instruction-conditioned attention alone.

Broader task coverage. Across 10 LongBench tasks, MoEZip improves the macro from 27.6
to 44.7 and outperforms KVZip on every task. Gains extend across retrieval, classification, code
completion, and question answering.

Routing-signal transfer. We evaluate Fisher-based ranking on HotpotQA and PassageRetrieval-
en, forming quintiles separately within each task and layer. The highest Fisher quintile exhibits
2.8× and 2.5× the flip rate of the lowest quintile on Qwen3-30B and Qwen3-235B, respectively.
Instruction–answer anchor agreement is also comparable across scales. Together, these diagnostics
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Method HotpotQA PsgRet Qasper QMSUM Macro

Uncompressed 57.0 100.0 46.9 23.6 56.9
KVZip 35.2 4.0 10.9 16.8 16.7
Attention-only 31.4 38.8 11.0 15.0 24.1
MoEZip 45.6 61.5 17.5 17.3 35.5

Table 14: Four-task evaluation on Qwen3-235B-A22B. Compressed methods use keep ratio 0.1.
Bold indicates the best compressed result; the uncompressed model is a reference.

Task KVZip MoEZip ∆

PsgRet 4.0 61.5 +57.5
TREC 16.0 50.0 +34.0
LCC 28.8 55.9 +27.1
MultiFieldQA 20.7 35.6 +14.8
TriviaQA 75.5 86.9 +11.4
HotpotQA 35.2 45.6 +10.5
2WikiMQA 24.7 30.2 +5.5
NarrativeQA 22.4 26.3 +3.9
SAMSum 31.1 34.2 +3.1
MuSiQue 17.4 20.3 +2.9

10-task macro 27.6 44.7 +17.1

Table 15: Ten-task evaluation on Qwen3-235B-A22B at keep ratio 0.1. Deltas use unrounded task
scores and can differ slightly from subtraction of displayed values. This task set differs from the
four-task control comparison in Table 14.

support transfer of both routing-related signals to the larger model under aggressive compression.
This diagnostic uses 50 sampled examples per task. The sampled subsets differ from those used in
Appendix A.2.1.

E.10 Composition with INT8 KV Quantization

Setup. We evaluate Qwen3-30B-A3B-Instruct-2507 at keep ratio 0.1 on a six-task LongBench
subset (Qasper, TREC, QMSUM, 2WikiMQA, MuSiQue, and SAMSUM). KVZip and MoEZip use
the same HQQ INT8 cache-quantization configuration. Within each method, retained positions are
fixed between BF16 and INT8. Routing-aware anchors and base-selected entries are quantized identi-
cally. The implementation uses Transformers 5.0.0, DynamicCache for BF16, and the HQQ-backed
HQQQuantizedCache for INT8. Keys and values use 8-bit quantization with q_group_size=64.

INT8 reduces MoEZip’s macro by 0.6 points. Its advantage over KVZip changes from 13.6 to 13.3
points, preserving approximately 97.8% of the BF16 gain. This supports compatibility with the
evaluated INT8 configuration; lower-bit quantization is not evaluated here.

E.11 Cross-Layer Routing Associations and Anchor Examples

Adjacent-layer associations. We analyze Qwen3-30B-A3B-Instruct-2507 on 12 LongBench tasks
with 30 samples per task and 128 globally shared routing-aware anchors. The same reference answer
is teacher-forced under full-KV and compressed-KV inference. Let Ft,ℓ indicate that the selected
expert assignment for answer token t differs between these runs at MoE layer ℓ.

We use a KV keep ratio of 0.1. We pool all evaluated answer-token observations across tasks and
adjacent MoE-layer pairs, then compute each conditional probability from the pooled counts.

The probability of a flip at the next layer is higher when a flip occurs at the current layer. This
establishes an association, but does not isolate causal propagation from shared sensitivity to the same
KV perturbation. It also does not by itself explain the advantage of globally shared anchors.

Qualitative anchor examples. Selected anchors include answer-relevant entities and factual details,
such as Pelham Glassford, Meg Ryan, John Chilton, and numerical or temporal expressions.
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Diagnostic Qwen3-30B Qwen3-235B

Fisher Q5/Q1 flip-rate ratio 2.8× 2.5×
Anchor Jaccard: HotpotQA .88 .92
Anchor Jaccard: PsgRetrieval .96 .97

Table 16: Routing-signal diagnostics across model scales. Results at keep ratio 0.1. Fisher quintiles
are formed within each task and layer, with flip rates aggregated over HotpotQA and PassageRetrieval-
en. Jaccard similarity compares instruction- and answer-conditioned anchor sets.

Method / quantity BF16 INT8 Change

KVZip 12.8 12.5 −0.3
MoEZip 26.4 25.8 −0.6

MoEZip − KVZip +13.6 +13.3 −0.3

Table 17: Composition with INT8 KV quantization. Six-task LongBench macro scores at keep
ratio 0.1. Within each method, BF16 and INT8 retain the same context positions; anchors receive the
same quantization treatment as other retained entries.

Other examples include schema markers such as Type:, Question:, and yes/no/unanswerable,
as well as evidence delimiters such as Passage 5:, Paragraph 1:, and Article:. These exam-
ples illustrate positions receiving global protection; they are qualitative observations rather than a
quantitative classification or causal explanation of anchor utility.
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Conditional probability Value

Pr(Ft,ℓ+1 = 1 | Ft,ℓ = 1) .448
Pr(Ft,ℓ+1 = 1 | Ft,ℓ = 0) .270

Table 18: Association between routing flips at adjacent MoE layers. Results at KV keep ratio 0.1.
Conditional probabilities are computed from pooled answer-token observations across all evaluated
tasks and adjacent MoE-layer pairs.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The abstract and introduction state the paper’s main claims: identifying
routing instability as a MoE-specific failure mode of KV compression and proposing
MoEZip to improve the accuracy–efficiency trade-off. The scope is limited to sparse
MoE LLM inference under KV cache compression, and the main empirical claims are
supported by experiments on LongBench, NIAH, and RULER.
Guidelines:

• The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A [No] or
[N/A] answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discuss limitations in Section 6, including the need to access router
outputs and token-to-context attention statistics, and the fact that Fisher trace is a
practical proxy rather than an exact predictor of eviction-induced perturbations.
Guidelines:

• The answer [N/A] means that the paper has no limitation while the answer [No] means
that the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate “Limitations” section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.
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3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [Yes]
Justification: Proposition 1 states the assumptions on the perturbation distribution
and local KL expansion, and the full proof is provided in Appendix A.1. Additional
derivations for worst-case curvature and router-specific Fisher forms are provided in
the appendix.
Guidelines:

• The answer [N/A] means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: The paper describes the evaluated models, datasets, baselines, KV keep
ratios, compression protocol, decoding setup, and implementation details in Section 4
and Appendix C. The method equations specify how routing-aware scores, adaptive
anchor budgets, and final KV selection are computed.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• If the paper includes experiments, a [No] answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).
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(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We will provide anonymized code and scripts for reproducing the main
experiments and baselines in the supplemental material. The experiments use publicly
available benchmarks and open model checkpoints, and data access/preparation details
are described in Appendix C.
Guidelines:

• The answer [N/A] means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://neurips.cc
/public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not
be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: The paper specifies the evaluation benchmarks, model backbones, base-
lines, KV keep ratios, compression setup, and evaluation metrics in Section 4. Since
this is an inference-time KV compression method, no model training or optimizer is
involved; implementation and hyperparameter details are provided in Appendix C.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
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Justification: We report paired task-level bootstrap confidence intervals for represen-
tative LongBench and RULER aggregate results in Appendix E.5. We compute these
intervals by resampling tasks with replacement and recomputing the paired mean score
differences between MoEZip and each baseline over 10,000 bootstrap samples. We do
not perform repeated full inference runs due to the computational cost of evaluating
multiple large MoE LLMs across many tasks, baselines, and KV-cache ratios.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The authors should answer [Yes] if the results are accompanied by error bars, confidence

intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

• If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: We report the compute environment in Appendix C. All experiments were
conducted on NVIDIA A100 80GB GPUs; we provide the number of GPUs used per
run and an approximate GPU-hour estimate for the reported evaluations.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: The research uses publicly available models and benchmarks for inference-
time evaluation and does not involve human subjects, private data, or data collection
from users. We have reviewed the NeurIPS Code of Ethics and believe the work
conforms to it.
Guidelines:
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• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.

• If the authors answer [No], they should explain the special circumstances that require a
deviation from the Code of Ethics.

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The work may reduce memory and compute requirements for long-context
MoE inference, which can improve accessibility and energy efficiency. As with general
LLM efficiency improvements, it may also lower the cost of deploying LLMs for both
beneficial and potentially harmful applications. We discuss this dual-use consideration
in Section 6.
Guidelines:

• The answer [N/A] means that there is no societal impact of the work performed.
• If the authors answer [N/A] or [No], they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]

Justification: The paper does not release new pretrained language models, image
generators, scraped datasets, or other high-risk assets. The proposed method is an
inference-time KV cache compression algorithm evaluated on existing public models
and benchmarks.
Guidelines:

• The answer [N/A] means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.
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• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: We cite the papers corresponding to the models, datasets, and baseline
methods used in the experiments. The experiments rely on publicly available bench-
marks and model checkpoints, and we follow their intended research-use settings.
Guidelines:

• The answer [N/A] means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the package

should be provided. For popular datasets, paperswithcode.com/datasets has
curated licenses for some datasets. Their licensing guide can help determine the license
of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [N/A]
Justification: The paper does not introduce a new dataset, benchmark, or pretrained
model. If code is released, it will be documented with instructions for reproducing the
reported inference-time experiments.
Guidelines:

• The answer [N/A] means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [N/A]
Justification: The paper does not involve crowdsourcing, user studies, or research with
human subjects.
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Guidelines:
• The answer [N/A] means that the paper does not involve crowdsourcing nor research

with human subjects.
• Including this information in the supplemental material is fine, but if the main contribu-

tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [N/A]
Justification: The paper does not involve crowdsourcing, user studies, or research with
human subjects, so IRB approval is not applicable.
Guidelines:

• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.
Answer: [N/A]
Justification: The core method does not use LLMs as an important, original, or non-
standard component beyond evaluating existing LLMs as target models for inference-
time KV cache compression. Any use of LLM tools for writing, editing, or formatting,
if applicable, did not affect the scientific methodology, results, or originality of the
work.
Guidelines:

• The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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