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Abstract

Mixture-of-Experts (MoE) architectures enable
scaling Large Language Models (LLMs) by
decoupling model capacity from computation.
However, their large parameter footprint makes
expert offloading to host memory necessary,
creating I/0O-bound inference bottlenecks. Ex-
isting methods rely on prefetching to hide la-
tency but remain limited by short computa-
tion windows and passive one-for-one evic-
tion under static budgets. We observe that
coupling eviction and loading on the critical
path causes frequent pipeline stalls and poor
cache utilization. To address this, we propose
ACTIVEEVICT, a framework that proactively
evicts experts and performs budget-aware rout-
ing, transforming static memory budgets into
dynamic effective budgets. This decoupling re-
duces I/O stalls and enables better GPU mem-
ory utilization. Experiments show that Ac-
TIVEEVICT reduces blocking I/O time by up
to 46% compared to state-of-the-art prefetch
methods, while incurring less than 1% accu-
racy loss, demonstrating significant throughput
improvement under constrained memory.

1 Introduction

Large Language Models (LLMs) have achieved re-
markable advances in natural language understand-
ing and generation (Touvron et al., 2023; Chiang
et al., 2023; Chowdhery et al., 2023; Zhang et al.,
2022), largely driven by their massive parameter
scales. However, the growing model size signif-
icantly increases the computational and memory
requirements for inference, posing a major chal-
lenge for efficient deployment on GPUs or edge
devices.

Sparse activation architectures, such as Mixture-
of-Experts (MoE) (Shazeer et al., 2017), address
this challenge by incorporating a large set of par-
allel expert networks while activating only a small
subset per token. This design decouples model ca-
pacity from computation, enabling LLMs to scale

effectively while maintaining high performance on
tasks including question answering, text generation,
and machine translation (Lepikhin et al., 2020; Fe-
dus et al., 2022; Du et al., 2022; Pope et al., 2023).

Despite the computational efficiency of MoE-
based LLMs, their full parameter sets often ex-
ceed the memory capacity of standard GPUs. For
example, Mixtral-8 x7B (Jiang et al., 2024a) re-
quires roughly 87GB to store all parameters, while
only 14 billion are active per token. In memory-
constrained scenarios, expert offloading to host
memory has become standard (Eliseev and Mazur,
2023; Wei et al., 2024). However, the latency of
moving experts over PCle or other interconnects of-
ten dominates inference, creating severe I/O-bound
bottlenecks that limit overall throughput.

Prefetching-based strategies (Hwang et al., 2024;
Tang et al., 2026; Kamahori et al., 2024; Xue et al.,
2024) attempt to mitigate I/O stalls by loading
experts before they are needed, overlapping com-
munication with computation. In practice, these
approaches are limited by the short computation
windows available in non-expert layers and by the
reliance on accurate expert prediction. Mispredic-
tions lead to redundant evictions and loads, which
exacerbate pipeline stalls and further degrade per-
formance.

A fundamental limitation of existing methods is
their reliance on static memory budgets for expert
caching, combined with passive, one-for-one evic-
tion policies. With a static cache budget, eviction
and loading are tightly coupled on the inference
critical path, causing each cache miss to incur both
swapping-out and swapping-in latency, and pre-
venting timely reclamation of GPU memory for
low-utility experts.

To address these limitations, we propose a novel
MOoE inference framework that combines Proactive
Expert Eviction with Budget-Aware Routing. As
illustrated in Figure 1, our design decouples ex-
pert eviction from the loading path by moving the



Fetch

Main Memory @ @ m [GPUMemory
EEE @ > [Fixed | OOOO
Be8 g [§ = Budget. COCT

Main Memory @Fetc[h:] @ [GPUMemory
([OOoC O » Fixed | IOO0CICI
Bee g = Budger. OO

Main Memory @th @ GPU Memory
(OO0 O - P\ [myrarie | OO0
B85 0[S |Ledads OER

Main Memor @Femhc] @ [GPUMemory
B0 ® ooog
(Coo O bypass i

Figure 1: Overview of our pre-eviction and dynamic-
budget design for MoE offloading inference. Pre-
eviction allows GPU memory to be reclaimed, turning
the expert cache budget from fixed to dynamic and en-
abling budget-aware expert activation.

eviction process ahead of the routing stage. This
transforms the static cache budget into a dynamic
effective budget that fluctuates based on the ex-
ecution state. This proactive mechanism allows
the system to flexibly regulate the expert cache:
reclaiming memory early during high-pressure pe-
riods while retaining on-card experts whenever the
load allows. By leveraging this proactive eviction,
the I/O stalls following routing decisions are signif-
icantly reduced. Building on the dynamic budget,
we further adapt expert activation decisions during
routing to align with available GPU memory, ef-
fectively alleviating the I/O bottleneck caused by
expert swapping while preserving inference qual-
ity.
Our main contributions are as follows:

* We identify the limitations of fixed memory
budgets in MoE offloading and demonstrate
how passive eviction policies lead to critical-
path I/O stalls.

* We propose a dynamic budget management
framework that enables proactive memory
reclamation and efficient expert swapping.

* Experiments on Mixtral-8 x7B and LLaMA-
MOoE show ACTIVEEVICT reduces blocking
I/0 time up to 46% compared to state-of-the-
art prefetch methods, while incurring less than
1% accuracy loss.

2 Background & Motivation

2.1 Background

Mixture-of-Experts. MoE (Shazeer et al., 2017;
Cai et al., 2025) is a neural network architecture
that scales model capacity by sparsely activating
a subset of experts per input. Compared to dense
feed-forward layers, MoE layers significantly in-
crease parameter count and representational ca-
pacity while keeping the per-token computation
bounded (Chen et al., 2022; Chi et al., 2022).

In a typical MoE layer, a router computes rout-
ing scores over all experts based on the token’s
hidden representation, and selects the top-k experts
for execution (Liu et al., 2024; Fedus et al., 2022).
The selected experts process the input in parallel,
and their outputs are aggregated using the routing
weights. Formally, given an input z, the MoE out-
put is

y = Z G(x)e - Ee(x), (1)
ecly
where &, denotes the selected expert set, E,(-) is
the e-th expert, and G(x). is the corresponding
routing weight.

This token-level, router-driven sparse activation
is a defining characteristic of MoE architectures.
While effective for reducing computation, it in-
duces highly skewed and input-dependent expert
access patterns during inference: different tokens
may activate entirely different expert subsets across
layers, resulting in irregular and rapidly changing
memory access behavior (Yao et al., 2024).
Expert Offloading. In MoE models, expert pa-
rameters account for the majority of the model
size. For example, Mixtral-8 x 7B contains approxi-
mately 46.7B parameters (Jiang et al., 2024a), over
90% of which reside in the expert feed-forward
networks, while non-expert parameters constitute
only a small fraction of the total. During inference,
each token activates roughly 12.9B parameters.

Under memory-constrained settings, such as
single-GPU or edge deployments, it is often imprac-
tical to keep the full expert pool resident in GPU
memory. As a result, prior systems adopt expert
offloading (Eliseev and Mazur, 2023), where non-
expert parameters and a subset of experts are kept
in GPU memory, while the remaining experts are
placed in CPU memory or external storage. When
required experts are not resident in GPU memory,
the system must evict some existing experts to free
space and fetch the missing ones from lower-tier
storage before computation can proceed.
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Figure 2: Inference Latency and Parameter Composi-
tion of Mixtral-8 x 7B. The left panel shows the break-
down of inference time across different execution stages,
while the right panel characterizes the composition and
utilization of model parameters during inference.
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Figure 3: Comparison of MoE offloading pipelines: (a)
vanilla on-demand replacement, (b) expert prefetching,
and (c) our pre-eviction design that decouples eviction
from fetching.

2.2 Motivation

Observation 1: Expert loading dominates MoE
inference latency under offloading. Although
MOoE reduces per-token computation via sparse ac-
tivation, inference with expert offloading is fre-
quently constrained by data movement rather than
computation. When required experts are not resi-
dent in GPU memory, the system must evict exist-
ing experts and fetch missing ones from lower-tier
storage before execution can proceed.

Figure 2(a) shows the latency breakdown of a
Mixtral-8 x7B layer, where expert eviction and
fetching together account for a substantial fraction
of the end-to-end latency. Due to the limited band-
width of host—device interconnects relative to GPU
compute throughput, this replacement phase often
dominates inference, rendering MoE inference 1/O-
bound under expert offloading.

Observation 2: MoE offloading pipelines tightly
couple expert eviction and fetching. Most exist-
ing MoE offloading systems adopt an on-demand
scheduling paradigm. After routing decisions are
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Figure 4: Cache hits under a fixed expert budget.

made for each token, the system evicts a subset of
resident experts to reclaim GPU memory and then
fetches the required experts from lower-tier storage
before computation can begin.

As illustrated in Fig. 3(a), expert replacement is
performed as a serialized “evict-then-fetch” opera-
tion, exposing a contiguous I/O-critical region on
the post-routing execution path. Since expert load-
ing lies on the critical path, opportunities to overlap
data transfer with computation are limited, leading
to underutilization of GPU compute resources.
Observation 3: Fixed expert budgets mismatch
dynamic routing demand. Most existing MoE
offloading systems assign a fixed expert budget
B to each layer, implicitly assuming that a static
cache capacity can adequately accommodate rout-
ing demand during inference. However, analysis
of cache hits and expert activations from real infer-
ence traces reveals a systematic mismatch between
this assumption and actual behavior.

As shown in Fig. 4, the cache hit cardinality
|Al7t N Cl,t\ varies substantially across both tokens
and network depths. This variability persists even
when averaged over local token windows, indicat-
ing that it reflects an inherent property of MoE
inference rather than transient noise.

Under such dynamics, a fixed expert budget in-
duces two predictable regimes. When B is over-
provisioned, GPU memory remains persistently un-
derutilized, resulting in wasted capacity. When B
is under-provisioned, frequent evictions and fetches
become unavoidable, exposing I/O-dominated re-
placement phases and causing the system to regress
toward on-demand swapping behavior. The coexis-
tence of these regimes during inference highlights a
structural conflict between static expert budgets and
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(b) Expert activation heatmap of LLaMA-MoE-3.5B.

Figure 5: The expert heat maps of Mixtral-8 x7B and
LLaMA-MoE-3.5B.

inherently dynamic routing demand, rather than an
artifact of specific cache policies or implementa-
tions.

Insight: MoE experts exhibit long-tailed popu-
larity and cross-layer consistency. Despite the
dynamic nature of routing, expert access during
inference exhibits strong short-term locality. As
shown in Fig. 5, activation frequencies in Mixtral-
8x7B and LLaMA-MoE-3.5B reveal pronounced
long-tailed distributions within local token win-
dows, where a small subset of experts is repeat-
edly activated across adjacent layers and tokens.
This behavior arises from the locality of inference:
within contiguous input segments, semantic focus
evolves gradually, leading to repeated routing deci-
sions over short horizons.

Moreover, due to the residual structure of Trans-
formers (Dalvi et al., 2020; Jiang et al., 2024b),
hidden representations across neighboring layers re-
main highly correlated, inducing cross-layer consis-
tency in expert selection. These properties suggest
that recent expert activity provides a reliable short-
term signal for expert reuse, enabling informed
eviction decisions without speculative prediction.

3 Method

To address the I/O bottlenecks in memory-
constrained MoE inference, we propose a frame-
work that proactively manages expert residency be-
fore routing. Our approach reduces pipeline stalls
by separating expert eviction from loading and dy-
namically adapting expert activation to available
GPU memory. The method consists of two com-
ponents: (i) Prediction-guided pre-eviction, which
identifies low-utility or infrequently accessed ex-
perts using both local hotness and cross-layer rout-

ing signals, evicting them proactively to free GPU
memory. (ii) Budget-aware dynamic top-k rout-
ing, which adjusts the set of activated experts at
each token based on the memory reclaimed through
pre-eviction, effectively transforming a static cache
budget into a dynamic effective budget.

3.1 Problem Formulation

We consider an MoE model with L layers, where
each layer [ contains N experts {E;1,..., £ n}.
Given the hidden representation h; € R? of an
input token, the router produces a probability dis-
tribution over experts:

pi(hy) = Softmax(W;h;) € RN, 2)

Under top-k routing, the router selects

Ry = TopK(pi, k), |Ri| =k, (3)
and the MoE layer output is
= ~ Pr,i
y=> P Eiilh), Pi=e=—"— @4
i€R; ZjeRl bi,j

Memory-Constrained Inference Setting. In
resource-limited settings, only a subset of expert
parameters can reside in GPU memory. Let C; C
{1,..., N} denote the set of experts resident in
GPU memory before executing layer [, with size
constrained by:

|Ci| < By, (5)

where Bj is the maximum number of resident ex-
perts at layer [.

If R, ¢ Cy, eviction and loading of experts are
required, introducing data transfer overhead and
I/0 latency. Existing MoE offloading methods typ-
ically resolve this conflict after routing, exposing
eviction and loading on the inference critical path.

Dynamic Budget. Our key question is whether
expert residency can be proactively managed before
routing to better match memory constraints with
routing demand. Specifically, before layer [, the
algorithm may evict a subset of resident experts:

D, C ¢, (6)
resulting in an updated resident set
Cl=C\ Dy. (7

This preemptive eviction effectively converts a
fixed memory budget into a dynamic, algorithmi-
cally controlled budget.



Objective. Our goal is to jointly decide which
experts to evict before routing and how to adjust
the routing width under the resulting memory bud-
get, so as to minimize expert swapping and 1/O
overhead while maintaining the model’s expressive
capacity. Importantly, all expert activations are still
determined by the routers based on the true input;
our method only regulates memory residency and
routing budget, without introducing errors into the
computation.

3.2 Expert Importance Modeling

Effective expert management requires quantifying
the relative importance of experts in the current and
near-future inference steps (Lu et al., 2024). Such
importance scores guide pre-eviction and memory
budget allocation, ensuring that frequently used
or likely-to-be-activated experts remain in GPU
memory.

Historical expert hotness. We first model expert
importance at a local temporal scale using historical
usage statistics. For each expert e, we track recent
activation frequency within a sliding window of
T tokens. Let I;(e) be an indicator for whether e
is selected at token . We define a time-decayed
usage intensity:

T

u(e) =Y 7T I(e), (8)

t=1

where v € (0, 1] controls the relative weight of
past activations. Larger v emphasizes longer-term
trends, while smaller « focuses on recent activity.

We normalize within the resident set C; to obtain
the historical hotness score:

u(e)

Yerec, ule')

This score reflects relative importance and prevents
low-utility experts from remaining in memory, mit-
igating frequent expert swapping.

h(e) = )

Cross-layer routing prediction. While histori-
cal hotness provides a stable local signal, it is in-
herently backward-looking and cannot anticipate
upcoming routing changes. To incorporate short-
term foresight, we leverage cross-layer correlation
in Transformers: hidden states evolve smoothly
across adjacent layers, inducing correlated routing
behavior. Before layer [+1, we use hidden states
21+ from layer [ to predict routing probabilities via
the router g;41:

(10)
)

where 741 +(e) represents the predicted assign-
ment probability for expert e. Averaging over to-
kens yields a predicted importance distribution for
layer [+1:

Pie1e = Gir1(21e),

ﬁ'l_t'_Lt = Softmax(fl+17t),

T

. 1 .

Pryi(e) = T E Tir1(€)- (12)
t=1

This distribution provides a short-term prior on
expert relevance in the next layer and is used to
guide pre-eviction and memory release.

Combined importance score. We combine time-
decayed historical hotness and cross-layer predic-
tion to construct a unified importance score for
eviction ranking. For expert e at layer [, we define

a € [0,1].
(13)
The parameter o balances stable historical informa-
tion and predictive foresight. The resulting score
is used to rank experts for proactive eviction and
dynamic memory budgeting, without introducing
errors into the router’s actual computation path.

si(e) = a-h(e) + (1 —a) - prya(e),

3.3 Prediction-Guided Pre-Eviction

The goal of pre-eviction is to release sufficient
memory capacity before entering layer /41, en-
abling future expert activations without blocking
on I/O. If k experts will be activated at the next
layer and some are already predicted to reside in
memory, only the remaining experts require evic-
tion. However, since cross-layer predictions are
imperfect, we account for uncertainty in memory
release.

Let the predicted expert probabilities at layer
[+1 be sorted as Py = Py = - For a can-
didate routing width k, the total memory capac-
ity that must be released before layer [+1 can be
naturally decomposed into two components: (i) a
prediction gap, representing the minimal additional
capacity required to accommodate newly activated
experts under a ground-truth prediction, and (ii) an
uncertainty redundancy, accounting for possible
prediction errors near the top-k boundary.

Prediction gap. Under perfect prediction, the
amount of memory that must be released equals
the routing width k£ minus the number of experts
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Figure 6: Distribution of top-k probability gaps d;, under
correct and erroneous predictions.

that are predicted to be already resident in memory.
Formally, let H;(k) denote the number of experts
among the predicted top-k at layer [+1 that are
currently resident. The prediction gap is then given
by

k— Hy(k), (14)
which represents the minimal capacity required to
accommodate newly activated experts.

Boundary uncertainty correction. Prediction
errors often occur near the top-k boundary, where
probabilities are relatively flat. As shown in Fig. 6,
large gaps at the boundary indicate stable routing
decisions, while small gaps imply sensitivity to
perturbations and higher risk of misprediction.
We use the top-k boundary gap
Ok = P(k) — P(k+1) (15)
as a proxy for prediction uncertainty: large gaps
indicate stable routing decisions, while small gaps
imply higher sensitivity to perturbations and poten-

tial mispredictions. To account for extended flat
regions, we introduce a redundancy term:

Tmax—1

Z 1 psj) = Plrrjeny <7, (16)
=0

K =

where 7 1s a threshold and 7,4« bounds the maxi-
mum redundancy.

Release target. We combine the prediction gap
and boundary uncertainty to compute the total ca-
pacity to release before layer [41:
ANy(k) = (k — Hy(k)) + 7, (17)
Pre-eviction proceeds by evicting experts in ascend-

ing order of importance s;(e) until at least A;(k)
slots are freed.

3.4 Budget-Aware Dynamic Top-%£ Routing

After pre-eviction and before routing at layer [, let
C; denote the resident expert set, with size H; =
|C;| and total capacity B. The number of available
slots for new experts is

Cci*' = B - H,. (18)

Let experts be sorted by routing probability as
{eqy,e@);-- - em}. For a candidate routing
width k, the number of experts that must be newly
loaded is

w(k)=Hey ¢C|1<j<k}. (19

This quantity measures the number of cache misses
induced by top-k routing under the current resident
set.

The memory constraint requires u; (k) < C*4il,
We therefore select the maximum feasible routing
width

k= max{ k } 1 <k < kmax, u(k) < Clavail }7
(20)
and activate

Rl = {6(1)76(2)7---7€(kl)}- (21)

This mechanism ensures that routing decisions re-
main memory-feasible, while prioritizing resident
experts and limiting additional expert loading.

4 Experiments

4.1 Experimental Setup

Hardware. All experiments are conducted on a
server equipped with an NVIDIA H20 GPU with
140 GB HBM memory and 78 streaming multipro-
cessors (SMs). The system uses an Intel Xeon
6759P-C CPU with 240 cores and 1.9 TiB of host
memory. The CPU and GPU are connected via
PCle 4.0. We measure the effective CPU-GPU
bandwidth using large contiguous tensor trans-
fers, obtaining 50.45 GB/s for host-to-device and
47.46 GB/s for device-to-host communication. The
storage subsystem consists of a PCle 4.0 x4 NVMe
SSD (Intel SSDPF2KX038T1, 3.5 TB), with peak
sequential read and write bandwidths of approxi-
mately 7.0 GB/s and 4.2 GB/s, respectively.

Models and Datasets. We evaluate the proposed
method on two representative Mixture-of-Experts
language models: Mixtral-8x7B (Jiang et al.,
2024a) and LLaMA-MoE-3.5B (Zhu et al., 2024).
As summarized in Table 1, Mixtral-8 x 7B contains



Table 1: Configuration of two evaluated MoE models.
Mixtral-8x7B LLaMA-MoE-

3.5B
Total Parameters 46.7B 6.7B
Activated Params 13B 3.5B
Expert Parameter Ratio 96% 64%
Expert Number 8 16
Top-K 2 4
Layers 32 32

Table 2: Fetch accuracy under expert offloading.
Mix/LLA denote Mixtral and LLaMA, respectively; P/R
indicate precision and recall.

Method Mix-P Mix-R LLA-P LLA-R
MoE-Offload 85.6% 84.4% 85.7% 77.8%
MoE-APEX 88.9% 90.9% 88.6% 93.4%
Ours 100% 100% 100% 100%

8 experts per layer and activates 2 experts per to-
ken during inference. LLaMA-MoE-3.5B is built
upon a 6.7B-parameter LLaMA-2-7B backbone,
introducing 16 experts per layer and adopting a
Top-4 routing strategy. We use the Alpaca instruc-
tion dataset (Taori et al., 2023) to construct short
inputs and medium-length inputs, and select long-
context samples from LongBench (Bai et al., 2024)
to emulate higher context lengths.

Baselines. We compare against three offloading-
based baselines that differ in their expert loading
strategies. (1) On-demand Offloading (Eliseev
and Mazur, 2023): a deterministic expert offload-
ing baseline that performs on-demand loading with-
out any prefetching. (2) MoE-Offloading (Eliseev
and Mazur, 2023): an expert offloading baseline
that augments on-demand loading with lightweight
speculative prefetching to partially overlap commu-
nication and computation. (3) MoE-APEX (Tang
et al., 2026): an expert offloading system that per-
forms more aggressive, router-guided speculative
prefetching across layers to maximize compute—1/O
overlap.

4.2 Correctness of Post-Gate Expert Loading

To validate the correctness of our pre-eviction
with post-gate loading mechanism, we evaluate
fetch accuracy, which measures whether the ex-
perts fetched from CPU or external storage exactly
match those selected by the router after gating.
Concretely, at each layer and decoding step, we
compare the set of fetched experts with the ground-
truth post-gate activation set and compute fetch pre-
cision and recall. All metrics are averaged across
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Figure 7: Blocking I/O time across different cache ca-
pacities for various eviction strategies.

layers and tokens.

As shown in Table 2, prefetch-based methods
may incur redundant or delayed transfers due to
speculative loading and mispredictions. In contrast,
our approach deterministically triggers expert load-
ing only after gate decisions are finalized, achiev-
ing perfect fetch precision and recall by design.

4.3 Blocking I/0 Reduction and Transfer
Efficiency

Table 3 presents the end-to-end I/O behavior of dif-
ferent expert scheduling strategies under memory-
constrained inference. For both Mixtral-8 x7B
and LLaMA-MoE models, our method consistently
achieves the lowest blocking I/0 time, reducing
post-gate stalls by 31%—-39% on Mixtral and 40%—
46% on LLaMA compared to prefetch-based base-
lines. These improvements are achieved without in-
creasing the overall data transfer volume. Prefetch-
based approaches, such as Mixtral-style and MoE-
APEX, attempt to overlap computation with I/O
through speculative loading, but this often results
in 12%-20% redundant transfers and higher total
I/O volume. In contrast, importance-aware pre-
eviction proactively frees memory before routing,
shortening the post-gate I/O-critical region and en-
abling more effective overlap between computation
and I/O without unnecessary data movement.

4.4 Ablation Study

Expert importance scoring. We evaluate alterna-
tive eviction heuristics by replacing the proposed
importance score with prediction-only, hotness-
only, and LRU policies. Across all cache capaci-
ties, these variants incur higher blocking I/O time
than the full method (Fig. 7). In particular, the
full method reduces blocking I/O by 8%—16% com-
pared to prediction-only, and by 13%-32% relative
to hotness-only and LRU. These results indicate



Table 3: Expert scheduling metrics. Blocking I/0O Time: the portion of I/O latency that cannot be overlapped with
computation and directly contributes to end-to-end inference latency. Total I/O Time: the total data transfer time on
the critical path, reflecting overall bandwidth consumption. Transfer Volume: the amount of parameters transferred
per token, measuring I/O pressure. Redundant Transfer: avoidable data movement, including fetched but unused

experts and extra transfers caused by premature eviction.

Blocking I/O Time Total I/0 Time
Model Dataset Offload Mixtral MoE-APEX Ours Offload Mixtral MoE-APEX Ours
Mixtral ~ Alpaca 44.35 39.62 35.43 2431 44.35 55.99 50.84 43.67
LongBench  89.17 82.17 70.53 4996 89.17 114.92 100.67 88.69
LLaMA Alpaca 2.13 1.44 1.50 0.81 2.13 2.83 3.10 1.62
LongBench  9.18 6.39 6.11 3.63 9.18 12.28 12.62 7.20
Transfer Volume (GB/token) Redundant Transfer
Model Dataset Offload Mixtral MoE-APEX Owurs Offload Mixtral MoE-APEX Ours
Mixtral ~ Alpaca 9.82 12.39 11.25 9.66 0% 15.51% 19.59% 3.41%
LongBench  9.87 12.72 11.14 9.81 0% 16.30% 20.63% 3.24%
LLaMA Alpaca 0.89 1.18 1.29 0.68 0% 12.82% 14.88% 4.03%
LongBench  0.96 1.28 1.31 0.75 0% 13.97% 16.18% 4.00%
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Figure 8: Comparison of budget-aware dynamic top-k
and fixed top-k routing across cache capacities.

that combining short-term predictive signals with
historical usage is essential for robust and stable
pre-eviction.

Budget-aware dynamic top-k. Figure 8 compares
budget-aware dynamic top-k routing with fixed
top-k under varying memory capacities. Dynamic
top-k reduces post-gate expert loading and lowers
blocking I/0O by 7%—13% in memory-constrained
regimes, while incurring less than 1% degradation
in the accuracy proxy even at the tightest capacity.
These results indicate that budget-aware routing
mainly suppresses low-probability experts near the
routing boundary, thereby achieving substantial I/O
savings with minimal impact on routing fidelity.
Sensitivity Analysis. Figure 9 shows the sensitiv-
ity of blocking I/O time to the importance weight c.
Our method consistently outperforms LRU across
a wide range of «, forming a broad performance
plateau and indicating low sensitivity to hyperpa-

Importance Weight a

Figure 9: Sensitivity of blocked I/O time to the impor-
tance weight a.

rameter tuning. When « is too small, noisy predic-
tion signals dominate eviction, while as o — 1, the
policy reduces to a hotness-only strategy similar to
LRU. This behavior is expected and confirms LRU
as a limiting case of our formulation.

5 Conclusion

We present ACTIVEEVICT, a budget-aware pre-
eviction approach for efficient MoE offloading in-
ference. By proactively releasing GPU memory
before routing, ACTIVEEVICT decouples expert
eviction from loading and enables a dynamically
induced effective cache budget. Across multiple
MoE models, this design reduces blocking I/O time
by 31%—-46% compared to prefetch-based base-
lines, while incurring less than 1% accuracy degra-
dation, demonstrating that proactive eviction is an
effective alternative to speculative prefetching for
alleviating I/O bottlenecks in MoE inference.



Limitations

This work focuses on improving MoE infer-
ence efficiency under memory-constrained de-
ployment settings where expert offloading is re-
quired. Accordingly, the proposed pre-eviction and
budget-aware routing mechanisms are designed for
inference-time execution and do not address MoE
training or fine-tuning, where routing behavior and
memory dynamics differ substantially. In addition,
our approach relies on the empirical observation
that expert activations exhibit short-term locality
and cross-layer consistency during typical decod-
ing workloads. While this assumption holds for
the evaluated models and datasets, workloads with
highly irregular routing patterns or abrupt semantic
shifts may reduce the effectiveness of importance
estimation and proactive eviction.

We acknowledge these limitations and leave the
extension of our framework to broader training
settings and more diverse inference workloads for
future work.
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