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Abstract

Mixture-of-Experts (MoE) inference on memory-constrained
edge platforms is often dominated by expert-weight move-
ment rather than computation. Although each token
activates only a small subset of experts, routing is input-
dependent, so all experts must remain accessible and mem-
ory movement dominates latency. Existing approaches
such as uniform pruning and expert dropping overlook
two properties of MoE execution: expert combinations
are highly skewed in frequency, and experts contribute
asymmetrically within each combination. We present
CRISP, a combination-aware framework that co-designs
pruning and runtime scheduling for efficient MoE serving
on memory-constrained edge platforms. CRISP reorders

“Congwei Zhang and Youming Tao contributed equally to this work.
fYifei Zou is the corresponding author.

This work is licensed under a Creative Commons Attribution 4.0 Interna-

tional License.

MobiCom 26, Austin, TX, USA

© 2026 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2505-0/2026/10
https://doi.org/10.1145/3795866.3844472

neurons by importance so one stored expert can support
multiple execution widths, assigns differentiated execution
to hot, warm, and cold combinations based on frequency
and expert role, and exploits heterogeneous widths to over-
lap expert loading with computation. Across Mixtral-8x7B
and DeepSeek-MoE-16B, CRISP improves throughput by up
to 2.1x at the same memory budget while limiting accuracy
loss to 3.6% relative to full-width inference. Our results
highlight that efficient edge MoE serving requires jointly
optimizing which expert capacity is preserved and how
expert execution is scheduled.
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1 Introduction

The growing demand for low-latency, privacy-preserving,
and offline LLM inference has motivated deployment on
edge computing platforms. However, the substantial pa-
rameter counts of modern models present two fundamental
challenges: computational cost and memory footprint.
Mixture-of-Experts (MoE) architectures [6, 15, 24] elegantly
address the computational challenge through conditional
computation, activating only a sparse subset of experts
for each token. For instance, Mixtral-8x7B comprises
47B total parameters yet activates merely 13B per token,
substantially reducing computational requirements while
preserving model capacity.

The memory challenge, however, remains acute. Al-
though only a few experts execute per token, all expert
weights must remain accessible since routing decisions
are input-dependent and cannot be determined a priori.
When the complete model exceeds GPU memory capacity,
a common scenario on edge platforms, inference systems
typically employ hierarchical memory management, stor-
ing expert weights in host memory and transferring them
to the GPU on demand. This offloading paradigm fundamen-
tally shifts the performance bottleneck from computation
to data movement. Empirical studies [5, 27, 30] demonstrate
that I/O latency constitutes over 70% of total inference
time on bandwidth-constrained edge platforms. The result-
ing data-movement bottleneck is architecture-dependent:
discrete-GPU systems incur explicit host-device transfers,
whereas unified-memory platforms contend for shared
memory bandwidth and cache capacity. In both cases, re-
peatedly accessing large expert weights leaves substantial
execution time exposed to memory movement.

To mitigate the expert-weight I/O bottleneck, prior sys-
tems have primarily relied on runtime techniques such as of-
floading, caching, and prefetching [13, 21, 25] to better man-
age or hide data movement. However, when expert-weight
access substantially exceeds the available computation win-
dow, scheduling alone cannot eliminate the resulting stalls.
Pruning provides a complementary opportunity by directly
reducing the expert weights that must be accessed and com-
puted for each routed token. More importantly, structured
pruning exposes expert width as a controllable execution di-
mension, creating an opportunity to jointly optimize model
capacity and runtime execution.

Existing MoE pruning methods, however, are poorly
matched to actual expert usage. Uniform pruning [8, 26]
applies the same pruning ratio across experts, ignoring
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Figure 1: Uniform pruning disproportionately harms
the most frequently used expert pairs.
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Figure 2: Expert dropping fails to capture the nuanced,
combination-dependent roles of experts. This figure
shows the accuracy loss when dropping Expert 3. Red
bars indicate combinations where Expert 3 is a signif-
icant expert, while green bars indicate it is negligible.

the highly skewed distribution of expert combinations. As
shown in Figure 1, under 50% uniform pruning, frequently
activated combinations suffer 2.3x greater accuracy degra-
dation than rarely activated ones. Expert dropping [18]
instead removes selected experts entirely, but its binary
granularity fails to capture combination-dependent expert
roles: the same expert can be auxiliary in one combination
yet dominant in another, as illustrated in Figure 2. These
observations suggest that pruning decisions should be made
at the level of routed expert combinations, accounting for
both combination frequency and expert role.

These limitations reveal a broader opportunity: existing
pruning strategies are largely designed independently of
runtime scheduling. Uniform pruning produces homoge-
neous execution widths, while expert dropping provides
only binary keep-or-remove decisions. Neither exposes
fine-grained, controllable width heterogeneity that can be
systematically exploited at runtime. In contrast, assign-
ing different execution widths according to combination
frequency and expert role creates heterogeneous I/O and
computation times, which can provide additional oppor-
tunities to overlap expert loading with computation. This
suggests that pruning and runtime scheduling should be
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considered jointly rather than as independent optimization
stages.

Realizing this combination-aware pruning-and-scheduling
design requires jointly determining how much expert ca-
pacity to preserve, how to represent multiple execution
widths efficiently, and how to schedule the resulting het-
erogeneous executions at runtime. This introduces three
challenges.

- Challenge 1 Storage efficiency. Combination-aware
pruning implies that the same expert may need to run
at different widths in different combinations. A naive
design would store a separate copy of the expert for
each width, quickly eliminating the storage savings from
pruning. The challenge is therefore to support flexible
width selection at runtime without replicating expert
weights.

- Challenge 2 Combination strategy. The number of
possible expert combinations grows combinatorially
with the number of experts. For a model with n experts
and top-k routing, there are (Z) possible combinations.
Differentiating among these combinations requires bal-
ancing accuracy, storage cost, and scheduling complexity.
A fine-grained policy becomes difficult to manage at run-
time, while a coarse one fails to capture meaningful
differences in combination frequency and expert role.
Challenge 3 Scheduling coordination. Differentiated
pruning creates experts with different widths, which in
turn leads to heterogeneous I/O and computation times.
Wider experts take longer to load, but also longer to ex-
ecute. This heterogeneity creates an opportunity to over-
lap expert loading with computation, but only if pruning
and scheduling are designed together. Without such co-
ordination, the latency benefits of differentiated pruning
cannot be fully realized.

To address these challenges, we present CRISP (Combination
aware Reordering and I/O-Scheduled Pruning), an edge MoE
inference framework that co-designs expert representation,
combination-aware pruning, and runtime scheduling to
reduce expert-weight access.

- To address Challenge 1 (storage efficiency), CRISP
introduces importance-aware neuron reordering to sup-
port multiple execution widths from a single stored
expert. CRISP ranks neurons using a calibration set and
physically reorders each expert by importance, so that
a width-k execution simply accesses the first k neurons.
This avoids the storage redundancy of materializing sep-
arate weight copies for different widths while retaining
flexible runtime pruning.

- To address Challenge 2 (combination strategy), CRISP
adopts a tiered execution policy based on combination
frequency and expert role. Offline profiling partitions
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routed combinations into Hot, Warm, and Cold tiers and
identifies the dominant and auxiliary experts within each
combination. Hot combinations retain both experts at full
width, Warm combinations reduce the auxiliary width,
and Cold combinations skip the auxiliary expert. This
policy preserves more capacity for frequently activated
and dominant experts while pruning more aggressively
where the impact is smaller.

- To address Challenge 3 (scheduling coordination),
CRISP introduces a pruning-aware I/O scheduler that
exploits the execution heterogeneity created by differ-
entiated pruning. It prioritizes wider experts, whose
longer computation windows can overlap the loading of
narrower experts. In this way, CRISP translates pruning-
induced width heterogeneity into reduced exposed I/O
latency.

The three mechanisms form a single co-design path rather
than independent optimizations. Importance-aware re-
ordering exposes multiple execution widths from one
stored expert; tiered execution selects among these widths
according to combination frequency and expert role; and
the pruning-aware scheduler exploits the resulting width
heterogeneity to overlap I/O with computation. Thus, the
output of each component creates the capability required by
the next: reordering makes differentiated pruning storage-
efficient, differentiated pruning shapes the runtime I/O
and computation profile, and scheduling translates this
heterogeneity into latency reduction. We summarize our
contributions as follows:

(1) We identify two combination-level properties of MoE
execution via empirical studies: expert combinations
exhibit highly skewed activation frequencies, and co-
activated experts contribute asymmetrically. These
observations motivate pruning decisions based on both
combination frequency and expert role.

(2) We develop importance-aware neuron reordering that
enables multiple execution widths from a single stored
expert through prefix truncation, avoiding the weight
duplication that would otherwise arise from materializ-
ing multiple pruned variants.

(3) We co-design combination-aware differentiated pruning
with runtime scheduling. A tiered policy assigns execu-
tion widths according to combination frequency and ex-
pert role, deliberately creating heterogeneous expert ex-
ecutions; a pruning-aware scheduler then exploits this
heterogeneity to overlap expert loading with computa-
tion.
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Table 1: I/0 and computation breakdown for a single
MOE layer inference on NVIDIA RTX 4090 with PCle
4.0 (Mixtral-8x7B, 4-bit quantization).

Operation Time (ms) Percentage
Expert Loading (2 experts) 11.2 78.0%
Router Computation 0.4 2.8%
Expert Computation 2.6 18.1%
Other (memory copy, etc.) 0.2 1.1%
Total 14.4 100%

(4) We implement CRISP and evaluate it on Mixtral-8x7B
and DeepSeek-MoE-16B. Under the same memory bud-
get, CRISP improves throughput by up to 2.1x while lim-
iting accuracy degradation to 3.6% relative to full-width
execution.

2 Empirical Observations

Mixture-of-Experts (MoE) models route each token to a sub-
set of specialized expert networks. A typical MoE layer con-
sists of a gating network (router) and n expert networks,
where the router selects the top-k experts based on learned
routing scores. For instance, Mixtral-8x7B selects 2 out of 8
experts per token, activating 13B of its 47B total parameters.

On edge servers with limited GPU memory, expert
weights must be offloaded to host memory and loaded on
demand. Table 1 shows the I/O and computation breakdown
for a single MoE layer on an NVIDIA RTX 4090 with PCle
4.0. Loading two experts dominates the latency, motivating
our focus on reducing expert size through pruning.

The background analysis reveals that I/O bandwidth is
the primary bottleneck for edge MoE inference, motivating
model pruning as a direct solution. However, existing prun-
ing methods apply uniform compression across all experts,
overlooking the heterogeneous nature of expert usage pat-
terns. In this section, we conduct empirical studies on MoE
inference behavior to uncover optimization opportunities
that inform the design of CRISP. All empirical studies in
this section are conducted on Mixtral-8x7B. To ensure the
representativeness of our observations, we use a calibration
dataset consisting of 2,048 sequences randomly sampled
from the C4 validation set [20]. C4 is a massive, diverse
corpus of web text widely used for LLM pre-training and
evaluation, ensuring that the profiled activation patterns
reflect general-purpose model usage rather than domain-
specific idiosyncrasies.

Zhang et al.
: : 100
o ! ' 175
g ! EE  Act. Freq. 5
E. 101 i —e— Cum. Freq. | o R
2 H i i 5
0 Hﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬁm—mmmmmﬁ 25

0 10 20
Expert Combination (sorted by frequency)

Figure 3: Distribution of expert combination activa-
tion frequency (Act. Freq.) and cumulative frequency
(Cum. Freq.) in Mixtral-8x7B with top-2 routing, pro-
filed on 2,048 sequences from the C4 validation set. A
small fraction of combinations accounts for the ma-
jority of token activations, while most combinations
are rarely used.

2.1 Power-law Distribution of Expert
Combinations

In MoE models with top-2 routing, each token activates a
pair of experts, resulting in (g) possible combinations for a
model with n experts. We profile the activation frequency
of all expert combinations across the C4 calibration dataset
and present the results in Figure 3. The distribution exhibits
a clear power-law pattern: a small fraction of expert combi-
nations handle the vast majority of tokens, while most com-
binations are rarely activated. Specifically, the top 25% of
combinations account for over 60% of all token activations,
while the bottom 29% of combinations collectively handle
less than 10% of tokens. This skewed distribution is consis-
tent across different layers of the model, though the specific
hot combinations vary by layer.

Summary: The highly imbalanced activation pattern sug-
gests that uniform pruning is suboptimal—frequently acti-
vated combinations deserve more capacity to preserve ac-
curacy, while rarely activated combinations can tolerate ag-
gressive compression with minimal impact on overall model
quality.

2.2 Asymmetric Expert Roles in
Combinations

Even within the same expert combination, the two activated
experts do not contribute equally to the output. To quantify
this asymmetry, we conduct an ablation study where we se-
lectively mask one expert in each combination (replacing
its output with zeros) and measure the resulting increase in
perplexity. Figure 4 shows the results for the top 20 most fre-
quent combinations. For each combination, we plot the per-
plexity increase caused by masking each of the two experts.
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Figure 4: Asymmetric roles of experts within combi-
nations, visualized by perplexity increase (PPL Inc.)
when masking each expert in the top 20 most frequent
combinations. Most points deviate from the diagonal
(Sym. Line), indicating that one dominant expert con-
tributes significantly more than its auxiliary counter-
part.

If both experts were equally important, the points would
cluster along the diagonal; instead, we observe significant
deviation, indicating that one expert typically has a much
larger impact than the other.

We refer to the expert whose removal causes greater ac-
curacy degradation as the dominant expert, and the other as
the auxiliary expert. Across all combinations, masking the
dominant expert increases perplexity by an average of 2.64,
while masking the auxiliary expert increases perplexity by
only 0.71—a 3.7x difference. This asymmetry suggests func-
tional specialization: the dominant expert captures the pri-
mary functionality required for the input, while the auxil-
iary expert provides supplementary refinement.

Summary: The asymmetric roles of experts within com-
binations open an opportunity for fine-grained differenti-
ated pruning. Rather than treating both experts identically,
we can preserve full capacity for dominant experts while
aggressively pruning auxiliary experts, achieving memory
savings with minimal accuracy loss.

2.3 Opportunity for I/O-Computation
Overlap

Differentiated pruning produces experts of varying widths,
which naturally leads to heterogeneous I/O and computa-
tion times. We measure the I/O time (loading from host
memory via PCle 4.0) and computation time (GPU exe-
cution) for a single expert at different pruning ratios. As
shown in Figure 5, both I/O and computation time decrease
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Figure 5: I/0 and computation time of a single expert
under different pruning ratios. As expert width de-
creases, both I/O and computation time are reduced,
but at different rates, creating opportunities to over-
lap the I/0 of narrow experts with the computation of
wider experts.

as the expert width is reduced, but at different rates. A
full-width expert requires 7.5 ms for I/O and 0.8 ms for
computation, while a 50%-width expert requires 3.8 ms for
I/O and 0.4 ms for computation.

This heterogeneity creates an opportunity for strategic
scheduling. When executing a sequence of experts with dif-
ferent widths, the computation of a wider expert can poten-
tially mask the I/O of subsequent narrower experts. In con-
trast, uniform pruning produces homogeneous experts that
offer limited room for such overlap. To quantify this oppor-
tunity, we simulate a naive sequential execution (load-then-
compute for each expert) versus an ideal overlapped execu-
tion for a typical MoE layer with our tiered pruning policy.
The naive approach results in 90% I/O-computation bubble,
while perfect overlap could reduce this to 38%.

Summary: The heterogeneous expert sizes resulting from
differentiated pruning are not merely a byproduct but an
opportunity. A pruning-aware scheduler that exploits this
heterogeneity can significantly reduce I/O stalls, translat-
ing the memory savings from pruning into actual latency
improvements.

3 System Design

3.1 System Overview

Figure 6 illustrates the overall architecture of CRISP, which
consists of an offline preparation phase and an online infer-
ence phase.

In the offline phase, CRISP performs three key prepara-
tion steps. First, it profiles expert combination activation fre-
quencies on a calibration dataset (empirically verified to be
representative of the target workload) to classify combina-
tions into Hot, Warm, and Cold tiers. Second, it computes
neuron importance scores for each expert based on activa-
tion magnitudes and identifies the dominant expert within
each combination. Third, it reorders the weight matrices of
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Figure 6: Overall architecture of CRISP. The offline
phase profiles expert combinations and reorders ex-
pert weights to produce tier-aware execution meta-
data and width-flexible experts. During inference, the
router activates an expert combination whose tier
determines the execution width of each expert. A
pruning-aware scheduler prioritizes wider experts so
that their longer computation overlaps with loading
of narrower experts, hiding I/0 latency.

each expert according to neuron importance, producing a
single stored copy that supports arbitrary-width truncation.

The combination frequencies, the resulting tier assign-
ments, and the dominant/auxiliary roles are workload-
dependent profiling artifacts. They can be reused while the
deployment workload remains similar to the calibration
workload; re-profiling is needed when the input domain
or routing distribution changes substantially. For a new
workload, CRISP collects a new calibration sample, recom-
putes these statistics and role assignments, and updates the
corresponding metadata lookup tables without changing
the online execution mechanism.

In the online phase, CRISP executes inference through
coordinated execution. When a token arrives at an MoE
layer, the router first determines which expert combina-
tion to activate. CRISP then consults the precomputed
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tier assignment to determine the execution configuration:
full-width for both experts (Hot), full-width for dominant
and reduced-width for auxiliary (Warm), or dominant ex-
pert only (Cold). Meanwhile, the pruning-aware scheduler
coordinates the already-routed expert tasks, overlapping
the computation of one selected expert with the I/O loading
of another, prioritizing wider experts to maximize overlap
efficiency.

Design rationale. The three components of CRISP address
interdependent decisions and are insufficient when applied
independently. Importance-aware reordering makes multi-
ple execution widths available from one stored expert, but
it does not determine which width should be selected for a
given combination. Conversely, tiered pruning determines
combination-specific widths, but without reordering it
would require separate materialized copies for different
widths, offsetting its storage benefit. Scheduling alone can
only reorder the available I/O and computation tasks; it
cannot create the heterogeneous execution times that pro-
vide CRISP with additional overlap opportunities. CRISP
therefore couples the three components so that reordering
enables flexible widths, tiering assigns those widths, and
scheduling exploits the resulting heterogeneity.

3.2 Importance-Aware Neuron Reordering

A key enabler of differentiated pruning is the ability to ex-
ecute experts at varying widths without storing multiple
copies. This subsection presents our importance-aware neu-
ron reordering mechanism that achieves this goal through
a single reorganized weight representation.

3.2.1 Problem Formulation. Consider a standard MoE ex-
pert implemented as a feed-forward network (FFN) with a
gated architecture. Each expert consists of three weight ma-
trices: the gate projection Wy, € R%*dr the up projection

Wy € R%dr and the down projection Wy, € R4,
where d is the hidden dimension and dj; is the intermediate

dimension. The expert computation follows:
FFN(x) = (O'(ngate) O xwup) Wdown (1)

where o denotes the activation function (e.g., SiLU) and ©
denotes element-wise multiplication. To prune an expert to
width k < dg, we need to select k neurons (columns of
Weate and Wy, rows of Wyqyp) to retain. The naive approach
would require storing separate weight matrices for each de-
sired width, leading to storage overhead proportional to the

number of supported widths.

3.22 Neuron Importance Metric. We adopt an activation-
magnitude-based importance metric that measures each
neuron’s contribution to the expert output. Given a calibra-
tion dataset 2, we compute the importance score of the i-th
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neuron as the average magnitude of its activation across all
samples:

Si

1
= @ Z ‘O'(XWgate)i : (xwup)i‘ ()
xeD
where the subscript i denotes the i-th element of the vec-
tor. This metric captures the effective contribution of each
neuron after the gating mechanism, reflecting both the gate

activation and the up-projection magnitude.

3.2.3  Weight Reordering and Runtime Truncation. Once im-
portance scores are computed, we sort neurons in descend-
ing order of importance and physically reorder the weight
matrices accordingly. Let 7 denote the permutation that
sorts neurons by importance, i.e., Sy(1) 2 Sg(2) 2 - 2 Sr(dy)-
We construct reordered weights as:

Weate = Wgate[:aﬂ]’ Wap = Wup[:s”]s

®)
where [:, 7] denotes column permutation and [, :] de-
notes row permutation. This reordering preserves math-
ematical equivalence: FFN(x) computed with reordered
weights produces identical outputs to the original. The key
benefit is that truncating to the first k neurons now yields
the optimal width-k sub-expert, as these neurons have the
highest importance scores. At inference time, executing an
expert at width k requires only loading the first k columns
of Wgate and Wup, and the first k rows of Wyoyy. This is
achieved through simple offset-based memory access with-
out any runtime computation for neuron selection, and the
I/O volume scales linearly with the target width.

3.3 Hotness-Based Tiered Execution Policy

With the reordering mechanism enabling flexible width se-
lection, we now address how to assign appropriate widths
to different expert combinations. This subsection presents
our hotness-based tiered execution policy that exploits the
power-law distribution of combination frequencies and the
asymmetric roles of experts within combinations.

3.3.1 Combination Tier Classification. Expert combina-
tions exhibit highly skewed activation frequencies, as
established in our motivation analysis. We leverage this
property by classifying combinations into three tiers with
differentiated execution strategies. Given the activation fre-
quency f, for each combination ¢, we sort all combinations
by frequency and partition them according to cumulative
frequency thresholds. Hot tier contains combinations whose
cumulative frequency accounts for the top « of total activa-
tions; these are accessed frequently and have the highest
impact on overall model accuracy. Warm tier contains
combinations whose cumulative frequency falls between
and f of total activations, representing moderately frequent

Waown = Wdown [7[ > ;

MobiCom ’26, October 26-30, 2026, Austin, TX, USA

access patterns. Cold tier contains combinations in the bot-
tom 1 — f of total activations, which are rarely activated. In
our implementation, we set @ = 0.6 and = 0.9, resulting
in approximately 25% of combinations classified as Hot,
46% as Warm, and 29% as Cold. We choose @ and f based
on the measured activation-frequency distribution on the
calibration set to balance accuracy preservation (by captur-
ing the majority of activations in the Hot/Warm tiers) and
I/O reduction (by allocating a sufficiently large tail to the
Cold tier), and keep them fixed across all experiments.

3.3.2 Dominant Expert Identification. Experts within a
combination play asymmetric roles, as shown in our
motivation analysis. For each combination, we identify
the dominant expert through an offline ablation process.
Specifically, for combination (el-,ej), we measure the per-
})lexity increase when masking each expert individually:
A; = PPL(mask ¢;) — PPL(original). The expert with the
larger A value is designated as the dominant expert, as its
removal causes greater accuracy degradation. This classi-
fication is performed once during offline preparation and
stored in a lookup table indexed by combination identity.

3.3.3 Tiered Execution Strategies. Each tier employs a dis-
tinct execution strategy that balances accuracy preservation
with I/O efficiency. For Hot tier combinations, both experts
execute at full width dg, preserving maximum model capac-
ity for the combinations that process the majority of tokens
and ensuring minimal accuracy degradation on common
inputs. For Warm tier combinations, the dominant expert
executes at full width while the auxiliary expert executes at
reduced width kyarm = 0.5 - di. This strategy exploits role
asymmetry: the dominant expert maintains full capacity to
capture primary functionality, while the auxiliary expert
provides partial refinement at lower cost. For Cold tier com-
binations, only the dominant expert executes at full width,
and the auxiliary expert is skipped entirely. This aggressive
strategy is justified by the low activation frequency limit-
ing impact on overall accuracy, and the functional overlap
between co-activated experts allowing the dominant expert
to partially compensate for the missing auxiliary.

3.3.4 Memory Footprint Analysis. The tiered policy signifi-
cantly reduces the effective memory footprint compared to
full-width execution. Let py, py, and pc denote the fraction
of tokens processed by Hot, Warm, and Cold combinations
respectively. The average memory access per token is:

Mavg = py - 2Mpay + pw (Mgt + Myarrow) + pc-Mean (4)

where Mg, and Mp,;p0w denote the memory footprint of a
full-width and narrow-width expert respectively. With typ-
ical values of py = 0.60, pyy = 0.30, pc = 0.10, and
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kwarm = 0.5 - diy, this yields an average reduction of 13%
in per-token memory access compared to the baseline.

3.4 Pruning-Aware I/O Scheduler

The tiered execution policy produces experts of heteroge-
neous widths, creating opportunities for I/O-computation
overlap. This subsection presents our pruning-aware sched-
uler that exploits this heterogeneity through dependency-
aware scheduling after routing.

3.4.1 Dependency-Preserving Scheduling Architecture. In
MokE inference with expert offloading, each layer involves
two phases: I/O (loading activated experts from host mem-
ory to GPU) and computation (executing the experts on
GPU). A naive sequential execution loads and computes
each selected expert in turn, leaving significant idle time on
both the I/O channel and the GPU. Once the current layer’s
router returns the selected experts and their execution
widths, CRISP places these known tasks into the pending
and ready queues. While the GPU executes a ready expert,
the separate I/O stream loads another selected expert in
parallel. After all selected experts finish and their outputs
are aggregated, model execution proceeds to the next layer
in dependency order.

3.4.2 Width-Aware Scheduling Strategy. Within this sched-
uler, the order in which we load and execute experts signif-
icantly impacts overlap efficiency. Our key insight is that
wider experts have longer computation times, which can
mask more I/O latency for subsequent experts. Based on
this observation, we adopt the following scheduling strat-
egy: when multiple experts are pending for execution, we
prioritize the expert with larger width. This ensures that
wider experts begin computation earlier, providing longer
windows to overlap with subsequent I/O operations.

Consider a Warm-tier combination with dominant expert
ey (full-width) and auxiliary expert e, (narrow-width). Our
scheduler loads and executes e; first. While e; computes,
we load e, on the separate I/O stream. When e; completes,
e, is already resident in GPU memory and can execute
immediately. Algorithm 1 presents the detailed scheduling
procedure. The scheduler maintains two queues: a pending
queue of experts awaiting I/O and a ready queue of experts
loaded and awaiting computation. At each scheduling deci-
sion point, it selects the widest expert from the ready queue
for computation while simultaneously initiating I/O for the
highest-priority pending expert.

3.4.3 Overlap Efficiency Analysis. The effectiveness of our
scheduling strategy depends on the ratio between computa-
tion time and I/O time for experts of different widths. Let
Tio(w) and Teomp(w) denote the I/O and computation time
for an expert of width w. For our scheduling to fully hide
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Algorithm 1 Pruning-Aware I/O Scheduling

Require: Token input x, MoE layers {L1, ..., Ly}
1: Initialize pending < @, ready < @
2: Execute router of Ly, get experts E; with widths W;
3: Add (E;, W;) to pending sorted by width descending
4 forl=1to N do
5. while pending for layer [ is not empty or ready is not
empty do

6: if ready is not empty then

7: e < pop widest expert from ready

8: async start computation of e

9 end if
10: if pending is not empty and I/O channel is idle

then

11: e’ < pop highest-priority expert from pending
12 async start loading e’, add to ready when done
13: end if

14:  end while

15:  Wait for expert computations of layer [ and aggregate
their outputs

16:  if I < N then

17: Continue dependency-ordered execution to the
router of Ly, 4

18: Get experts Ej,; with widths W}, and add them
to pending

19:  endif

20: end for

the I/O of a narrow expert e, behind the computation of a
wide expert eg, we require Teomp(wy) > Tio(w,). Based on
our profiling results, a full-width expert has Topp, = 0.8
ms, while a 50%-width expert has T;, = 3.8 ms. Although
a single expert’s computation cannot fully mask the I/O of
another expert, the scheduler uses the available computa-
tion window of the full-width expert to overlap part of the
narrow expert’s transfer. Under batched execution, expert
tasks from other requests that have completed routing can
provide additional ready and pending work. This confirms
that our scheduling strategy can effectively hide a signifi-
cant portion of the I/O latency of narrow auxiliary experts
behind the computation of full-width dominant experts in
Warm-tier combinations.

4 Implementation

We have implemented a fully functional prototype of CRISP
with approximately 5,000 lines of code in Python and CUDA,
built on top of PyTorch. The source code will be made pub-
licly available. This section describes the key implementa-
tion details across offline preparation and online inference.
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4.1 Offline Preparation Pipeline

The offline phase preprocesses the model to enable effi-
cient online inference. We implement this as a three-stage
pipeline that can be executed once and reused across
deployments.

- Stage 1 (Combination Profiling). We run the target
MOoE model on a calibration dataset (we use 2048 samples
from C4 in our experiments) and record the expert com-
binations activated by each token. For each MoE layer,
we maintain a frequency counter for all (g) possible
combinations, where n is the number of experts. We
then sort combinations by frequency and apply cumu-
lative thresholds to partition them into Hot, Warm, and
Cold tiers. The resulting tier assignments are stored as a
lookup table indexed by the combination identifier (g;, ¢;)
where ¢ < e;.
Stage 2 (Importance Computation). For each expert,
we compute neuron importance scores by accumulating
activation magnitudes across the calibration dataset.
Specifically, we instrument the forward pass to capture
the intermediate activations after the gating mechanism,
compute element-wise products between gate and up
projections, and maintain running averages for each
neuron. To identify dominant experts within each com-
bination, we perform pairwise ablation studies: for each
combination in the Warm and Cold tiers, we measure
perplexity degradation when masking each expert indi-
vidually and designate the expert with larger degradation
as dominant.

- Stage 3 (Weight Reordering). Based on the computed
importance scores, we generate a permutation index for
each expert that sorts neurons in descending order of im-
portance. We then apply this permutation to physically
reorder the weight matrices (Wyate, Wap, Waown) and save

the reordered weights to disk. The reordered model main-

tains the same file format as the original, ensuring com-
patibility with standard model loading utilities.

The entire offline pipeline completes in approximately 1
hour for Mixtral-8x7B on a single NVIDIA RTX 4090 GPU,
and the resulting artifacts (tier assignments, dominant ex-
pert mappings, reordered weights) add negligible storage
overhead beyond the original model size.

4.2 Online Inference Engine

The online inference engine executes the prepared model
with our tiered execution policy and pruning-aware sched-
uling. We implement this atop PyTorch with custom CUDA
kernels for performance-critical operations.

4.2.1 Expert Loading. We implement width-aware expert
loading that transfers only the required portion of each
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expert’s weights from host memory to GPU memory. For
an expert at width k, we load the first k columns of Wy,e
and Wy, and the first k rows of Wy,yy,. This is achieved
through strided memory copies that skip over the pruned
neurons, avoiding the need to load and then discard unnec-
essary data. We use CUDA streams to enable asynchronous

transfers that can overlap with GPU computation.

4.2.2  Truncated Expert Computation. We develop custom
CUDA kernels for computing truncated expert outputs.
Given an input tensor and the loaded partial weights, our
kernels perform the gated FFN computation using only the
first k neurons. We optimize these kernels for the specific
width configurations used in our tiered policy (full-width,
50%-width) to maximize GPU utilization. For the Cold tier
where only one expert executes, we skip the second expert
entirely without allocating any GPU memory for it.

4.2.3 Dependency-Preserving Scheduling. We implement
the pruning-aware scheduler using PyTorch’s CUDA stream
mechanism. We maintain separate streams for I/O trans-
fers and GPU computation, with explicit synchronization
points to ensure correctness. The scheduler maintains
priority queues for pending and ready experts, making
scheduling decisions based on expert widths as described
in Algorithm 1. Expert tasks are inserted into these queues
after the corresponding current-layer router returns. The
computation stream executes ready experts while the I/O
stream loads other selected experts, and model execu-
tion advances only after the current expert outputs are

aggregated.

4.24 Tier Lookup. At runtime, determining the execution
configuration for an activated combination requires a single
lookup into the precomputed tier assignment table. We im-
plement this table as a GPU-resident tensor for fast access,
with the combination identifier (¢;, ¢;) mapped to a linear in-
dex. The lookup returns the tier classification and, for Warm
and Cold tiers, the identity of the dominant expert.

4.3 Integration and Portability

Our implementation is designed as a modular extension
that can integrate with existing inference frameworks.
The core components (weight reordering, tiered execution,
pruning-aware scheduling) are implemented as drop-in re-
placements for standard MoE layer execution. We provide
adapter interfaces for integration with popular frameworks
including Hugging Face Transformers and vLLM. The
width-aware loading and truncated computation kernels
are implemented using NVIDIA’s CUTLASS library, tar-
geting Ampere and Ada Lovelace architectures, but the
algorithmic approach is architecture-agnostic and can be
ported to other platforms.
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Figure 8: Zero-shot accuracy on downstream tasks
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5 Evaluation

5.1 Experimental Setup

5.1.1 Models. We evaluate CRISP on two representative
MOoE models: Mixtral-8x7B [14] and DeepSeek-MoE-16B [3].
Mixtral-8x7B consists of 32 MoE layers with 8 experts each,
using top-2 routing, resulting in a total of 46.7B parame-
ters with 12.9B activated per token. DeepSeek-MoE-16B
employs a finer-grained expert design with 64 experts per
layer and top-6 routing, totaling 16.4B parameters with
2.8B activated per token.

5.1.2 Hardware Platforms. We conduct experiments on
an embedded mobile edge platform and a controlled edge-
gateway testbed. We use an NVIDIA Jetson AGX Orin with
32GB unified memory and 204 GB/s memory bandwidth to
represent a typical mobile/embedded deployment. We addi-
tionally use a desktop-class GPU (NVIDIA RTX 4090, 24GB
VRAM) paired with 64GB host memory over PCle 4.0 x16
(32 GB/s bandwidth) as a controllable testbed to isolate the
offloading bottlenecks under different memory constraints.
To reflect smaller mobile GPUs, we cap the effective GPU
memory available for expert caching to be insufficient to
hold all experts (down to as low as 10% of total expert
size) on both platforms, thereby forcing expert offloading.
The two systems expose different forms of data-movement
cost: explicit host-to-device transfers on the RTX 4090 and
contention for shared memory and caches on the Jetson
Orin.
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5.1.3 Baselines. We compare CRISP against the following
methods: (1) Full Offloading (FO), which loads complete ex-
perts on-demand without any pruning; (2) Uniform Pruning
(UP), which applies the same pruning ratio to all experts re-
gardless of activation patterns; (3) MoE-Offload (MO) [5], a
state-of-the-art offloading system that optimizes I/O sched-
uling but does not exploit differentiated pruning; and (4)
EdgeMoE (EM) [29], which employs expert-wise adaptive
precision but treats all activations uniformly.

5.1.4 Benchmarks. For accuracy evaluation, we measure
perplexity on WikiText-103 [19] and C4 [20] datasets, and
report accuracy on downstream tasks including MMLU [11],
HellaSwag [32], ARC-Challenge [1], and WinoGrande [22].
For throughput evaluation, we measure token generation
throughput (tokens/second) using input sequences of vary-
ing lengths sampled from the ShareGPT dataset [2]. We also
integrate platform power telemetry over each generation
run and divide by the number of generated tokens to report
energy per token.

5.1.5 Tier Thresholds. We set the cumulative-frequency
thresholds for combination tiering to « = 0.6 and f = 0.9
based on a pilot profiling run on the calibration set, and
keep them fixed across all experiments. Here, « and f are
cutoffs on the cumulative activation mass after combina-
tions are sorted by frequency; they do not denote fixed
expert identities.

5.2 Accuracy Evaluation

5.2.1 Model Accuracy Preservation. We first evaluate
whether CRISP preserves model accuracy under its differ-
entiated pruning strategy. Figure 7 reports the perplexity
results, and Figure 8 presents the downstream task accuracy
for both models. On Mixtral-8x7B, CRISP achieves a per-
plexity of 3.98 on WikiText-103, representing only a 3.6%
increase compared to full-precision execution (3.84). In con-
trast, UP at a comparable memory reduction level degrades
perplexity to 4.67, a 21.6% increase. This demonstrates the
effectiveness of our hotness-based tiered policy: by pre-
serving full precision for frequently activated combinations
while aggressively pruning cold combinations, CRISP main-
tains accuracy on common inputs that dominate overall
perplexity. For downstream tasks, CRISP preserves 97.4%
of the original accuracy on average across all benchmarks,
while UP retains only 90.6%. The accuracy gap is most
pronounced on knowledge-intensive tasks like MMLU,
where CRISP achieves 69.1% compared to 63.8% for UP.
This suggests that our dominant expert identification suc-
cessfully preserves the critical expert for each combination.
DeepSeek-MoE exhibits similar trends, with CRISP achiev-
ing 6.89 perplexity versus 8.21 for UP. The finer-grained
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Figure 9: Iso-memory comparison of CRISP with Uni-
form Pruning and Expert Dropping under matched
expert-memory budgets. Lower perplexity and la-
tency are better, while higher average accuracy is bet-
ter. Dashed horizontal lines show the quality of full-
width execution.

expert structure of DeepSeek-MoE (64 experts with top-6
routing) creates more diverse combination patterns, which
our tiered policy effectively exploits.

5.2.2 Iso-Memory Comparison. To compare quality under
the same resource constraint, we evaluate CRISP against
Uniform Pruning and Expert Dropping at matched expert-
memory budgets. Figure 9 reports WikiText-103 perplexity,
average downstream accuracy, and token latency as the
available expert-memory budget varies from 10% to 40%.
Across all evaluated budgets, CRISP preserves lower per-
plexity and higher average accuracy than both pruning
baselines. At a 40% expert-memory budget, for example,
CRISP achieves 73.4% average accuracy, compared with
70.5% for Uniform Pruning and 69.6% for Expert Dropping.
Its 47 ms/token latency is close to Expert Dropping (46
ms/token) and substantially lower than Uniform Pruning
(95 ms/token), showing that CRISP provides a more fa-
vorable quality-latency trade-off under the same memory
constraint.

5.2.3 Tier-conditioned accuracy. Hot, Warm, and Cold rout-
ing events retain 99.9%, 99.1%, and 94.7% of full-width ac-
curacy, respectively. Cold combinations account for only
10% of routing events; within this tier, skipping the auxil-
iary expert reduces I/O and latency at the cost of a larger
conditional accuracy drop. Detailed Cold-tier trade-offs are
reported in Appendix A.1.

5.24 Robustness to workload shift. We further evaluate
cross-domain transfer of profiling metadata among MMLU,
HellaSwag, and WinoGrande. Directly transferring meta-
data decreases target-workload accuracy by at most 2.7
percentage points, while refreshing the metadata on the tar-
get workload recovers accuracy to within 0.5 points of the
target-matched setting with similar throughput. Detailed
results are provided in Appendix A.2.
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ent GPU memory budgets on Mixtral-8x7B. The x-axis
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fraction of total expert size.

5.3 Throughput Evaluation

We evaluate the throughput of CRISP under varying GPU
memory budgets. Figure 10 shows the token generation
throughput as a function of available GPU memory for
caching experts. Under severely constrained memory (10%
of total expert size), CRISP achieves 8.3 tokens/second, rep-
resenting a 3.9x speedup over FO (2.1 tokens/second) and
2.1x over MO (3.9 tokens/second). This improvement stems
from two factors: reduced I/O volume due to differentiated
pruning, and improved I/O-computation overlap from our
pruning-aware scheduler. As memory budget increases,
the performance gap narrows but remains significant. At
30% memory budget, CRISP achieves 14.7 tokens/second
compared to 8.6 for MO, a 1.7x improvement. Even at
50% memory budget, CRISP maintains a 1.4x advantage,
demonstrating that our approach provides consistent ben-
efits across memory regimes. Sequence-length throughput
results appear in Appendix A.3.

5.4 Energy Efficiency Across Edge
Platforms

Figure 11 compares throughput and energy per generated
token on the discrete-GPU and UMA platforms. CRISP
reaches 8.2 and 5.2 tokens/s on the RTX 4090 and Jetson
Orin, respectively, while consuming 28.9 and 7.5 J/token.
Relative to full offloading, this reduces energy per token by
76.7% on the PCle system and 73.9% on the UMA system.
On the RTX 4090, the gain comes primarily from reducing
and overlapping explicit transfers; on the Jetson Orin, the
smaller expert-weight accesses reduce shared-memory
bandwidth demand, cache pressure, and memory-fabric
contention. One-time preparation takes 48 minutes, meta-
data uses less than 2 MB, and scheduling overhead is at
most 0.06% of token latency; see Appendix A.4.
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5.5 Ablation Study

We conduct ablation studies to understand the contribution
of each component in CRISP.

5.5.1 Effect of Neuron Reordering. We compare our
importance-aware reordering against alternative neuron
selection strategies: (1) Random ordering, which shuffles
neurons randomly before truncation; (2) Original ordering,
which truncates neurons in their original order without
reordering; and (3) Magnitude-only ordering, which sorts by
weight magnitude rather than activation magnitude. Fig-
ure 12 shows that importance-aware reordering achieves
4.21 perplexity, significantly outperforming random order-
ing (6.83) and original ordering (5.92). This confirms that
neuron importance varies significantly and that activation-
based ranking effectively identifies the most critical neurons
to retain.

5.5.2  Effect of Tiered Execution Policy. We evaluate the
impact of our hotness-based tiered policy by comparing
against uniform execution strategies that apply the same
configuration to all combinations. Figure 13 shows that our
tiered policy achieves a superior accuracy-efficiency trade-
off. Compared to all full-width execution, CRISP reduces
I/0O volume by 58% while increasing perplexity by only 0.14.
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Figure 14: Throughput comparison of scheduling
strategies on Mixtral-8x7B with 20% memory budget.

Compared to uniform 50%-width pruning, CRISP achieves
0.69 lower perplexity at similar I/O volume. At a 75% 1/O
budget, asymmetric execution achieves 4.02 perplexity
versus 4.18 for symmetric execution; see Appendix A.5.

5.5.3  Effect of Pruning-Aware Scheduling. Finally, we eval-
uate the benefit of our width-aware scheduling strategy
by comparing against alternative scheduling policies. Fig-
ure 14 shows that width-aware scheduling achieves 78%
I/O-computation overlap, compared to 52% for FIFO sched-
uling. This translates to a 1.44x throughput improvement
over FIFO. The key insight is that prioritizing wider experts
creates longer computation windows that mask the I/O
latency of subsequent narrow experts.

6 Related Work

Efficient MoE Inference Systems. Prior work has im-
proved MoE inference through system-level optimizations
such as expert parallelism, dispatch optimization, and
activation-aware caching. PowerInfer [25] exploits activa-
tion locality to accelerate LLM inference on consumer GPUs
by preloading frequently activated neurons. DeepSpeed-
MOoE [21] provides efficient expert parallelism and commu-
nication support for large-scale MoE training and inference.
Tutel [13] optimizes expert dispatch and execution through
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a highly tuned system stack. These systems improve expert
management and runtime efficiency, but they do not reduce
the amount of expert weight data that must be loaded. In
contrast, CRISP targets this bottleneck directly through
combination-aware pruning.

Neural Network Pruning. Structured pruning has long
been used to compress neural networks while preserving
hardware efficiency. Early work removes filters or channels
to reduce model size and computation [7, 10]. For transform-
ers, magnitude-based and gradient-based methods estimate
parameter importance and prune accordingly [8, 23]. How-
ever, these approaches are designed for dense models and
assume static parameter importance. They do not account
for the sparse routing behavior of MoE models, where ex-
pert usage is highly skewed and an expert’s importance de-
pends on the combination in which it appears. CRISP ex-
tends structured pruning to this setting by making pruning
decisions based on combination frequency and expert role.
LLM Quantization. Quantization is a widely used ap-
proach for reducing LLM memory footprint. Weight-
only methods such as GPTQ [9] and AWQ [17] compress
model weights while preserving higher-precision activa-
tions. Other methods, including SmoothQuant [28] and
Atom [33], quantize both weights and activations to enable
more efficient integer computation. Recent MoE serving
systems such as D2MoE [27] further reduce expert-weight
representation cost through quantization. These meth-
ods reduce representation cost, but they do not change
how much model capacity is retained for different expert
combinations. Our approach is orthogonal. CRISP prunes
experts based on their usage patterns and can be combined
with quantization for further compression. In particular,
quantization methods reduces the number of bits used
to represent expert weights, whereas CRISP reduces the
combination-specific expert capacity that must be accessed
and co-designs the resulting heterogeneous widths with
runtime scheduling. The two approaches operate along
different dimensions and can therefore be combined.
I/0-Computation Overlap. Overlapping data movement
with computation is a common technique for improving sys-
tem throughput. GPipe [12] uses micro-batching to pipeline
computation across stages, while FlashAttention [4] im-
proves efficiency through kernel-level optimization and
memory-aware execution. For LLM inference, specula-
tive decoding [16] and continuous batching [31] improve
resource utilization and throughput. CRISP differs from
these approaches in both source and use of heterogeneity.
Rather than relying on pipeline structure or request-level
batching, CRISP creates heterogeneous expert execution
times through differentiated pruning and exploits that het-
erogeneity with a width-aware scheduler to overlap expert
loading with computation.
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7 Conclusion

This paper shows that the main challenge in edge MoE
serving is not only reducing expert-weight access, but
deciding where expert capacity can be reduced in a way
that matches how experts are actually used at runtime.
Our results suggest that MoE pruning should be guided by
expert combinations rather than by experts in isolation, and
that the execution heterogeneity created by differentiated
pruning should be treated as a systems opportunity rather
than a side effect. CRISP realizes this perspective through
a co-design in which importance-aware reordering enables
multiple execution widths, combination-aware pruning
selects among them based on combination frequency and
expert role, and pruning-aware scheduling exploits the
resulting heterogeneity to reduce exposed I/O latency. This
co-design substantially improves throughput under tight
memory budgets while maintaining a favorable quality-
latency trade-off. More broadly, our study highlights that
efficient deployment of sparse models on edge platforms
requires jointly reasoning about model structure, access
patterns, and execution behavior.
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A Additional Evaluation Results
A.1 Tier-Conditioned Accuracy

Dataset-level averages can obscure whether aggressive
execution disproportionately affects a particular tier. We
therefore report accuracy retention conditioned on Hot,
Warm, and Cold routing events and further vary the
amount of auxiliary-expert capacity retained for Cold
combinations. Figure 15 summarizes both analyses.
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Figure 15: Tier-conditioned accuracy and Cold-tier
auxiliary-expert analysis. The left panel reports accu-
racy retention within each execution tier and its share
of routing events. The right panel compares accuracy
retention, I/0 volume, and latency when the Cold tier
executes only the dominant expert, retains 50% of the
auxiliary expert, or retains the full auxiliary expert.

Hot and Warm combinations retain 99.9% and 99.1% of
full-width accuracy, respectively, while Cold combinations
retain 94.7%. Because Cold combinations account for only
10% of routing events, their larger conditional degradation
has a limited effect on dataset-level accuracy. Within the
Cold tier, executing only the dominant expert reduces I/O
volume by 50% and latency from 86 ms to 45 ms, at the cost
of reducing accuracy retention from 100% to 94.7%; retain-
ing 50% of the auxiliary expert provides an intermediate op-
erating point. This result makes the effect of skipping the
Cold-tier auxiliary expert explicit and allows the policy to

be selected according to the desired quality-latency trade-
off.

A.2 Robustness to Workload Shift

We evaluate the robustness of CRISP when profiling meta-
data collected on one workload is applied to another.
Figure 16 reports all cross-domain transfers among MMLU
(MM), HellaSwag (HS), and WinoGrande (WG), comparing
metadata profiled on the target workload (Target matched),
metadata directly transferred from the source workload
(Transferred), and metadata updated using the target work-
load (Metadata refresh).
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Figure 16: Cross-domain robustness of CRISP when
profiling metadata is transferred between MMLU
(MM), HellaSwag (HS), and WinoGrande (WG). Tar-
get matched uses metadata profiled on the evalua-
tion workload, Transferred directly applies source-
workload metadata, and Metadata refresh updates the
metadata on the target workload.

Directly transferring metadata limits the accuracy de-
crease to at most 2.7 percentage points across the evaluated
workload pairs, while maintaining comparable or slightly
higher throughput. Refreshing the profiling metadata re-
covers accuracy to within 0.5 percentage points of the
target-matched setting and retains similar throughput.
These results show that CRISP degrades gracefully under
workload shift and can recover most of the quality loss by
updating its profiling metadata for the new workload.

A.3 Throughput Across Sequence Lengths

We evaluate throughput across input sequence lengths from
128 to 2,048 tokens on Mixtral-8x7B under a 20% memory
budget. Figure 17 shows that CRISP maintains its advantage
across all evaluated lengths, with greater improvements for
longer sequences as the cumulative benefit of reduced I/O
becomes more pronounced.
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Figure 17: Throughput (tokens/second) across differ-
ent sequence lengths on Mixtral-8x7B with 20% mem-
ory budget.

A.4 System Overhead Analysis

We analyze the overhead of CRISP, including both offline
preparation costs and runtime overhead.
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A.4.1 Offline Preparation Overhead. The importance-
aware neuron reordering and combination classification
are performed offline and incur no runtime cost. Table 2
reports the offline preparation time for these components.
The Importance Computation (IC) requires a forward pass
over the calibration dataset (1024 samples) while record-
ing intermediate activations, completing in 18 minutes
for Mixtral-8x7B. The Weight Reordering (WR) involves
permuting the weight matrices according to the computed
importance ranking, which takes 7 minutes. Combination
Profiling (CP) requires running inference on the calibration
dataset while recording activated combinations, which
takes 15 minutes for Mixtral-8x7B. The Dominant Expert
Identification (DEI) adds 8 minutes for ablation-based anal-
ysis. The total offline time of 48 minutes is a one-time
cost amortized over all subsequent inferences. The storage
overhead for reordered weights is negligible: the reordered
model occupies the same disk space as the original, as we
only permute existing values without adding new parame-
ters. The only additional storage is the tier assignment table
and dominant expert mapping, which together consume
less than 2 MB. For Mixtral-8x7B, 14.3% of combinations are
classified as Hot, 32.1% as Warm, and 53.6% as Cold. How-
ever, due to the power-law distribution, Hot combinations
account for 61.8% of actual activations at runtime.

Table 2: Offline preparation overhead for CRISP. IC:
Importance Computation, WR: Weight Reordering,
CP: Combination Profiling, DEI: Dominant Expert
Identification.

Component Mixtral-8x7B DeepSeek-MoE
1C 18 min 12 min
WR 7 min 4 min
Cp 15 min 22 min
DEI 8 min 10 min
Total Offline Time 48 min 48 min

A.4.2  Runtime Scheduling Overhead. The pruning-aware
scheduler introduces runtime overhead for maintaining
priority queues and making scheduling decisions. We
measure this overhead by comparing against a baseline
scheduler without width-awareness. As shown in Table 3,
the total scheduling overhead is 48.1 pus per token for
Mixtral-8x7B, representing only 0.05% of the total token
generation latency. The Tier Lookup (TL) is implemented as
a GPU-resident table access and completes in 0.8 ps. Stream
Coordination (SC) adds 45 ps but enables I/O prefetching
that saves significantly more time. Overall, the scheduling
overhead is negligible compared to the performance gains
from improved I/O-computation overlap.
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Table 3: Runtime scheduling overhead per token. TL:
Tier Lookup, PQO: Priority Queue Operations, SC:
Stream Coordination.

Component  Mixtral-8x7B DeepSeek-MoE
TL 0.8 us 1.2 ps
PQO 2.3 us 4.7 us

SC 45 ps 38 us
Total overhead 48.1 us 43.9 us
Token latency 0.05% 0.06%

A.5 Asymmetric Execution

For Warm-tier combinations, we compare our asymmetric
execution (full-width dominant + narrow auxiliary) against
symmetric alternatives.

Table 4: Comparison of Warm-tier execution strate-
gies on Mixtral-8x7B.

Warm-Tier Strategy PPL| I/O Volume

Both Full-Width 3.84 100%
Both 75%-Width 4.18 75%
Both 50%-Width 4.67 50%
Asymmetric (100% + 50%) 4.02 75%

At the same 75% I/O budget, asymmetric execution
achieves 4.02 perplexity compared to 4.18 for symmetric
75%-width execution. This validates our observation that
experts play asymmetric roles within a combination, and
that preserving full capacity for the dominant expert is
more important than balanced pruning.
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