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Abstract

Retraining-free MoE compression reduces de-
ployment memory by pruning or merging ex-
perts, but often treats the compressed check-
point as the final artifact. We argue that this
view is incomplete: compressed MoE check-
points are better understood as compressed
initializations that benefit from a tiny post-
compression adjustment stage. Across two
MoE LLM backbones, four pruning/merging
methods, three expert-retention ratios, and 28
benchmarks, we compare LM fine-tuning and
teacher-based KD under matched small-data
budgets and measured GPU costs. Using only
3,000 C4 examples and a single epoch of ad-
justment, FULL FT recovers 37.3% of the
original-to-compressed performance gap on av-
erage. Moreover, LM fine-tuning is more cost-
effective than standard token-level KD, and full-
parameter adjustment gives the strongest cost–
recovery trade-off among the tested scopes.
These results suggest that retraining-free com-
pression should be paired with small post-
compression adjustment to recover a substan-
tial portion of the performance lost during com-
pression.

1 Introduction

Large language models exhibit strong perfor-
mance, but as the number of parameters increases,
their memory footprint and deployment cost grow
rapidly (Kaplan et al., 2020). Mixture-of-Experts
(MoE) (Shazeer et al., 2017; Lepikhin et al., 2020)
reduces computation cost by activating only a sub-
set of experts for each token, but it still requires
all expert parameters to be loaded into memory
during inference, making deployment difficult in
resource-constrained environments.

Retraining-free MoE compression is an attrac-
tive approach for alleviating this memory bot-
tleneck. For ordinary researchers or developers,
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preparing large-scale training data and sufficient
GPU resources to deploy or compress a large-scale
MoE LLM is burdensome. For this reason, many
recent studies have emphasized retraining-free or
calibration-free compression that reduces the mem-
ory footprint of MoE LLMs without full-scale re-
training. In particular, because most MoE param-
eters are concentrated in experts, prior work has
focused on expert-side compression, such as Expert
Pruning (Liu et al., 2026b) and Expert Merging (Li
et al., 2024b).

However, retraining-free does not necessarily
mean cost-free. Many methods still use calibration
samples, model inference, and GPU computation to
calculate expert importance (Lu et al., 2024), expert
similarity (Chen et al., 2025a), routing statistics (Li
et al., 2024b), and so on. This point leads us to ask
again whether retraining-free compression alone
is sufficient. If a small amount of data and GPU
computation is already allowed, is it truly optimal
to use them only for the compression process itself?

In this paper, we revisit the existing perspective
on retraining-free MoE compression. We argue
that a compressed checkpoint should be viewed not
as the final artifact, but as a compressed initializa-
tion. Expert Pruning and Expert Merging change
the expert landscape of the original MoE, leaving
residual errors such as routing shift, expert func-
tion distortion, and router–expert interaction error.
Therefore, if the goal is near-original recovery, a
small post-compression adjustment after retraining-
free compression is not merely an additional step,
but a practically important recovery stage.

Here, post-compression adjustment refers to a
procedure that applies a small amount of general-
domain text and short gradient updates to a com-
pressed checkpoint in order to reduce the resid-
ual performance gap. This is clearly distinguished
from full-scale retraining, which requires a large-
scale corpus or a long training schedule. Our goal
is not to introduce another compressor, but to de-
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fine and evaluate post-compression adjustment as a
missing design axis in MoE compression. Rather
than asking only which retraining-free compressor
produces the best immediate checkpoint, we ask
which compression-and-adjustment pipeline yields
the best recovery under the same small data budget
and measured GPU cost.

To verify the necessity of post-compression ad-
justment, we conduct large-scale comparative ex-
periments across Expert Pruning and Expert Merg-
ing. Specifically, we construct a variety of com-
pressed checkpoints using two MoE LLM back-
bones, four primary compression methods from
Expert Pruning and Expert Merging, and three
expert-parameter retention ratios, and apply the
same small adjustment data budget and hyperpa-
rameters to all checkpoints. We then evaluate both
the degree of performance recovery and GPU cost
on 28 downstream benchmarks, thereby analyzing
a general post-compression recovery stage that is
not dependent on a specific compressor.

In addition, to closely analyze the design choices
of post-compression adjustment, we compare two
objectives, causal language modeling (LM) loss
(Radford et al., 2018) and teacher-based knowl-
edge distillation (KD) (Hinton et al., 2015), and
evaluate several trainable parameter scopes: router-
only, router+top-k experts, router+all-experts, and
full-parameter adjustment. In particular, for top-k
experts, we expand k to 8, 16, and 50, and analyze
the trade-off among the number of selected experts,
recovery gain, and GPU cost. Through this, we
test whether carefully selecting and adjusting only
a small subset of parameters is truly cost-efficient.

Our experiments present three practical lessons.
(1) With a single post-compression adjustment
epoch over 3,000 C4 examples, compressed MoE
LLMs recover 37.3% of the original-to-compressed
performance gap on average. This implies that
retraining-free compression should be viewed not
as producing a final artifact, but as producing a post-
compression-adjustment-friendly initialization un-
der a tiny adjustment budget.
(2) Under a small general-domain adjustment bud-
get, causal LM fine-tuning is more cost-effective
than standard token-level teacher KD in our set-
ting. After compression, when the student’s expert
landscape and feasible function class have changed,
directly imitating the teacher distribution may not
always be the most efficient local repair direction.
In contrast, LM fine-tuning directly improves the
observed next-token likelihood without teacher for-

ward passes, providing a simpler and more cost-
effective repair signal.
(3) Full-parameter causal LM adjustment is simple
but highly competitive. Although it updates more
parameters and may require more optimizer mem-
ory, its end-to-end GPU time can be competitive
because it avoids expert-selection overhead and
yields substantially larger recovery per run. Under
our measured GPU-cost protocol, it emerges as the
strongest default strategy among the tested scopes.
Router-only adjustment can alleviate some routing
mismatch, but it is not sufficient to recover expert
function distortion and router–expert interaction
error. Router+top-k experts adjustment limits the
number of trainable parameters, but additionally
incurs selection cost for identifying frequently acti-
vated experts.

As a result, this paper does not reject the recent
trend of retraining-free MoE compression, but in-
stead reinterprets it as a more practical two-stage
pipeline. Retraining-free is a strong start, but not
necessarily the end. The central lesson of this paper
is that, for near-original MoE recovery, not only
the compressor itself but also the post-compression
adjustment stage should be designed together.

2 Related Works

Expert Pruning removes a subset of redundant
experts. Strategies include minimizing reconstruc-
tion loss (Lu et al., 2024), differentiable selec-
tion (Bai et al., 2025), and leveraging router magni-
tudes (Lasby et al., 2025). Other approaches utilize
output discrepancy bounds (Liu et al., 2026a), to-
ken variation (Dong et al., 2025), trajectory-based
importance (Yang et al., 2025), or coarser layer-
level pruning (He et al., 2025). Expert Merging
is grounded in model merging hypotheses (Worts-
man et al., 2022; Matena and Raffel, 2022). This
approach synthesizes experts via output similar-
ity clustering (Chen et al., 2025a), selective dual-
masks (Zhao et al., 2025), or compression matri-
ces (Miao et al., 2025).

Some MoE compression studies include a re-
covery stage, such as expert-wise KD after prun-
ing (Xie et al., 2024), condensed-layer fine-
tuning (Cao et al., 2026), LoRA-based recovery
after hybrid compression (Yang et al., 2024), or
fine-tuning after subspace expert merging (Li et al.,
2025a); larger systems further rely on distillation
or continual training at much larger data scales (Li
et al., 2025c; Tang et al., 2026). However, these
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works do not systematically ask whether retraining-
free compression itself is sufficient across already-
deployable expert-compressed MoE checkpoints,
nor which post-compression objective, trainable
scope, and GPU-cost trade-off is optimal under a
tiny calibration budget. Our work fills this gap
by treating post-compression adjustment as a first-
class component of MoE compression rather than
a method-specific add-on. See Appendix H for
extended related works.

3 Causes of Performance Degradation

Retraining-free MoE compression changes the
computation path of the original model. This
change can come from removing experts or merg-
ing multiple experts into a smaller set. As a re-
sult, the compressed model can deviate from the
original model through two coupled sources: the
router may assign different mixture weights, and
the selected expert functions or expert paths may
no longer match the original ones. In this section,
we use Expert Pruning as a representative case and
keep only the core equations in the main text. Full
derivations for Expert Pruning and Expert Merging
are provided in Appendices C and D, respectively.

We adopt the MoE notation and pruning sce-
nario analysis of Hyeon and Do (2026). To isolate
the local compression source, the derivation be-
low evaluates the original and compressed MoE
layer maps at the same reference hidden-state input
x. Differences caused by the realized end-to-end
state shift are handled separately in the propagation
analysis below.

Let S be the top-k expert set selected by the
original MoE layer, let P ⊆ {0, . . . , N − 1} be
the set of experts retained after pruning, and let
S ′ ⊆ P be the top-k set selected by the pruned
layer at the same reference input x. For any active
set A, let ˜︁go,Ai (x) and ˜︁gp,Ai (x) denote the original
and pruned router weights renormalized over A,
respectively. For readability, we omit x below and
also write Ei = Ei(x).

Building on the prior three-part pruning analy-
sis, we regroup the residual into shared-path router
reweighting and active-path replacement. The over-
lap is defined between the expert sets that are actu-
ally selected:

T = S ∩ S ′, D = S \ S ′, R = S ′ \ S.

Thus, S = T ∪̇ D and S ′ = T ∪̇ R.

Best scenario. The most favorable case is S ′ =
S, which already implies S ⊆ P . Then

⃦⃦⃦
yorig − ybestpruned

⃦⃦⃦
=

⃦⃦⃦⃦
⃦∑︂
i∈S

(︂˜︁go,Si − ˜︁gp,Si )︂
Ei

⃦⃦⃦⃦
⃦ .

At the common reference input, the active expert
functions are identical, so the local residual can
contain only shared-path router reweighting. If
pure pruning leaves the router and gate implemen-
tation unchanged, then g̃p,Si (x) = g̃o,Si (x) and this
same-input best-case residual is exactly zero. Real-
ized end-to-end deviations may nevertheless persist
through upstream hidden-state shifts. If the gate
implementation has changed or the router is subse-
quently adjusted, router alignment is the only local
correction needed while S′ = S.

Most common scenario. In the partial-overlap
case, 0 < |T | < k, and⃦⃦

yorig − ycommon
pruned

⃦⃦
=

⃦⃦⃦
eproute + eppath

⃦⃦⃦
, (1)

where

eproute =
∑︂
i∈T

(︂˜︁go,Si − ˜︁gp,S′

i

)︂
Ei, (2)

eppath =
∑︂
i∈D

˜︁go,Si Ei −
∑︂
i∈R

˜︁gp,S′

i Ei. (3)

Within a fixed active-set region, eproute is the com-
ponent that router-only adjustment directly targets
by changing mixture weights on shared experts.
Router updates may also move the top-k bound-
ary and thereby change T , D, and R. However,
with expert parameters frozen, router-only adjust-
ment cannot change the expert functions them-
selves and therefore cannot in general reconstruct
a missing expert contribution unless the available
replacements already provide an adequate func-
tional approximation. Appendix C gives the uni-
fied derivation. The cluster-space counterpart for
Expert Merging is given in Appendix D.

Scenario frequency. The decomposition sug-
gests that router-only adjustment is most favorable
when the active path is preserved and only mixture
weights require correction. Using 100 questions
sampled from ELI5 (Fan et al., 2019), we cate-
gorize token–layer observations into Best, Most
Common, and Worst scenarios using the active sets
from the original and compressed end-to-end for-
ward passes. These realized frequencies include
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Model Ratio Best(%) Most(%) Worst(%)

Gemma4 50% 8.63 90.76 0.61
Gemma4 62.5% 11.38 88.25 0.37
Gemma4 75% 15.52 84.20 0.28
Qwen3 50% 8.05 91.73 0.22
Qwen3 62.5% 15.81 84.14 0.05
Qwen3 75% 32.15 67.84 0.01

Table 1: Scenario-frequency summary by backbone and
expert retention ratio. Results are based on 100 samples
from the ELI5 dataset. Best denotes cases where the
original selected expert set is preserved, Most denotes
partial overlap between the original and compressed se-
lected expert sets, and Worst denotes disjoint selected
expert sets. For each model–ratio pair, results are aver-
aged across the corresponding compression methods.

upstream hidden-state perturbations and therefore
diagnose path preservation; they do not by them-
selves isolate the magnitude of each local residual
term. For pruning, overlap is measured between the
original and pruned active sets. For merging, both
paths are compared in the physical cluster space
defined by the mapping ϕ in Appendix D.

Table 1 shows that the best scenario is relatively
rare, while partial overlap dominates across both
backbones and all expert retention ratios. This
frequency analysis does not determine whether
routing error or expert/path error is larger in norm.
Rather, it shows that the case in which router-only
correction can account for the entire local residual
is not the typical realized path. In the dominant
partial-overlap regime, both eproute and eppath can
contribute, motivating our comparison of router-
only, expert-inclusive, and full-parameter adjust-
ment.

Noise propagation caused by compression. Let
Fℓ and ˆ︁Fℓ denote the original and compressed layer
maps, respectively. Let hℓ and ˆ︁hℓ be their hidden
states before layer ℓ, and define δℓ = ˆ︁hℓ − hℓ. The
same-input local compression source is

ϵℓ(hℓ) := ˆ︁Fℓ(hℓ)− Fℓ(hℓ).

For the pruning contribution in Eqs. (2)– (3), which
uses the original-minus-compressed convention,

ϵpℓ = −
(︂
eproute,ℓ + eppath,ℓ

)︂
.

Within a fixed-routing neighborhood, or away from
top-k decision boundaries, first-order linearization
gives

δℓ+1 ≈ ˆ︁Jℓδℓ + ϵℓ(hℓ), ˆ︁Jℓ := ∂ ˆ︁Fℓ(h)
∂h

⃓⃓⃓⃓
⃓
h=hℓ

.

Assuming both models receive the same input,
δ0 = 0, and unrolling the recurrence yields

δL ≈
L−1∑︂
ℓ=0

Pℓ→Lϵℓ , Pℓ→L := ˆ︁JL−1
ˆ︁JL−2 · · · ˆ︁Jℓ+1,

with PL−1→L = I for the empty product. Thus,
even when only MoE experts are compressed, the
induced local source enters the residual stream and
is transformed by subsequent attention, normaliza-
tion, dense, and MoE modules.

This propagation view motivates a local sensi-
tivity comparison of trainable parameter scopes.
Let θR, θE , and θD denote router, expert, and
remaining dense/shared parameters of the com-
pressed model, and let θ0 be the unadjusted com-
pressed checkpoint. Define the final-state discrep-
ancy dL(θ) = ˆ︁hL(θ) − hL and, within a fixed-
routing local region,

Gb :=
∂dL
∂θb

⃓⃓⃓⃓
θ=θ0

, b ∈ {R,E,D}.

A first-order parameter perturbation then satisfies

∆dL ≈ GR∆θR +GE∆θE +GD∆θD.

Let K denote the selected trainable experts and
let GE,K be the sub-Jacobian formed by the corre-
sponding columns of GE . Then the locally reach-
able spaces satisfy

col(GR) ⊆ col([GR GE,K]) ⊆ col([GR GE ])

⊆ col([GR GE GD]).

Thus, a router+top-k-expert scope retains all router
directions and adds only the expert directions as-
sociated with the selected trainable experts. These
inclusions describe first-order reachable directions,
not optimization success or the relative causal im-
portance of the parameter groups.

4 Experiment Setups

Our experiments are designed to answer three
questions: (1) Can a small amount of post-
compression adjustment substantially recover
the performance of compressed MoE LLMs? (2)
When performance recovery and GPU cost are
considered, which adjustment strategy is most
efficient? (3) Which training objective is more
suitable for post-compression adjustment? To
answer these questions, we evaluate multiple MoE
compression paradigms, compression ratios, adjust-
ment objectives, and trainable parameter scopes
under a matched adjustment budget.
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4.1 Backbones and Compression Baselines

We use two MoE LLM backbones: Qwen3-
30B-A3B-Instruct-2507 (Qwen Team, 2025) and
gemma-4-26B-A4B-it (Google DeepMind, 2026).
For each backbone, we construct compressed
checkpoints using representative methods from
two primary parameter-level MoE compression
paradigms: Expert Pruning and Expert Merging.

For Qwen3-30B-A3B-Instruct-2507, we use the
following methods. For Expert Pruning, we adopt
REAP (Lasby et al., 2025), which estimates expert
importance using both router gate values and expert
output magnitudes. For Expert Merging, we use
HC-SMoE (Chen et al., 2025a), which performs
hierarchical clustering based on expert-output sim-
ilarity computed on calibration data.

For gemma-4-26B-A4B-it, we use a different set
of representative methods. For Expert Pruning,
we use AIMER (Liu et al., 2026b), a calibration-
free pruning method based on RMS-normalized
weight magnitudes. For Expert Merging, we use M-
SMoE (Li et al., 2024b), which groups experts us-
ing routing-policy statistics, aligns their neurons by
permutation, and then merges each group through
activation-frequency-weighted averaging.

For each compression method, we evaluate three
expert-parameter retention ratios: 50%, 62.5%, and
75%. In the pruning setting, for example, a 50%
retention ratio means that half of the expert param-
eters are removed; for a layer with 128 experts, this
corresponds to retaining 64 experts. All ratios are
applied only to expert parameters, while non-expert
parameters are kept unchanged.

4.2 Benchmarks and Evaluation Protocol

We evaluate each model on 28 downstream bench-
marks spanning five categories: general reason-
ing/QA, mathematical reasoning, coding, chain-
of-thought (CoT) reasoning, and multiple-choice
question answering (MCQA). All benchmarks are
detailed in Appendix A.4.

All benchmark evaluations are conducted us-
ing lm-evaluation-harness (Gao et al., 2024)
and vLLM (Kwon et al., 2023). We use greedy
decoding with temperature 0 and fix the random
seed to 42 for all experiments. We report each
task using the accuracy or exact-match metric pro-
vided by the evaluation harness. We conduct every
post-compression adjustment run on exactly two
NVIDIA H200 GPUs (140 GB each), regardless of
the backbone, compression method, retention ratio,

objective, or trainable scope. For post-compression
adjustment, we use the same C4 (Dodge et al.,
2021) text subset, data budget, and hyperparame-
ters across all models, compression methods, ratios,
objectives, and trainable scopes. To specifically ob-
serve if performance recovery is achievable at a
minimal scale, we restrict our adjustment to a sin-
gle epoch over just 3,000 sampled examples with
a batch size of 2. More detailed hyperparameters
and runtime settings are provided in Appendix A.

4.3 Adjustment Strategies and Metrics

4.3.1 Objectives
We study post-compression adjustment along two
axes: the training objective and the trainable pa-
rameter scope. Let θc denote the parameters of
a compressed model and let U denote the subset
of parameters updated during adjustment. All pa-
rameters outside U are frozen. We compare the
following objectives.

Causal language modeling fine-tuning. The
first objective is standard causal LM loss (Radford
et al., 2018) on a small general-domain text subset.
For a sequence x = (x1, . . . , xL) and a loss mask
mt, the LM objective is

LLM = − 1

Nx

L−1∑︂
t=1

mt+1 log pθc(xt+1 | x≤t),

where Nx =
∑︁L−1

t=1 mt+1 is the number of valid
target tokens. This objective directly improves the
likelihood of observed text and does not require a
teacher forward pass.

Teacher-based knowledge distillation. The sec-
ond objective is token-level knowledge distillation
(KD) (Hinton et al., 2015) from the original uncom-
pressed model. Let z(t)T and z(t)S denote the teacher
and student vocabulary logits at position t, and let
τ be the distillation temperature. We define

p
(t)
T = softmax(z

(t)
T /τ), p

(t)
S = softmax(z

(t)
S /τ).

The KD objective is

LKD =
τ2

Nx

L−1∑︂
t=1

mt+1DKL

(︂
p
(t)
T ∥p(t)S

)︂
.

In all experiments, the teacher is the original model
before compression and the student is the com-
pressed model after adjustment.
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Direct router logit matching. We also include
Direct Router Logit Matching (DRLM) as a di-
agnostic baseline when router coordinates can be
aligned through the compression mapping. We use
DRLM only as a diagnostic router-alignment base-
line and provide its formulation in Appendix A.5.

4.3.2 Trainable parameter scopes.
For LM and KD, we evaluate multiple trainable
parameter scopes:

• Router-only: update only router/gating pa-
rameters while freezing experts and all shared
parameters.

• Router+top-k experts: update router param-
eters and the k most frequently activated ex-
perts per MoE layer. We select top-k experts
using the same adjustment data before train-
ing. We evaluate k ∈ {8, 16, 50}.

• Router+all-experts: update router parame-
ters and all expert parameters, while freezing
non-expert dense/shared parameters.

• Full-parameter: update all parameters in the
compressed checkpoint.

The router+top-k setting is intended to test
whether carefully selecting a small subset of fre-
quently used experts is more cost-efficient than full
adjustment. However, this strategy also introduces
an expert-selection stage, which requires additional
calibration inference before the actual adjustment
training.

4.3.3 Adjustment strategies.
Combining LM/KD objectives with the trainable
scopes yields the main set of post-compression ad-
justment strategies evaluated in this work. DRLM
is reported separately as a diagnostic router-
matching baseline. For example, ROUTER-ONLY

FT denotes causal LM fine-tuning with only router
parameters trainable, while ROUTER+TOP-8 EX-
PERT KD denotes KD where the router and the
top-8 selected experts per layer are trainable. FULL

FT and FULL KD update all parameters of the com-
pressed checkpoint using LM loss and KD loss, re-
spectively. We also compare against the unadjusted
compressed baseline to measure recovery gain.

4.3.4 Performance and GPU-cost metrics.
For performance, we report the macro-average
score over the 28 benchmarks and define recov-
ery gain as the difference, in percentage points

(pp), between the adjusted model’s score and that
of the unadjusted compressed baseline; the recov-
ered fraction of the gap divides this gain by the
Original-to-Compressed gap. For GPU cost, we
report three complementary metrics: utilization-
weighted GPU time, time-integrated GPU-memory
occupancy, and GPU energy. Let Thr be the total
wall-clock duration, in hours, of the measured loop
segments, P̄g be the mean power draw of GPU g
over its valid retained readings, G be the number of
assigned GPUs, ū be the mean GPU-utilization per-
centage over valid retained readings, and M̄obs be
the mean observed per-poll sum of memory.used
across assigned GPUs with valid readings. We
compute

Heff = GThr
ū

100
,

measured in effective GPU-hours,

Hmem = ThrM̄obs,

measured in GPU-memory GiB-hours, and

EGPU =
Thr
1000

G∑︂
g=1

P̄g,

measured in kWh. All three metrics use the same
measurement boundaries. For KD and DRLM, the
monitored loop includes both teacher and student
forward passes. When a strategy requires a sep-
arate expert-selection phase, all three metrics in-
clude both the expert-selection and training-loop
segments.

5 Experiment Results

Overall recovery. Figure 1 summarizes the mean
recovery gain of each post-compression adjust-
ment strategy, averaged over all backbone, com-
pressor, retention-ratio, and benchmark combina-
tions. Appendix E further reports the same compar-
ison broken down by compression method. The
strongest strategy is FULL FT, which achieves
a mean recovery gain of +3.49 pp over the un-
adjusted compressed baseline. In absolute mean
score, the original model reaches 48.37%, the un-
adjusted compressed baseline drops to 39.01%,
and FULL FT improves it to 42.50%, recovering
37.3% of the original-to-compressed gap. It is
followed by ROUTER+ALL-EXPERT FT (+2.31
pp) and FULL KD (+2.19 pp). A clear pattern
is that, under the same trainable parameter scope,
causal LM fine-tuning consistently outperforms
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Figure 1: Overall recovery gain of post-compression ad-
justment strategies. Bars show the average-score recov-
ery gain, measured in percentage points (pp), over the
unadjusted compressed baseline. Causal LM fine-tuning
consistently outperforms KD under matched trainable
scopes, and FULL FT achieves the largest recovery.

teacher-based KD. For example, ROUTER+TOP-50
EXPERT FT outperforms ROUTER+ALL-EXPERT

KD, and ROUTER+TOP-8 EXPERT FT outper-
forms ROUTER+TOP-16 EXPERT KD. This sug-
gests that, under a tiny adjustment budget, the
choice of objective can be more important than
simply increasing the number of trainable experts.

Importantly, this result should not be read as a
claim that distillation is generally ineffective for
post-compression recovery. Our comparison fo-
cuses on standard token-level KD under a tiny
general-domain adjustment budget, and counts the
additional teacher-forward cost required by KD.
Under this protocol, causal LM fine-tuning pro-
vides a more cost-effective repair signal.

Router-only adjustment also improves perfor-
mance, but only marginally. ROUTER-ONLY FT
and ROUTER-ONLY KD yield small gains of +0.23
pp and +0.17 pp, respectively, while direct router
logit matching yields only +0.06 pp. This supports
the analysis in Section 3: router reweighting is a
real source of error, but the best scenario where
router-only correction can fully explain the resid-
ual is relatively rare. In the more common partial-
overlap scenario, expert-path and expert-function
errors remain, and these cannot be sufficiently re-
duced by modifying the router alone.

GPU cost–performance trade-off. Figure 2
compares recovery gain against three GPU-cost
metrics: effective GPU-hours, GPU-memory oc-
cupancy in GiB-hours, and GPU energy in kWh.
The desirable region is the upper-left corner, where
a strategy achieves high recovery with low cost.
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Figure 2: GPU cost–performance trade-off of post-
compression adjustment strategies. The y-axis shows
mean average-score recovery gain, while the x-axis
shows effective GPU-hours (top), GPU-memory occu-
pancy in GiB-hours (middle), and GPU energy in kWh
(bottom). Each point is an unweighted arithmetic mean
over 12 method–ratio settings (four compression meth-
ods × three retention ratios). Both expert-selection cost
and training-loop cost are included when applicable.
Upper-left is better.

FULL FT achieves the highest recovery among all
strategies. Although it is not the cheapest option
in absolute GPU cost, it provides the best recov-
ery per end-to-end adjustment run among the high-
recovery strategies. This is because expert-subset
strategies incur additional selection inference and
still recover less than full adjustment. In particular,
the gap between ROUTER+ALL-EXPERT FT and
FULL FT shows that updating only the compressed
MoE modules is not necessarily the most efficient
use of the adjustment budget.

The router+top-k strategies are also less cost-
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Figure 3: Benchmark-family recovery of FULL FT.
Bars show the post-adjustment performance, and dashed
lines denote the original model and the unadjusted com-
pressed baseline. FULL FT yields the largest recov-
ery on chain-of-thought and MCQA benchmarks, while
math and coding show only marginal changes.

efficient than their trainable-parameter count might
suggest. These strategies update only a subset of
frequently activated experts, but they require a sep-
arate expert-selection stage before training. This
additional calibration inference increases GPU cost,
while the recovery gain remains lower than that of
ROUTER+ALL-EXPERT FT or FULL FT. Thus,
unless the selected experts can be identified almost
perfectly at negligible cost, restricting adjustment
to a small top-k expert subset is not clearly more
efficient than adjusting all experts or the full model.

Router-only strategies occupy the low-cost re-
gion, but their recovery gains are also small. They
may be useful when GPU resources are extremely
limited, but they should not be expected to ap-
proach the recovery of full-parameter adjustment.
Overall, when performance recovery and GPU cost
are considered, FULL FT emerges as the strongest
default strategy among the tested methods.

Which benchmark families recover? Figure 3
shows the benchmark-family recovery obtained by
FULL FT. The largest gains appear in chain-of-
thought reasoning and multiple-choice QA, fol-
lowed by general reasoning and QA. In contrast,
math and coding benchmarks show only marginal
changes. This pattern suggests that a small general-
domain LM adjustment is especially effective at
restoring the model’s general generation behavior
and long-form reasoning stability, while highly spe-
cialized domains such as mathematics and cod-
ing may require more task-specific knowledge or
longer adaptation.

We also qualitatively observe generation-level
failures after compression, including token repe-
tition, premature termination, and loss of coher-

Figure 4: Recovery gain as the trainable parameter
scope expands. For both LM fine-tuning and KD, recov-
ery increases from router-only to router+top-k experts,
router+all-experts, and full-parameter adjustment. The
large gain from router+all-experts to full adjustment
suggests that compression-induced noise propagates be-
yond MoE modules into dense/shared components.

ent continuation. Appendix G provides representa-
tive examples where FULL FT restores fluent con-
tinuation without task-specific supervision. This
indicates that compression can damage not only
factual knowledge but also the model’s ability to
express and compose its remaining knowledge flu-
ently. Causal LM fine-tuning directly optimizes
observed next-token likelihood on natural text, and
therefore provides a simple signal for repairing
such generation-level degradation. This helps ex-
plain why FULL FT is particularly effective on gen-
eral, CoT, and MCQA-style benchmarks, where
fluent continuation and stable reasoning traces are
important.

Effect of expanding the trainable scope. Fig-
ure 4 analyzes how recovery changes as the train-
able parameter scope expands. For both FT and
KD, recovery increases as we move from router-
only adjustment to router+top-k experts, router+all-
experts, and full-parameter adjustment. This mono-
tonic trend indicates that compression-induced
degradation is not confined to a single component.
Router-only adjustment can reduce part of the rout-
ing error, and expert-inclusive adjustment can fur-
ther reduce expert-path or expert-function errors.

The most notable pattern is the large jump from
ROUTER+ALL-EXPERT adjustment to FULL ad-
justment. Even though the compression is ap-
plied to expert parameters, allowing non-expert
dense/shared parameters to update provides a sub-
stantial additional gain. This suggests that lo-
cal perturbations introduced in MoE layers propa-
gate through the residual stream and affect subse-
quent attention, normalization, and dense trans-
formations. Consequently, correcting only the
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Figure 5: Recovery with 1,024 C4 calibration exam-
ples. Bars show the mean score change from the un-
adjusted compressed model across 28 benchmarks and
12 backbone–compressor–retention settings. Full FT
remains the strongest strategy, followed by Router All-
Expert FT and Full KD, showing that reducing the
main study’s 3,000-example budget preserves the cen-
tral strategy-level conclusion.

compressed MoE modules may leave downstream
propagated noise unresolved. Full-parameter fine-
tuning can compensate for both the local MoE error
and its downstream propagation, which explains
why it achieves the strongest recovery in Figure 4.

6 Robustness Check

Reducing the C4 calibration budget from 3,000
to 1,024 examples preserves the main strategy-
level pattern (Figure 5). Across four backbone–
compressor pairs and three retention ratios, Full
FT gives the largest mean recovery (+2.78 pp), fol-
lowed by Router All-Expert FT (+1.86 pp) and
Full KD (+1.77 pp). Causal LM fine-tuning also
remains ahead of KD at each matched trainable
scope. Thus, the central conclusion is not contin-
gent on the 3,000-example calibration budget used
in the main study.

We further test calibration-domain sensitivity
under matched 1,024-example budgets by replac-
ing C4 with the math-domain OpenR1-Math-220k
dataset (Lozhkov et al., 2025) for six Qwen3/HC-
SMoE and Gemma4/AIMER settings, while keep-
ing the 28-task evaluation suite fixed (Figure 6).
Points farther toward the upper right indicate
stronger recovery under both domains. Full FT
has the largest recovery averaged across the two
domains (4.04 pp, versus 3.40 pp for Full KD).
Across the 13 adjustment strategies, C4- and
OpenR1-Math-calibrated gains are strongly asso-
ciated (Spearman ρ = 0.973; Kendall τb = 0.897),
and Full FT, Full KD, and Router All-Expert FT
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Figure 6: Calibration-domain robustness with 1,024
examples each from C4 and OpenR1-Math-220k, av-
eraged over six matched settings and 28 benchmarks.
Each point is an adjustment strategy; upper-right indi-
cates stronger recovery in both domains. Full FT has
the largest two-domain mean, and aggregate rankings
are strongly associated (ρ = 0.973, τb = 0.897).

form the same top-three set. We interpret this as
robustness of the aggregate strategy trend, not as
invariant ranking in every individual setting; Ap-
pendix I reports the full aggregate results, costs,
and setting-level variation.

7 Conclusion

We show that retraining-free MoE compression
should be treated as a compressed initializa-
tion rather than a final artifact. With a tiny
general-domain adjustment budget, compressed
MoE LLMs can recover a substantial portion of the
original-to-compressed performance gap. Our re-
sults indicate that causal LM fine-tuning, especially
full-parameter adjustment, offers the strongest cost–
recovery trade-off among the strategies. Retraining-
free compression is a strong start, and recovery
toward the original model can be substantially im-
proved through a small post-compression adjust-
ment stage.

Limitations

First, our GPU-cost comparison is controlled
but not fully system-optimized. For fair com-
parison, the GPU costs reported for post-
compression adjustment are measured under a uni-
fied PyTorch/Transformers-based implementa-
tion for expert selection and adjustment training,
using the same hardware, data budget, and mon-
itoring protocol. Benchmark evaluation is per-
formed separately with lm-evaluation-harness
and vLLM, and is not included in the adjustment-
training cost. This design avoids mixing strategy-
level effects with implementation-specific opti-
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mization differences. However, each stage could
be further optimized with specialized systems. For
example, expert-selection inference may be acceler-
ated with optimized serving engines such as vLLM,
while adjustment training may benefit from op-
timized distributed-training stacks such as Deep-
Speed, FSDP/Accelerate, Megatron-style training,
or custom fused kernels. We do not evaluate how
such system-level optimizations would change the
cost–recovery trade-off. Second, our main experi-
ments focus on Expert Pruning and Expert Merging.
Expert Editing is an important MoE compression
paradigm, but many editing methods rely on native
factorized or tensor-decomposed expert represen-
tations that are not yet efficiently supported by the
same inference and training stack used for stan-
dard MoE checkpoints. In practice, methods such
as MoBE or TD-MoE often provide reconstructed
standard-MoE realizations for compatibility with
existing serving engines. Post-adjusting these re-
constructed checkpoints is not parameterization-
equivalent to updating the native factorized editing
model. For this reason, we report Expert Editing re-
sults separately in Appendix F, and do not use them
as primary evidence for deployable compressed-
artifact efficiency. Third, our study does not evalu-
ate models above the 100B-parameter scale. Larger
MoE models may exhibit different routing behavior,
different expert redundancy patterns, and different
cost trade-offs. Extending post-compression ad-
justment to such models is an important direction
for future work. Finally, we use a tiny general-
domain C4 adjustment budget. Task-specific data,
multilingual data, safety-alignment data, or longer
adjustment schedules may change which objective
and trainable scope is optimal.

Our conclusions should therefore be interpreted
as evidence for a small-budget, general-domain
post-compression adjustment regime rather than as
a universal optimum for all deployment settings.

Ethical Considerations

This work studies post-compression adjustment for
MoE LLMs, with the goal of reducing the mem-
ory and compute burden required to deploy large
models. We do not collect human-subject data,
private user data, or personally identifiable infor-
mation. The main adjustment experiments use a
sampled C4 subset, while the calibration-domain
robustness check additionally uses 1,024 examples
from OpenR1-Math-220k; all evaluations use pub-

lic benchmark datasets. Appendix J reports metric-
specific behavioral proxies, which we treat as di-
agnostics rather than as a safety certification. A
positive implication of this work is that small post-
compression adjustment may make compressed
MoE models more accessible to researchers and
practitioners with limited GPU resources. At the
same time, improving the efficiency of LLM de-
ployment can also lower the cost of deploying
models for harmful or unintended applications.
Our work does not introduce new safety-alignment
methods, and we do not claim that compression or
post-compression adjustment improves the safety,
fairness, or reliability of the underlying models.
Compressed and adjusted models may inherit bi-
ases, hallucination behavior, unsafe generations,
or misuse risks from their original base models.
We therefore encourage practitioners to treat post-
compression adjustment as an efficiency technique
rather than a safety intervention. Any deployment
of compressed MoE LLMs should follow the li-
cense and usage restrictions of the original models
and datasets, and should be accompanied by appro-
priate safety evaluation for the intended application
domain. Finally, because our experiments involve
large GPU workloads, we report effective GPU-
hours, GPU-memory occupancy in GiB-hours, and
GPU energy in kWh to make the computational
cost of different adjustment strategies transparent.

In accordance with the ACL Policy on AI Assis-
tance, we acknowledge the use of Gemini 3.1 Pro1
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All experimental designs, data analyses, and scien-
tific claims presented in this work were verified by
the authors.
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Guilherme Penedo, Edward Beeching, Quentin
Gallouédec, Nathan Habib, Lewis Tunstall, and
Leandro von Werra. 2025. OpenR1-Math-220k.
https://huggingface.co/datasets/open-r1/
OpenR1-Math-220k.

Xudong Lu, Qi Liu, Yuhui Xu, Aojun Zhou, Siyuan
Huang, Bo Zhang, Junchi Yan, and Hongsheng Li.
2024. Not all experts are equal: Efficient expert
pruning and skipping for mixture-of-experts large
language models. In Proceedings of the 62nd Annual
Meeting of the Association for Computational Lin-
guistics (Volume 1: Long Papers), pages 6159–6172,
Bangkok, Thailand. Association for Computational
Linguistics.

Michael Matena and Colin Raffel. 2022. Merging
models with fisher-weighted averaging. Preprint,
arXiv:2111.09832.

math ai. 2025. Aime problem set 2025.

Ruijie Miao, Yilun Yao, Zihan Wang, Zhiming Wang,
Bairen Yi, LingJun Liu, Yikai Zhao, and Tong
Yang. 2025. Mergemoe: Efficient compression of
moe models via expert output merging. Preprint,
arXiv:2510.14436.

Todor Mihaylov, Peter Clark, Tushar Khot, and Ashish
Sabharwal. 2018. Can a suit of armor conduct elec-
tricity? a new dataset for open book question answer-
ing. Preprint, arXiv:1809.02789.

Nikita Nangia, Clara Vania, Rasika Bhalerao, and
Samuel R. Bowman. 2020. CrowS-pairs: A chal-
lenge dataset for measuring social biases in masked
language models. In Proceedings of the 2020 Con-
ference on Empirical Methods in Natural Language
Processing (EMNLP), pages 1953–1967, Online. As-
sociation for Computational Linguistics.

Ankit Pal, Logesh Kumar Umapathi, and Malaikannan
Sankarasubbu. 2022. Medmcqa: A large-scale multi-
subject multi-choice dataset for medical domain ques-
tion answering. In Proceedings of the Conference
on Health, Inference, and Learning, volume 174 of
Proceedings of Machine Learning Research, pages
248–260. PMLR.

Qwen Team. 2025. Qwen3 technical report. Preprint,
arXiv:2505.09388.

Alec Radford, Karthik Narasimhan, Tim Salimans, Ilya
Sutskever, and 1 others. 2018. Improving language
understanding by generative pre-training.

Siva Reddy, Danqi Chen, and Christopher D. Manning.
2019. CoQA: A conversational question answering
challenge. Transactions of the Association for Com-
putational Linguistics, 7:249–266.

Rachel Rudinger, Jason Naradowsky, Brian Leonard,
and Benjamin Van Durme. 2018. Gender bias in
coreference resolution. In Proceedings of the 2018
Conference of the North American Chapter of the
Association for Computational Linguistics: Human
Language Technologies, Volume 2 (Short Papers),
pages 8–14, New Orleans, Louisiana. Association for
Computational Linguistics.

Keisuke Sakaguchi, Ronan Le Bras, Chandra Bhagavat-
ula, and Yejin Choi. 2019. Winogrande: An adver-
sarial winograd schema challenge at scale. Preprint,
arXiv:1907.10641.

Noam Shazeer, Azalia Mirhoseini, Krzysztof Maziarz,
Andy Davis, Quoc Le, Geoffrey Hinton, and
Jeff Dean. 2017. Outrageously large neural net-
works: The sparsely-gated mixture-of-experts layer.
Preprint, arXiv:1701.06538.

Ying Sheng, Lianmin Zheng, Binhang Yuan, Zhuohan
Li, Max Ryabinin, Beidi Chen, Percy Liang, Christo-
pher Re, Ion Stoica, and Ce Zhang. 2023. FlexGen:
High-throughput generative inference of large lan-
guage models with a single GPU. In Proceedings of
the 40th International Conference on Machine Learn-
ing, volume 202 of Proceedings of Machine Learning
Research, pages 31094–31116. PMLR.

Mirac Suzgun, Nathan Scales, Nathanael Schärli, Se-
bastian Gehrmann, Yi Tay, Hyung Won Chung,
Aakanksha Chowdhery, Quoc V Le, Ed H Chi, Denny
Zhou, , and Jason Wei. 2022. Challenging big-bench
tasks and whether chain-of-thought can solve them.
arXiv preprint arXiv:2210.09261.

Shengkun Tang, Zekun Wang, Bo Zheng, Liangyu
Wang, Rui Men, Siqi Zhang, Xiulong Yuan, Zi-
han Qiu, Zhiqiang Shen, and Dayiheng Liu. 2026.
Slimqwen: Exploring the pruning and distilla-
tion in large moe model pre-training. Preprint,
arXiv:2605.08738.

Hemish Veeraboina. 2024. Aime problem set 1983-
2024.

13

https://doi.org/10.52202/075280-0943
https://doi.org/10.52202/075280-0943
https://doi.org/10.52202/075280-0943
https://openreview.net/forum?id=dJy6z9peC7
https://openreview.net/forum?id=dJy6z9peC7
https://openreview.net/forum?id=dJy6z9peC7
https://arxiv.org/abs/2503.23100
https://arxiv.org/abs/2503.23100
https://arxiv.org/abs/2503.23100
https://arxiv.org/abs/2603.18492
https://arxiv.org/abs/2603.18492
https://huggingface.co/datasets/open-r1/OpenR1-Math-220k
https://huggingface.co/datasets/open-r1/OpenR1-Math-220k
https://doi.org/10.18653/v1/2024.acl-long.334
https://doi.org/10.18653/v1/2024.acl-long.334
https://doi.org/10.18653/v1/2024.acl-long.334
https://arxiv.org/abs/2111.09832
https://arxiv.org/abs/2111.09832
https://huggingface.co/datasets/math-ai/aime25
https://arxiv.org/abs/2510.14436
https://arxiv.org/abs/2510.14436
https://arxiv.org/abs/1809.02789
https://arxiv.org/abs/1809.02789
https://arxiv.org/abs/1809.02789
https://doi.org/10.18653/v1/2020.emnlp-main.154
https://doi.org/10.18653/v1/2020.emnlp-main.154
https://doi.org/10.18653/v1/2020.emnlp-main.154
https://proceedings.mlr.press/v174/pal22a.html
https://proceedings.mlr.press/v174/pal22a.html
https://proceedings.mlr.press/v174/pal22a.html
https://arxiv.org/abs/2505.09388
https://doi.org/10.1162/tacl_a_00266
https://doi.org/10.1162/tacl_a_00266
https://doi.org/10.18653/v1/N18-2002
https://doi.org/10.18653/v1/N18-2002
https://arxiv.org/abs/1907.10641
https://arxiv.org/abs/1907.10641
https://arxiv.org/abs/1701.06538
https://arxiv.org/abs/1701.06538
https://proceedings.mlr.press/v202/sheng23a.html
https://proceedings.mlr.press/v202/sheng23a.html
https://proceedings.mlr.press/v202/sheng23a.html
https://arxiv.org/abs/2605.08738
https://arxiv.org/abs/2605.08738
https://www.kaggle.com/datasets/hemishveeraboina/aime-problem-set-1983-2024
https://www.kaggle.com/datasets/hemishveeraboina/aime-problem-set-1983-2024


Joshua Vendrow, Edward Vendrow, Sara Beery, and
Aleksander Madry. 2025. Do large language
model benchmarks test reliability? Preprint,
arXiv:2502.03461.

Mitchell Wortsman, Gabriel Ilharco, Samir Yitzhak
Gadre, Rebecca Roelofs, Raphael Gontijo-Lopes,
Ari S. Morcos, Hongseok Namkoong, Ali Farhadi,
Yair Carmon, Simon Kornblith, and Ludwig Schmidt.
2022. Model soups: averaging weights of multiple
fine-tuned models improves accuracy without increas-
ing inference time. Preprint, arXiv:2203.05482.

Qingyun Wu, Gagan Bansal, Jieyu Zhang, Yiran Wu,
Beibin Li, Erkang (Eric) Zhu, Li Jiang, Xiaoyun
Zhang, Shaokun Zhang, Ahmed Awadallah, Ryen W.
White, Doug Burger, and Chi Wang. 2024. Autogen:
Enabling next-gen llm applications via multi-agent
conversation. In COLM 2024.

Yanyue Xie, Zhi Zhang, Ding Zhou, Cong Xie, Ziang
Song, Xin Liu, Yanzhi Wang, Xue Lin, and An Xu.
2024. Moe-pruner: Pruning mixture-of-experts
large language model using the hints from its router.
Preprint, arXiv:2410.12013.

Yuebin XU, YANHONG WANG, Xuemei Peng, Hui
Zang, Chen Minghao, Pengfei Xia, and Zeyi Wen.
2026. TD-moe: Tensor decomposition for moe mod-
els. In The Fourteenth International Conference on
Learning Representations.

Cheng Yang, Yang Sui, Jinqi Xiao, Lingyi Huang,
Yu Gong, Yuanlin Duan, Wenqi Jia, Miao Yin,
Yu Cheng, and Bo Yuan. 2024. MoE-i2: Compress-
ing mixture of experts models through inter-expert
pruning and intra-expert low-rank decomposition. In
Findings of the Association for Computational Lin-
guistics: EMNLP 2024, pages 10456–10466, Miami,
Florida, USA. Association for Computational Lin-
guistics.

Xican Yang, Yuanhe Tian, and Yan Song. 2025.
Moe pathfinder: Trajectory-driven expert pruning.
Preprint, arXiv:2512.18425.

Gyeong-In Yu, Joo Seong Jeong, Geon-Woo Kim, Soo-
jeong Kim, and Byung-Gon Chun. 2022. Orca: A
distributed serving system for Transformer-Based
generative models. In 16th USENIX Symposium
on Operating Systems Design and Implementation
(OSDI 22), pages 521–538, Carlsbad, CA. USENIX
Association.

Rowan Zellers, Ari Holtzman, Yonatan Bisk, Ali
Farhadi, and Yejin Choi. 2019. Hellaswag: Can a
machine really finish your sentence? In Proceedings
of the 57th Annual Meeting of the Association for
Computational Linguistics.

Geng Zhang, Yuxuan Han, Yuxuan Lou, Wangbo Zhao,
Yiqi Zhang, and Yang You. 2025. Mone: Replacing
redundant experts with lightweight novices for struc-
tured pruning of moe. Preprint, arXiv:2507.00390.

Yushu Zhao, Zheng Wang, and Minjia Zhang. 2025.
Puzzlemoe: Efficient compression of large mixture-
of-experts models via sparse expert merging and bit-
packed inference. Preprint, arXiv:2511.04805.

Jeffrey Zhou, Tianjian Lu, Swaroop Mishra, Siddhartha
Brahma, Sujoy Basu, Yi Luan, Denny Zhou, and
Le Hou. 2023. Instruction-following evaluation for
large language models. Preprint, arXiv:2311.07911.

Yixiao Zhou, Ziyu Zhao, Dongzhou Cheng, Zhiliang
Wu, Jie Gui, Yi Yang, Fei Wu, Yu Cheng, and Hehe
Fan. 2025. Dropping experts, recombining neurons:
Retraining-free pruning for sparse mixture-of-experts
LLMs. In Findings of the Association for Compu-
tational Linguistics: EMNLP 2025, pages 15169–
15186, Suzhou, China. Association for Computa-
tional Linguistics.

14

https://arxiv.org/abs/2502.03461
https://arxiv.org/abs/2502.03461
https://arxiv.org/abs/2203.05482
https://arxiv.org/abs/2203.05482
https://arxiv.org/abs/2203.05482
https://www.microsoft.com/en-us/research/publication/autogen-enabling-next-gen-llm-applications-via-multi-agent-conversation-framework/
https://www.microsoft.com/en-us/research/publication/autogen-enabling-next-gen-llm-applications-via-multi-agent-conversation-framework/
https://www.microsoft.com/en-us/research/publication/autogen-enabling-next-gen-llm-applications-via-multi-agent-conversation-framework/
https://arxiv.org/abs/2410.12013
https://arxiv.org/abs/2410.12013
https://openreview.net/forum?id=D9cnZNZfxX
https://openreview.net/forum?id=D9cnZNZfxX
https://doi.org/10.18653/v1/2024.findings-emnlp.612
https://doi.org/10.18653/v1/2024.findings-emnlp.612
https://doi.org/10.18653/v1/2024.findings-emnlp.612
https://arxiv.org/abs/2512.18425
https://www.usenix.org/conference/osdi22/presentation/yu
https://www.usenix.org/conference/osdi22/presentation/yu
https://www.usenix.org/conference/osdi22/presentation/yu
https://arxiv.org/abs/2507.00390
https://arxiv.org/abs/2507.00390
https://arxiv.org/abs/2507.00390
https://arxiv.org/abs/2511.04805
https://arxiv.org/abs/2511.04805
https://arxiv.org/abs/2511.04805
https://arxiv.org/abs/2311.07911
https://arxiv.org/abs/2311.07911
https://doi.org/10.18653/v1/2025.findings-emnlp.820
https://doi.org/10.18653/v1/2025.findings-emnlp.820
https://doi.org/10.18653/v1/2025.findings-emnlp.820


A Experiment Settings

This appendix reports the implementation settings
used for compression, post-compression adjust-
ment, and downstream evaluation. Unless other-
wise stated, random seeds were fixed to 42, mod-
els were loaded and saved in bfloat16, tokenizer
and generation sidecar files were copied from the
source checkpoint, and dense non-expert param-
eters were kept unchanged by the compression
method itself. The reported expert-retention ratios
are 50%, 62.5%, and 75%. For pruning and merg-
ing methods, these correspond to 64, 80, and 96
retained or physical routed experts per MoE layer,
respectively, for models with 128 routed experts
per layer.

A.1 Backbones and Compression Targets
We use two instruction-tuned MoE backbones:
Qwen3-30B-A3B-Instruct-2507 and gemma-4-
26B-A4B-it. Qwen3 contains 48 sparse MoE
blocks with 128 routed experts per block, while
the Gemma4 text stack contains 30 routed MoE
layers with 128 routed experts per layer. For all
pruning and merging methods, the router, atten-
tion layers, embeddings, layer normalizations, and
other dense components are preserved; only routed
expert capacity is reduced.

A.2 Post-Compression Adjustment
All Post-Compression Adjustment runs use the
same text-only calibration corpus, optimizer set-
tings, and tokenization settings across backbones,
methods, retention ratios, objectives, and trainable
scopes. The adjustment data are the first 3000 non-
empty text examples read from the C4. Examples
are tokenized with padding and truncation to 512
tokens. The dataloader is shuffled with a seed-42
torch.Generator, uses drop_last=false, and
uses zero worker processes.

Objectives. For fine-tuning (FT), we optimize
the standard causal language-modeling loss, mask-
ing padding tokens with label value −100. For
knowledge distillation (KD), the teacher is the cor-
responding uncompressed backbone, either Qwen3-
30B-A3B-Instruct-2507 or gemma-4-26B-A4B-it.
The teacher is evaluated in no-gradient mode, and
the student is optimized with token-level KL diver-
gence between shifted teacher and student logits at
temperature 1.0. Both teacher and student forward
passes are included in the monitored KD training-
loop segment and therefore in effective GPU-hours,

Setting Value
Calibration samples 3000
Epochs 1
Per-device batch size 2
Gradient accumulation 4 steps
Effective batch size 8 examples
Maximum sequence
length

512 tokens

Optimizer AdamW, foreach=false
Learning rate 5× 10−5

Weight decay 0.0
LR scheduler Linear decay with warmup
Warmup ratio 0.03
Gradient clipping Global norm 1.0
KD temperature 1.0
Maximum training steps Not set; one full epoch is used
Logging interval 10 optimizer steps
Model dtype bfloat16 on GPU; float32 only

for CPU fallback
Memory cap 110GiB per GPU for automatic

device maps
Gradient checkpointing Disabled
Saved shard size 10GB
Determinism Python, NumPy, PyTorch,

CUDA, and dataloader seeds
fixed to 42; deterministic algo-
rithms enabled with warnings
only

Table 2: Common Post Compression Adjustment hyper-
parameters.

GPU-memory GiB-hours, and GPU energy. Direct
router logit matching (DRLM) is used as a diagnos-
tic router-only objective when a teacher-to-student
router-coordinate mapping is available; it uses the
same data, optimizer, epoch count, batch size, gra-
dient accumulation, temperature, and gradient clip-
ping as the other Post-Compression Adjustment
objectives.

Trainable scopes. The unadjusted baseline is
evaluated immediately after compression. Post-
Compression Adjustment then uses the following
trainable scopes:

• Router-only: only MoE router parameters are
trainable.

• Router + top-k experts: routers and a fixed
per-layer subset of physical experts are train-
able. The main experiments use k = 8. Addi-
tional scope ablations use k = 16 and k = 50.

• Router + all experts: routers and all
routed expert parameters are train-
able while dense non-expert parame-
ters remain frozen. This is stored as
router_top128_expert_finetune and
router_top128_expert_kd because each
original layer has 128 logical routed experts.
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• Full-parameter: all student parame-
ters are trainable. This corresponds to
full_finetune and full_kd.

For top-k expert scopes, the selected experts are
chosen before training using the same adjustment
data. We count router top-8 assignments, map logi-
cal expert IDs to physical expert IDs when the com-
pressed model has a logical-to-physical mapping,
and keep the most frequently activated k physical
experts per layer. The expert-selection inference
is monitored as a separate segment; whenever a
strategy requires selection, its samples and wall-
clock duration are aggregated with those of the
subsequent training loop for effective GPU-hours,
GPU-memory GiB-hours, and GPU energy.

Hardware and cost logging. All adjustment runs
used two NVIDIA H200 140GB GPUs. GPU
power draw, utilization, and memory.used were
polled periodically with nvidia-smi on all as-
signed GPUs, using a nominal one-second sleep
interval between successive poll attempts. Includ-
ing query overhead, the observed median effec-
tive polling interval was 1.685 seconds across runs.
Let Thr be the sum, in hours, of the included
measured-segment durations and let G = 2. Let
P̄g be the mean power draw of GPU g over its
valid retained readings, and let ū be the mean uti-
lization percentage over valid retained GPU read-
ings. At poll i, let Gi denote the subset of assigned
GPUs with a valid retained reading and let Mg,i

denote memory.used in GiB. Across the NM polls
with at least one valid memory reading, we define
M̄obs =

1
NM

∑︁NM
i=1

∑︁
g∈Gi

Mg,i. We report

Heff = GThr
ū

100
,

Hmem = ThrM̄obs,

EGPU =
Thr
1000

G∑︂
g=1

P̄g,

measured in effective GPU-hours, GPU-memory
GiB-hours, and kWh, respectively. All three met-
rics use the same measured-segment boundaries.
Metric averages are computed from their valid
retained readings; 147 of 704,576 poll attempts
(0.021%) contained only one of the two assigned
GPU rows. Model loading occurs before moni-
toring and is excluded, whereas resident-model
memory during the measured segments is included
in memory.used. The monitored KD and DRLM

loops include both teacher and student forward
passes. For router+top-k strategies, separately mon-
itored expert-selection and training-loop segments
are both included; gaps between measured seg-
ments are not counted.

A.3 Evaluation with lm-evaluation-harness

All downstream evaluations use
lm-evaluation-harness with the vLLM back-
end. The recorded harness version is 0.4.13.dev0,
and the recorded Transformers version is
5.8.1. Each evaluation job uses model=vllm,
bfloat16 weights, tensor_parallel_size=1,
max_model_len=4096,
trust_remote_code=true, automatic har-
ness batch sizing, chat-template application,
multi-turn few-shot formatting, and sample
logging. The limit is unset, so all task examples
are evaluated. Random, NumPy, PyTorch, and
few-shot seeds are all 42. GPU memory utilization
is 0.9 for reasoning, math, chain-of-thought,
code, and AIME categories, and 0.8 for the
multiple-choice category.

For Gemma4 evaluation,
enable_thinking=false is forced for all
categories. For Qwen3, enable_thinking=false
is explicitly set for the AIME cate-
gory. HC-SMoE Qwen checkpoints are
evaluated with enforce_eager=true.
Gemma4 M-SMoE checkpoints are eval-
uated with model_impl=transformers,
enforce_eager=true, and
attention_backend=TRITON_ATTN. Code
tasks are run with HF_ALLOW_CODE_EVAL=1
and harness unsafe-code confirmation enabled.
For AIME tasks, generation is non-sampling
with do_sample=false, temperature 0.0, and
max_gen_toks=2780. Other categories use the
deterministic generation or scoring defaults defined
by the corresponding harness task YAML files.

A.4 Benchmarks
We evaluate each model on 28 downstream bench-
marks covering general reasoning, mathematical
reasoning, coding, chain-of-thought reasoning, and
multiple-choice question answering. For general
reasoning and QA, we use BBH (Suzgun et al.,
2022) in both few-shot and zero-shot settings,
CoQA (Reddy et al., 2019), and HellaSwag (Zellers
et al., 2019). For mathematical reasoning, we
use GSM8K (Cobbe et al., 2021), GSM8K Plat-
inum (Vendrow et al., 2025), MATH (Hendrycks
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Category Tasks Few-shot / metric settings
Reasoning and
math

gsm8k, gsm8k_platinum,
minerva_math, bbh_fewshot,
bbh_zeroshot, coqa

GSM8K and GSM8K-Platinum use 5-shot; Minerva Math
uses 4-shot; BBH few-shot uses 3-shot; BBH zero-shot
and CoQA use 0-shot. Primary metrics are exact-match
style harness metrics.

Multiple choice medqa_4options, medmcqa,
openbookqa, arc_easy, winogrande,
arc_challenge, piqa, mmlu,
hellaswag

All are evaluated 0-shot. Metrics are the harness-provided
accuracy and normalized-accuracy variants where avail-
able.

Chain-of-thought gsm8k_cot, gsm8k_platinum_cot,
gsm8k_cot_zeroshot,
gsm8k_platinum_cot_zeroshot,
bbh_cot_fewshot,
bbh_cot_zeroshot

GSM8K-CoT and GSM8K-Platinum-CoT use 8-shot;
their zero-shot variants use 0-shot. BBH-CoT few-shot
uses 3-shot and BBH-CoT zero-shot uses 0-shot. Metrics
are exact-match style harness metrics.

Code humaneval, mbpp, mbpp_plus,
humaneval_plus

HumanEval uses 0-shot. MBPP and MBPP-Plus use 3-
shot. Metrics are pass@1 style harness metrics.

AIME aime, aime24, aime25 All are 0-shot. Generation uses max_gen_toks=2780,
do_sample=false, and temperature 0.0. The metric is
exact match.

Table 3: Downstream evaluation categories and task-level settings.

et al., 2021b; Lewkowycz et al., 2022; Kydlicek
et al., 2025), AIME 1983–2024 (Veeraboina, 2024),
and AIME 2025 (math ai, 2025). For coding,
we evaluate MBPP (Austin et al., 2021), Hu-
manEval (Chen et al., 2021), MBPP+ & Hu-
manEval+ (Liu et al., 2023). We further evaluate
chain-of-thought reasoning on BBH, GSM8K, and
GSM8K Platinum under both few-shot and zero-
shot settings. Finally, we evaluate multiple-choice
question answering on ARC-Challenge, ARC-Easy,
MedMCQA, MedQA, OpenBookQA, PIQA, Wino-
Grande, and MMLU (Clark et al., 2018; Pal et al.,
2022; Jin et al., 2020; Mihaylov et al., 2018; Bisk
et al., 2020; Sakaguchi et al., 2019; Hendrycks
et al., 2021a).

A.5 Direct router logit matching
We also include Direct Router Logit Matching
(DRLM) as a diagnostic baseline when router co-
ordinates can be aligned through the compression
mapping. Let rT,ℓ,t and rS,ℓ,t be the teacher and
student router logits at layer ℓ and token position
t, and let Πℓ map teacher router coordinates to the
student router space. The objective is

LDRLM =
1

|I|
∑︂

(ℓ,t)∈I

∥Πℓ(rT,ℓ,t)− rS,ℓ,t∥22 , (4)

where I is the set of valid layer-token observations.
Unlike KD, DRLM directly aligns router behavior
rather than output-token distributions. We use it
only as a diagnostic comparison because it requires
a well-defined router-coordinate mapping, which
may not exist uniformly across all compression
paradigms.
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Backbone Paradigm Method Target Compression settings
Qwen3 Pruning REAP 128 ex-

perts/layer
→ 64,
80, 96
retained ex-
perts/layer

Prune fractions 0.50, 0.375, and 0.25. Observation data used
the allenai/c4 train split with shuffling, observer batch
size 1, 1024 batches per category, maximum sequence length
2048, cosine distance, and seed 42. Router weights were
renormalized after pruning. The saved configuration records
prune_method=reap, record_pruning_metrics_only=true,
renormalize_router_weights=true, expert_sim=ttm,
frequency_penalty=true, agglomerative clustering metadata,
and average linkage.

Qwen3 Merging HC-SMoE 128 log-
ical ex-
perts/layer
→ 64,
80, 96
physical ex-
perts/layer

Hierarchical expert merging was run on the RTE calibration task
with n_sentences=8, train batch size 2, data_limit=1000000,
partition=8, start_layer=0, and group_limit=4. Experts were
grouped by expert-output activation similarity using hierarchical clus-
tering with average linkage and silhouette stopping; ZipIt was used as
the merge operator with ingredient=act and dominant=no.

Qwen3 Editing MoBE Ratio la-
bels 50,
62.5, 75

MoBE factor fitting was run over all 48 layers and 128 experts with
expert matrix shape 768× 2048, SiLU activation, 8000 fitting epochs,
batch size 32, 4 batches, and learning rate 0.07. The fitted matrices were
gate_proj and up_proj. The basis count num_B was 8, 8, and 32 for
the 50%, 62.5%, and 75% settings; truncation was 438, 768, and 768,
respectively. Native MoBE checkpoints were reconstructed to Hugging
Face checkpoints for vLLM evaluation.

Gemma4 Pruning AIMER 128 ex-
perts/layer
→ 64,
80, 96
retained ex-
perts/layer

AIMER pruning was calibration-free. The score was
mean(|w|)/rms(w) computed over each routed expert’s
gate, up, and down weights. Runs used metric=aimer,
metric_device=auto, prune_highest_score=true, seed 42,
bfloat16 loading, device_map=auto, trust_remote_code=true, and
model_class=causal-lm. The dense Gemma4 layer.mlp shared
component was preserved and not treated as part of AIMER pruning.

Gemma4 Merging M-SMoE 128 log-
ical ex-
perts/layer
→ 64,
80, 96
physical ex-
perts/layer

M-SMoE used the shared C4 calibration shard
c4-train.00000-of-01024.json. Router statistics were collected
with similarity_base=router-logits, subset_ratio=0.01, block
size 512, and batch size 1. The implementation confirms 128 logical
Gemma4 experts and rewrites the 30 routed layers to the requested
physical expert count.

Gemma4 Editing TD-MoE Target total
parameters
14.387B,
17.242B,
20.096B

TD-MoE was applied to all 30 Gemma4 routed layers using the same C4
calibration shard, 256 whitening samples, model sequence length 2048,
seed 3, input whitening, SVD decomposition, bfloat16 inference, and
device_map=auto. Native TD-MoE checkpoints were materialized
back to Hugging Face/vLLM-compatible checkpoints with bfloat16
weights and 10GB maximum shard size.

Table 4: Compression settings.
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B Original MoE (before Compression)

We adopt the MoE notation of Hyeon and Do
(2026). We restate only the definitions needed for
the residual decompositions below; the underlying
MoE formulation and the original scenario analysis
are not claimed as new contributions of the present
paper.

Throughout Appendices B–D, x denotes a com-
mon local hidden-state input supplied to the origi-
nal and compressed layer maps. This same-input
convention isolates the local compression source.
The end-to-end input shift between the two net-
works is handled separately by the propagation
analysis in Section 3.

Consider one sparse MoE layer with routed-
expert index set E = {0, . . . , N−1}. Let S ⊆ E be
the top-k active set selected by the original router,
with |S| = k < N . Let gorigi (x) ≥ 0 denote the
nonnegative gate mass used for mixture weight-
ing, such as a softmax probability. This avoids
normalizing raw router logits, which need not be
nonnegative. We assume that the gate masses are
positive on the selected set.

For any nonempty active set A ⊆ E , define

˜︁go,Ai (x) :=
gorigi (x)∑︁
j∈A g

orig
j (x)

, i ∈ A. (5)

The routed MoE contribution is

yorig(x) =
∑︂
i∈S

˜︁go,Si (x)Ei(x). (6)

Any unchanged shared-expert, residual, or dense
branch is omitted from this local expression be-
cause it cancels in the same-input difference. In
the following appendices, superscripts p, m, and
e denote the pruned, merged, and edited models,
respectively.

C Expert Pruning (N → N − α)

The exhaustive best/partial/disjoint pruning analy-
sis was introduced in prior work (Hyeon and Do,
2026). Here we replace the repeated scenario-wise
algebra with one exact active-path decomposition
that directly supports the routing-versus-expert-
path interpretation in Section 3.

Let P ⊆ E be the set of retained experts, with
|P| ≥ k, and let S ′ ⊆ P be the active set selected
by the pruned layer at the common reference input
x. We assume |S| = |S ′| = k. For any nonempty

active set A ⊆ P satisfying
∑︁

j∈A g
pruned
j (x) > 0,

define

˜︁gp,Ai (x) :=
gprunedi (x)∑︁
j∈A g

pruned
j (x)

, i ∈ A. (7)

The two routed outputs are

yorig(x) =
∑︂
i∈S

˜︁go,Si (x)Ei(x), (8)

ypruned(x) =
∑︂
i∈S′

˜︁gp,S′

i (x)Ei(x). (9)

For compact displays, write

˜︁goi := ˜︁go,Si (x), ˜︁gpi := ˜︁gp,S′

i (x), Ei := Ei(x).
(10)

Active-set decomposition. The availability set
P and the active set S ′ have different roles. Define

T = S ∩ S ′, D = S \ S ′, R = S ′ \ S. (11)

Then

S = T ∪̇ D, S ′ = T ∪̇ R. (12)

Moreover,

D = (S \ P) ∪̇
(︁
(S ∩ P) \ S ′)︁. (13)

The first subset contains physically removed ex-
perts. The second contains retained experts absent
from the compressed active path. In a realized
end-to-end comparison, the latter can arise from an
upstream hidden-state shift even when the router
parameters themselves are unchanged.

Using Eq. (12), the exact vector residual is

yorig − ypruned =
∑︂
i∈T

(˜︁goi − ˜︁gpi )Ei
+
∑︂
i∈D

˜︁goiEi −∑︂
i∈R

˜︁gpiEi. (14)

Define

eproute(x) :=
∑︂
i∈T

(˜︁goi − ˜︁gpi )Ei, (15)

eppath(x) :=
∑︂
i∈D

˜︁goiEi −∑︂
i∈R

˜︁gpiEi. (16)

For any vector norm,

∥yorig − ypruned∥ = ∥eproute + eppath∥
≤ ∥eproute∥+ ∥eppath∥.

(17)
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Best scenario: preserved active path. The fa-
vorable condition is S ′ = S , which implies S ⊆ P .
Then T = S and D = R = ∅, so

yorig − ypruned = eproute(x)

=
∑︂
i∈S

(˜︁goi − ˜︁gpi )Ei. (18)

The normalized router weights can differ if the gate
implementation is changed or after the router itself
is adjusted. For pure expert pruning that leaves the
router and gate implementation unchanged, how-
ever, the common-input condition together with
S′ = S implies g̃p,Si (x) = g̃o,Si (x) for every i ∈ S;
hence the initial same-input residual in Eq. 18 is
exactly zero. Realized end-to-end deviations can
still occur because upstream compression changes
the hidden state supplied to deeper routers. More
generally, Eq. 18 is the only active-set case whose
local residual has no expert-path replacement term.

Most common scenario: partial active-set over-
lap. If 0 < |T | < k, then D ̸= ∅ and R ̸= ∅,
with |D| = |R| = k − |T |. Both residual com-
ponents may contribute. Router-only adjustment
can change shared-path weights and may move the
top-k boundary, but it cannot directly change the
expert functions.

Worst scenario: disjoint active paths. If T = ∅,
then

yorig − ypruned = eppath(x)

=
∑︂
i∈S

˜︁goiEi − ∑︂
i∈S′

˜︁gpiEi. (19)

Here, “worst” denotes complete active-set replace-
ment. Disjointness alone does not prove that the
residual norm is maximal for every input.

Sign convention for the propagation analy-
sis. Equations (14)– (16) use the original-minus-
compressed convention. Because Section 3 defines
δℓ = ˆ︁hℓ − hℓ, the same-input source injected into
that recurrence is

ϵpℓ := ypruned,ℓ − yorig,ℓ = −
(︂
eproute,ℓ + eppath,ℓ

)︂
.

(20)

D Expert Merging (N → M , where
M < N )

We adopt the cluster mapping and projected-path
notation introduced in Hyeon and Do (2026, Ap-
pendix D). Rather than repeating the prior nine-

case enumeration, we give one cluster-space iden-
tity tailored to the present adjustment-scope analy-
sis.

Let C = {0, . . . ,M−1} be the physical merged-
expert index set, and let

ϕ : E → C (21)

be a surjective map assigning each original routed
expert to a merged cluster. The function imple-
mented by physical merged expert c is denoted
by Mc(x). We do not assume that Mc is exactly
equal to every original expert in its preimage; it is
the synthesized function produced by the merging
method.

For the original active set S, define

Cproj := ϕ(S) = {ϕ(i) : i ∈ S}. (22)

Let Sm := Smerge ⊆ C be the set of physical
merged experts receiving nonzero active gate mass.
This covers both routers with M physical coordi-
nates and routers that retain N logical coordinates
and map several active logical indices to one physi-
cal expert. In the latter case, gmerge

c (x) is the sum
of the active logical gate masses mapped to c.

For any nonempty active set A ⊆ C satisfying∑︁
d∈A g

merge
d (x) > 0, define

˜︁gm,Ac (x) :=
gmerge
c (x)∑︁

d∈A g
merge
d (x)

, c ∈ A. (23)

The merged output is

ymerge(x) =
∑︂
c∈Sm

˜︁gm,Sm
c (x)Mc(x). (24)

Projecting the original output into cluster space.
For each c ∈ Cproj, define the original gate mass
assigned to that cluster by

αo,Sc (x) :=
∑︂
i∈S
ϕ(i)=c

˜︁go,Si (x). (25)

Because the selected gate masses are positive,
αo,Sc (x) > 0. Define the corresponding gate-
weighted original cluster output by

E
o,S
c (x) :=

∑︁
i∈S
ϕ(i)=c

˜︁go,Si (x)Ei(x)

αo,Sc (x)
. (26)

Then

yorig(x) =
∑︂

c∈Cproj

αo,Sc (x)E
o,S
c (x). (27)
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For compact displays below, suppress x and write

αoc := αo,Sc (x), E
o
c := E

o,S
c (x),˜︁gmc := ˜︁gm,Sm

c (x), Mc :=Mc(x).
(28)

Define the shared, missing, and newly active
physical clusters by

T = Cproj ∩ Sm,
D = Cproj \ Sm,
R = Sm \ Cproj.

(29)

The exact residual is

yorig − ymerge =
∑︂
c∈T

(︁
αocE

o
c − ˜︁gmc Mc

)︁
+

∑︂
c∈D

αocE
o
c −

∑︂
c∈R

˜︁gmc Mc.

(30)
For every shared cluster c ∈ T ,

αocE
o
c − ˜︁gmc Mc = (αoc − ˜︁gmc )Mc

+ αoc(E
o
c −Mc).

(31)

This yields

emroute(x) :=
∑︂
c∈T

(αoc − ˜︁gmc )Mc, (32)

emapprox(x) :=
∑︂
c∈T

αoc(E
o
c −Mc), (33)

empath(x) :=
∑︂
c∈D

αocE
o
c −

∑︂
c∈R

˜︁gmc Mc. (34)

Consequently,

yorig − ymerge = emroute + emapprox + empath. (35)

To match the two-source interpretation in Section 3,
define

emexpert/path := emapprox + empath. (36)

Then

∥yorig−ymerge∥ =
⃦⃦⃦
emroute + emexpert/path

⃦⃦⃦
. (37)

Full projected-path coverage. If D = ∅, every
cluster implied by the original active set is selected.
If also R = ∅, only router reweighting and merged-
function approximation remain. If R ̸= ∅, every
required cluster is covered but additional clusters
are activated.

Partial projected-path coverage. If T ̸= ∅ and
D ̸= ∅, all three terms in Eq. (35) may be nonzero.

Disjoint projected paths. If T = ∅, the shared-
cluster routing and approximation terms vanish un-
der this decomposition, and the discrepancy is rep-
resented by empath. Disjointness does not prove a
universally maximal residual norm.

Capacity-limited coverage. Let kphys be the
maximum number of distinct physical merged ex-
perts that can be active for one token. If |Cproj| >
kphys, then D ̸= ∅ for every feasible Sm. Thus,
part of the projected original path is structurally
unrepresentable by the merged routing capacity.

Router-only adjustment can alter physical clus-
ter gate masses and may change Sm, but it cannot
directly makeMc equal to the input-dependent orig-
inal cluster output Eoc . Expert-inclusive adjustment
can also change the merged functions, while full-
parameter adjustment can further compensate for
their downstream effects.

Sign convention for the propagation analysis.
Under δℓ = ˆ︁hℓ−hℓ, the same-input merged-model
source is

ϵmℓ := ymerge,ℓ − yorig,ℓ

= −
(︂
emroute,ℓ + emexpert/path,ℓ

)︂
.

(38)
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E Experiment Results by Compression
Paradigm

This appendix breaks down the main results by
compression paradigm. While Section 5 reports
averages over all pruning and merging checkpoints,
here we separately analyze Expert Pruning and Ex-
pert Merging to verify that the observed trends are
not driven by a single compression family. Across
both paradigms, the same qualitative pattern ap-
pears: causal LM fine-tuning is generally stronger
than KD under matched trainable scopes, router-
only adjustment provides only limited recovery,
and full-parameter fine-tuning achieves the largest
recovery gain.

E.1 Expert Pruning

Figure 7: Expert Pruning: Overall recovery gain of post-
compression adjustment strategies. Bars show mean
average-score recovery gain, measured in percentage
points (pp), over the unadjusted pruning baseline. Re-
sults are averaged over pruning checkpoints, retention
ratios, and benchmarks. FULL FT achieves the largest
recovery, and causal LM fine-tuning outperforms KD
under matched trainable scopes.

Figures 7, 8, 9, and 10 summarize the results
for Expert Pruning checkpoints. The overall trend
matches the main result: FULL FT gives the largest
recovery gain, followed by FULL KD and expert-
inclusive FT strategies. Router-only adjustment
remains a low-cost but low-recovery option, indi-
cating that pruning-induced degradation cannot be
fully repaired by router reweighting alone. The
benchmark-family view shows that FULL FT is
especially effective for CoT and MCQA. Finally,
the scope-progression plot shows a monotonic im-
provement as the trainable scope expands, with
causal LM fine-tuning outperforming KD at every
matched scope.
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Figure 8: Expert Pruning: GPU cost–performance trade-
off of post-compression adjustment strategies. The y-
axis shows mean average-score recovery gain, while the
x-axis shows effective GPU-hours (top), GPU-memory
occupancy in GiB-hours (middle), and GPU energy in
kWh (bottom). Each point is an unweighted arithmetic
mean over six pruning method–ratio settings (two prun-
ing methods × three retention ratios). Both expert-
selection cost and training-loop cost are included when
applicable. Upper-left is better.
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Figure 9: Expert Pruning: Benchmark-family recovery
of FULL FT. Bars show post-adjustment performance,
and dashed lines denote the original model and the un-
adjusted pruning baseline. FULL FT yields gains on
CoT, MCQA, and general benchmarks, while math and
coding decrease slightly.

Figure 10: Expert Pruning: Recovery gain as the train-
able parameter scope expands. For both LM fine-
tuning and KD, recovery increases from router-only
to router+top-k experts, router+all-experts, and full-
parameter adjustment. LM fine-tuning remains stronger
than KD at each matched scope.

E.2 Expert Merging

Figure 11: Expert Merging: Overall recovery gain
of post-compression adjustment strategies. Bars show
mean average-score recovery gain, measured in percent-
age points (pp), over the unadjusted merging baseline.
Results are averaged over merging checkpoints, reten-
tion ratios, and benchmarks. FULL FT achieves the
largest recovery, and causal LM fine-tuning consistently
outperforms KD under matched trainable scopes.

Figures 11, 12, 13 and 14 report the same analy-
sis for Expert Merging checkpoints. Again, FULL

FT achieves the strongest recovery, and LM fine-
tuning consistently provides higher gains than KD
under the same trainable scope. The recovery gain
is larger than in the pruning-only breakdown, sug-
gesting that merged checkpoints also leave sub-
stantial recoverable residual errors. Router+top-
k strategies improve over router-only adjustment,
but they do not dominate router+all-experts or
full-parameter adjustment once recovery gain and
expert-selection overhead are considered together.
The benchmark-family and scope-progression plots
further confirm the same conclusion as the main
text: small post-compression adjustment is broadly
useful, but expanding the trainable scope and using
LM loss are key to strong recovery.
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Figure 12: Expert Merging: GPU cost–performance
trade-off of post-compression adjustment strategies.
The y-axis shows mean average-score recovery gain,
while the x-axis shows effective GPU-hours (top), GPU-
memory occupancy in GiB-hours (middle), and GPU
energy in kWh (bottom). Each point is an unweighted
arithmetic mean over six merging method–ratio settings
(two merging methods × three retention ratios). Both
expert-selection cost and training-loop cost are included
when applicable. Upper-left is better.
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Figure 13: Expert Merging: Benchmark-family recov-
ery of FULL FT. Bars show post-adjustment perfor-
mance, and dashed lines denote the original model and
the unadjusted merging baseline. FULL FT recovers
strongly on CoT, MCQA, general, and math bench-
marks, while coding is essentially unchanged.

Figure 14: Expert Merging: Recovery gain as the
trainable parameter scope expands. For both LM fine-
tuning and KD, recovery increases as the trainable
scope expands from router-only to router+top-k experts,
router+all-experts, and full-parameter adjustment. The
large final jump to full-parameter adjustment mirrors the
main result and suggests that merging-induced residuals
are not confined to MoE expert parameters alone.

24



F Expert Editing

F.1 Compatibility-Mode Analysis for Expert
Editing

Why Expert Editing is reported separately. Ex-
pert Editing methods reduce the number of expert
parameters by factorizing or tensor-decomposing
expert weights while keeping the number of ex-
pert indices unchanged. Representative meth-
ods include MoBE (Chen et al., 2025b) and TD-
MoE (XU et al., 2026), which compress expert
internals through rank or tensor decomposition. In
principle, post-compression adjustment should be
performed directly on the native factorized repre-
sentation in order to preserve the compressed pa-
rameterization. However, native Expert Editing
implementations often lack the optimized training
and inference support available for standard MoE
checkpoints. Efficient end-to-end execution may
require custom fused or mega-kernel implementa-
tions for the factorized expert operators; without
such kernels, native checkpoints can be substan-
tially slower to train and evaluate than materialized
standard-MoE checkpoints.

For this reason, we evaluate Expert Editing in
a compatibility-mode setting: we use the recon-
structed standard-MoE realization supplied by the
editing method so that it can run in the same train-
ing, serving, and evaluation stack as the prun-
ing and merging checkpoints. These experiments
test whether the materialized function produced
by an editing compressor is amenable to post-
compression adjustment. They should not be inter-
preted as showing that expert-inclusive adjustment
of the reconstructed checkpoint is parameterization-
equivalent to adjustment of the native factorization.

Forward equivalence before adjustment. Let
ψ denote the native factor parameters, and let R
denote the reconstruction map that materializes
those factors as standard expert weights. For expert
i and projection type q,ˆ︂W q

i = Rqi (ψ). (39)

For example, in a basis-decomposition method,
Rqi (ψ) may combine an expert-specific factor with
a linear combination of shared basis matrices. The
reconstructed checkpoint explicitly stores ˆ︂W q

i .
Before adjustment, the native and reconstructed

operators implement the same materialized expert
function up to numerical precision:

Enative
i (h;ψ) = Erecon

i (h;R(ψ)). (40)

Hence, when the router and all non-expert parame-
ters are identical,

fnative(x;ψ, θR) = frecon(x;R(ψ), θR) (41)

up to numerical precision. The reconstructed check-
point is therefore a valid functional realization of
the native edited model at initialization.

Router-only adjustment is equivalent under
frozen experts. If only router parameters are up-
dated, both ψ and R(ψ) remain fixed. Provided
the native and reconstructed expert operators im-
plement the same differentiable function, their loss
values and router gradients are equal up to numeri-
cal precision:

∇θRLnative(θR;ψ) = ∇θRLrecon(θR;R(ψ)).
(42)

Thus, router-only adjustment of the reconstructed
standard-MoE realization is functionally equivalent
to router-only adjustment of the native factorized
model, subject to ordinary numerical differences
between the two implementations.

Expert-inclusive and full adjustment are not
generally equivalent. The equivalence does not
extend to updates of expert parameters. The na-
tive model moves in factor space, whereas the re-
constructed model moves directly in materialized
weight space. To make this distinction explicit,
consider one Euclidean gradient step; adaptive op-
timizers or weight decay introduce additional dif-
ferences.

For the reconstructed checkpoint,ˆ︂Wt+1 = ˆ︂Wt − η∇ˆ︂WL(ˆ︂Wt). (43)

For the native factorization,

ψt+1 = ψt − η∇ψL(R(ψt)). (44)

Writing JR(ψt) for the Jacobian of the reconstruc-
tion map and ˆ︂Wt = R(ψt), the chain rule gives

∇ψL(R(ψt)) = JR(ψt)
⊤∇ˆ︂WL(ˆ︂Wt). (45)

A first-order Taylor expansion of the induced mate-
rialized update yields

R(ψt+1) = ˆ︂Wt − ηJR(ψt)JR(ψt)
⊤

· ∇ˆ︂WL(ˆ︂Wt) +O(η2).
(46)

The first-order native update equals the direct ma-
terialized update only if

JR(ψt)JR(ψt)
⊤∇ˆ︂WL(ˆ︂Wt) = ∇ˆ︂WL(ˆ︂Wt). (47)
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This is a restrictive fixed-point condition. Mem-
bership of the loss gradient in the tangent space
range(JR(ψt)) is necessary, but is not sufficient in
general, because JRJ⊤

R need not be the orthogo-
nal projector or the identity on that tangent space.
Equality additionally requires JRJ⊤

R to act as the
identity on the particular gradient direction. Shared
bases or tensor factors can also couple the updates
of multiple experts, whereas direct reconstructed-
weight adjustment can move materialized expert
matrices more freely.

Accordingly, expert-inclusive and full-parameter
adjustment of a reconstructed Expert Editing check-
point should be interpreted as an unconstrained
compatibility-mode update in materialized weight
space, not as an update equivalent to optimizing
the native compressed parameterization.

Empirical trend and interpretation. Although
compatibility-mode Expert Editing is excluded
from the primary compressed-artifact cost com-
parison, we report it for completeness. The ob-
served trend is broadly consistent with the pruning
and merging results: small post-compression ad-
justment improves the reconstructed checkpoints,
causal LM fine-tuning tends to outperform pure
teacher KD under the same small budget, router-
only adjustment gives limited but nonzero gains,
and recovery increases as the trainable scope ex-
pands. Because expert-inclusive and full updates
do not preserve the native factorized constraint,
these results are supplementary evidence about the
materialized edited function rather than primary
evidence about deployable native Expert Editing
artifacts.

F.2 Active-Set Formulation for Expert Editing

We adopt the Expert Editing notation and active-
set analysis of Hyeon and Do (2026), but reorga-
nize the residual into routing, expert-function, and
active-path components that match the adjustment-
scope analysis in Section 3. To connect the for-
mulation directly to Appendix F.1, we denote the
materialized edited expert by ˆ︁Ei.

Throughout Appendices F.2–F.6, x denotes a
common local hidden-state input supplied to both
the original and edited layer maps. The end-to-end
state shift between the two networks is handled
by the propagation analysis in Section 3. Expert
Editing preserves the routed-expert index set E =
{0, . . . , N − 1} but replaces Ei by ˆ︁Ei.

Let S and Se := Sedit be the top-k active sets in

the original and edited layer maps at the reference
input x, respectively. Let gediti (x) ≥ 0 denote the
edited model’s gate mass, not a raw router logit.
For any nonempty active set A ⊆ E satisfying∑︁

j∈A g
edit
j (x) > 0, define

˜︁ge,Ai (x) :=
gediti (x)∑︁
j∈A g

edit
j (x)

, i ∈ A. (48)

The two routed outputs are

yorig(x) =
∑︂
i∈S

˜︁go,Si (x)Ei(x), (49)

yedit(x) =
∑︂
i∈Se

˜︁ge,Se

i (x) ˆ︁Ei(x). (50)

For compact displays, write

˜︁goi := ˜︁go,Si (x), ˜︁gei := ˜︁ge,Se

i (x),

Ei := Ei(x), ˆ︁Ei := ˆ︁Ei(x). (51)

Define

T = S ∩ Se, D = S \ Se,
R = Se \ S.

(52)

The exact residual is

yorig − yedit =
∑︂
i∈T

(︂˜︁goiEi − ˜︁gei ˆ︁Ei)︂
+
∑︂
i∈D

˜︁goiEi −∑︂
i∈R

˜︁gei ˆ︁Ei. (53)

For every shared index i ∈ T ,

˜︁goiEi − ˜︁gei ˆ︁Ei = (˜︁goi − ˜︁gei ) ˆ︁Ei
+ ˜︁goi (Ei − ˆ︁Ei). (54)

We therefore define

eeroute(x) :=
∑︂
i∈T

(˜︁goi − ˜︁gei ) ˆ︁Ei, (55)

eefunc(x) :=
∑︂
i∈T

˜︁goi (Ei − ˆ︁Ei), (56)

eepath(x) :=
∑︂
i∈D

˜︁goiEi −∑︂
i∈R

˜︁gei ˆ︁Ei. (57)

Thus,

yorig − yedit = eeroute + eefunc + eepath. (58)

If the editing compressor leaves the router and its
gate implementation unchanged, then at a com-
mon input x, ˜︁gei = ˜︁goi and Se = S before adjust-
ment. In that special case, eeroute = eepath = 0
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locally, and the initial same-input residual is purely
an expert-function approximation term. Realized
routing shifts in deeper layers can still arise through
the upstream hidden-state error described in Sec-
tion 3. We retain the general three-way identity
because it also covers altered gate implementations
and post-compression router adjustment.

F.3 Best Scenario: Preserved Active Path
If Se = S, then T = S and D = R = ∅. There-
fore,

yorig − yedit = eeroute + eefunc, (59)

with

yorig − yedit =
∑︂
i∈S

(˜︁goi − ˜︁gei ) ˆ︁Ei
+
∑︂
i∈S

˜︁goi (Ei − ˆ︁Ei). (60)

Preserving the selected indices does not imply a
zero residual. In the general identity, shared-index
router reweighting and expert-function approxima-
tion may both remain. If the router is unchanged
and both layer maps receive the same input, the first
term vanishes and only the function approximation
term remains. No ordering between the two terms
is implied without additional assumptions.

F.4 Most Common Scenario: Partial
Active-Set Overlap

If 0 < |T | < k, then D ̸= ∅ and R ̸= ∅. All
three terms in Eq. (58) may be nonzero: eeroute
measures gate-weight disagreement on shared in-
dices, eefunc measures function mismatch for those
shared indices, and eepath compares original contri-
butions that leave the active path with newly acti-
vated edited-expert contributions. This separates
within-index editing error from cross-index path
replacement.

F.5 Worst Scenario: Disjoint Active Paths
If S ∩ Se = ∅, then T = ∅, D = S, and R = Se.
Under the shared-index decomposition,

eeroute(x) = eefunc(x) = 0, (61)

and
yorig − yedit = eepath(x)

=
∑︂
i∈S

˜︁goiEi − ∑︂
i∈Se

˜︁gei ˆ︁Ei. (62)

This is complete active-path replacement. The term
“worst” names the disjoint-set scenario; it does not
establish that the residual norm is maximal for ev-
ery input.

F.6 Connection to Adjustment Scope
To match the two-source interpretation in Section 3,
define

eeexpert/path := eefunc + eepath. (63)

Then

yorig − yedit = eeroute + eeexpert/path. (64)

Because Section 3 uses δℓ = ˆ︁hℓ − hℓ, the same-
input edited-model source is

ϵeℓ := yedit,ℓ−yorig,ℓ = −
(︂
eeroute,ℓ + eeexpert/path,ℓ

)︂
.

(65)
Under router-only adjustment, the materialized

expert functions ˆ︁Ei remain fixed. The router can
change eeroute and, by moving top-k boundaries,
may also change T , D, and R. It cannot, however,
change the expert functions themselves or directly
eliminate Ei− ˆ︁Ei. As established in Appendix F.1,
router-only adjustment is functionally equivalent
between the native factorized model and its recon-
structed standard-MoE realization, up to numerical
precision.

Expert-inclusive or full adjustment of the recon-
structed checkpoint can also change ˆ︁Ei, but these
updates occur in unconstrained materialized weight
space and are not generally equivalent to native
factor updates. Full-parameter adjustment addition-
ally exposes dense/shared correction directions for
downstream effects of ϵeℓ , consistent with Section 3.

F.7 Expert Editing Experiment Results
Figures 15, 16 and 17 summarize the compatibility-
mode Expert Editing results. Although these
results are excluded from the main deployable
compressed-artifact comparison, they show trends
broadly consistent with the main Expert Pruning
and Expert Merging experiments. First, small
post-compression adjustment improves the recon-
structed Expert Editing checkpoints, with FULL

FT achieving the largest average recovery gain.
Second, causal LM fine-tuning is stronger than
token-level KD at every expert-inclusive and full-
parameter matched scope; the router-only pair is
the sole exception, where ROUTER-ONLY KD
yields +0.36 pp versus +0.25 pp for ROUTER-
ONLY FT. Third, router-only adjustment gives lim-
ited but nonzero gains, while expanding the train-
able scope from router-only to router+experts and
full-parameter adjustment monotonically improves
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Figure 15: Compatibility-mode Expert Editing: Overall
recovery gain of post-compression adjustment strategies.
Bars show the mean average-score recovery gain, mea-
sured in percentage points (pp), over the unadjusted re-
constructed Expert Editing baseline. FULL FT achieves
the largest recovery. LM fine-tuning outperforms KD
at every expert-inclusive and full-parameter matched
scope; the router-only pair is the sole exception, where
ROUTER-ONLY KD yields +0.36 pp versus +0.25 pp
for ROUTER-ONLY FT. Router-only adjustment pro-
vides only limited gains. These results are reported
as supplementary compatibility-mode evidence because
adjustment is performed on reconstructed standard-MoE
weights rather than native factorized Expert Editing pa-
rameters.

recovery. These observations suggest that Expert
Editing checkpoints are also adjustment-friendly.
However, because these experiments update recon-
structed standard-MoE weights rather than native
factorized Expert Editing parameters, they should
be interpreted as supplementary compatibility-
mode evidence rather than primary evidence for
compressed-artifact efficiency.

G Qualitative Examples of
Generation-Level Recovery

In Section 5, we observe that FULL FT recovers
most strongly on general, CoT, and MCQA-style
benchmarks, where fluent continuation and stable
natural-language generation are important. Here
we provide representative qualitative examples il-
lustrating the type of generation-level degradation
that appears after compression and how causal LM
fine-tuning repairs it.

Figure 18 shows two cases: an Expert Pruning
checkpoint on Gemma4 with AIMER at 50% reten-
tion, and an Expert Merging checkpoint on Qwen3
with HC-SMoE at 62.5% retention. Before adjust-
ment, both compressed models exhibit degenerate
continuation patterns, such as repeated tokens or
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Figure 16: Compatibility-mode Expert Editing:
Benchmark-family recovery of FULL FT. Bars show
post-adjustment performance, and dashed lines denote
the original model and the unadjusted reconstructed Ex-
pert Editing baseline. FULL FT yields large gains on
CoT and MCQA benchmarks, while math shows the
weakest recovery in this setting.

Figure 17: Compatibility-mode Expert Editing: Re-
covery gain as the trainable parameter scope expands.
For both LM fine-tuning and KD, recovery increases
from router-only adjustment to router+top-k experts,
router+all-experts, and full-parameter adjustment. The
same monotonic scope-expansion trend observed in the
main pruning/merging experiments also appears for re-
constructed Expert Editing checkpoints.

broken word fragments. After FULL FT, the same
prompts produce substantially more fluent and co-
herent explanations without any task-specific su-
pervision. These examples are not intended as a
comprehensive evaluation of generation quality, but
they support the interpretation that small causal
LM adjustment can restore the model’s ability to
express and compose its remaining knowledge in
natural language.
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Example 1: Expert pruning, Gemma4 AIMER 50%.
Prompt: what are forces (gravity, magnetism) made of?

Compressed model before FULL FT

Imagine you are playing in a playground. You see
a ball rolling down down down down down down
down down down down down down down down
down down down down down down down down
down down down down down down down down
down down down down down down down down
down down ......

After FULL FT

Imagine you are playing in a playground with a
big, heavy ball. If you throw that ball down, it
does not just go away and disappear. It stays in
the ground, and if you throw it up, it stays in the
sky. It does not just float on its own; it stays there
because it is “stuck” to the ground or the sky. That
“stickiness” is what we call gravity. ...... When we
talk about forces like gravity or magnetism, we
are talking about the rules of the universe. These
rules are made of the way things are connected.

Example 2: Expert merging, Qwen3 HC-SMoE 62.5%.
Prompt: How do overlays in NFL look so real? Like paint? How are they so accurate?

Compressed model before FULL FT

Okay, let us talk about this like you are a kid who
is just learning how to talk. So imagine you are
watching a video of a football game, and you see
this thing called an “overlay.” It looks like a flat
layer of color that just sits on the ground, like
paint. But here is the cool part: even though it
looks like paint, it is not really paint at all. It is
not like paint that you can touch or that you can
walk on and it will fl fl fl fl fl fl fl fl fl fl fl fl fl fl fl
......

After FULL FT

Okay, imagine you are playing football and you
are on the field. You are running, jumping, dodg-
ing, and suddenly you see these bright lines and
colors that look like paint on the grass. They
are not just lines; they are little signs that show
where the ball is going and where the players are.
...... Instead, they use a digital overlay technology.
The computer knows exactly where every player
is, where the ball is, and where the field lines are,
so it draws the graphics in real time and makes
them look as if they belong to the field.

Figure 18: Qualitative examples of generation-level recovery after FULL FT. We compare outputs before and after
causal LM full-parameter fine-tuning for two compressed checkpoints: Gemma4 AIMER at 50% retention and
Qwen3 HC-SMoE at 62.5% retention. Before adjustment, the compressed models exhibit degenerate generation
patterns such as token repetition and broken fragments. After FULL FT, the same prompts yield more fluent,
coherent, and complete natural-language explanations without task-specific supervision.
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H Related Works

Efficient LLM execution is increasingly important
not only for serving and deploying individual mod-
els (Kwon et al., 2023; Sheng et al., 2023; Kim
et al., 2026; Yu et al., 2022), but also for multi-
agent systems and frameworks, where a single
task may require multiple model invocations (Li
et al., 2023; Wu et al., 2024; Hyeon et al., 2026;
Hong et al., 2024). Against this broader effi-
ciency backdrop, we focus on reducing the de-
ployment cost of Mixture-of-Experts (MoE) LLMs
through parameter-level compression and small
post-compression adjustment.

We consider methods that reduce the number of
expert parameters rather than methods that change
the bit representation of individual parameters. Fol-
lowing the taxonomy introduced in the previous
study (Hyeon and Do, 2026), we use Expert Prun-
ing, Expert Editing, and Expert Merging as de-
scriptive categories for parameter-level MoE com-
pression. These categories differ in whether they
remove experts, re-parameterize expert internals,
or aggregate multiple experts into a smaller expert
set.

H.1 Compression Operators and Their
Consequences

Removing experts. Expert Pruning reduces the
feasible expert set by deleting experts that are es-
timated to be redundant or weakly contributive.
Existing approaches differ mainly in how they es-
timate expert importance. NAEE (Lu et al., 2024)
searches for the retained expert combination that
minimizes layer-wise reconstruction loss on cali-
bration data, whereas DiEP (Bai et al., 2025) re-
laxes discrete expert selection into a differentiable
optimization problem. REAP (Lasby et al., 2025)
argues that one-shot merging can collapse func-
tional subspaces and instead scores experts using
both router gate values and expert-output magni-
tudes. CFES (Liu et al., 2026a) derives a layer-
wise output-discrepancy bound and uses it to re-
place an expensive global search with a coarse-to-
fine layer-wise procedure. Other criteria exploit
domain-conditioned expert-output statistics and to-
ken variation (Dong et al., 2025), activation tra-
jectories accumulated across layers (Yang et al.,
2025), or unified evaluations of alternative expert-
dropping signals (Jaiswal et al., 2025). Beyond re-
moving individual experts, coarser approaches also
consider deleting complete MoE layers or trans-

former blocks (He et al., 2025).

Aggregating experts. Expert Merging maps mul-
tiple original experts to a smaller set of synthe-
sized experts. Its motivation is related to model-
merging results showing that related parameter sets
can often be combined while retaining useful be-
havior (Wortsman et al., 2022; Matena and Raf-
fel, 2022). HC-SMoE (Chen et al., 2025a) clus-
ters experts using output similarity measured on
calibration data. PuzzleMoE (Zhao et al., 2025)
uses an entry-wise similarity mask together with
an activation-weighted saliency mask to merge se-
lected parameters while retaining expert-specific
information. MergeMoE (Miao et al., 2025) for-
mulates merging in output space and estimates a
compression matrix by least squares. In each case,
aggregation changes the correspondence between
router decisions and the expert functions that are
ultimately executed.

Re-parameterizing experts. Expert Editing
keeps the logical expert count fixed while replac-
ing each expert with a lower-dimensional, shared,
or tensorized representation. MoE-SVD (Li et al.,
2025b) applies singular value decomposition to ex-
pert weight matrices. MoLAE (Liu et al., 2025) sep-
arates a shared latent mapping from expert-specific
transformations, while MoBE (Chen et al., 2025b)
represents each expert through an expert-specific
component and a learned combination of shared
basis matrices. TD-MoE (XU et al., 2026) mod-
els experts jointly as correlated tensors and applies
whitening followed by Tucker-style decomposition.
Although these methods preserve routing slots, the
functions associated with those slots are modified,
so the pre-compression router may no longer be
optimally matched to the edited experts.

Combining compression operators. Hybrid
methods combine removal, aggregation, and low-
rank re-parameterization in a single pipeline.
DM-MoE (Li et al., 2026) adaptively drops ex-
perts before merging the remaining ones, while
DERN (Zhou et al., 2025) prunes experts, real-
locates their neurons, and recombines the result-
ing components. EEP (Liu et al., 2024) cou-
ples gradient-free expert pruning with knowledge-
preserving merging. MoNE (Zhang et al., 2025)
replaces redundant experts with lightweight, input-
agnostic novice vectors, and MoE-I2 (Yang et al.,
2024) combines inter-expert pruning, intra-expert
low-rank decomposition, and LoRA-based recov-
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ery. D2-MoE (Gu et al., 2025) represents experts
as low-rank edits around a shared base, whereas
MC-SMoE (Li et al., 2024b) first integrates experts
using routing-policy statistics and then applies low-
rank compression. These methods illustrate that
the residual error after compression can depend on
several coupled transformations rather than on a
single operator.

H.2 Post-Compression Adjustment and
Recovery Training

Several MoE compression methods attach a recov-
ery procedure to a particular compressor. MoE-
Pruner (Xie et al., 2024) applies expert-wise knowl-
edge distillation after pruning. CD-MoE (Cao
et al., 2026) condenses sparse MoE layers and
fine-tunes only the condensed components. MoE-
I2 (Yang et al., 2024) uses LoRA after its pruning-
and-decomposition pipeline, while Sub-MoE (Li
et al., 2025a) reports additional gains from fine-
tuning after subspace expert merging. At substan-
tially larger training scales, SlimMoE (Li et al.,
2025c) combines structured expert slimming with
distillation, and SlimQwen (Tang et al., 2026) stud-
ies pruning, distillation, and continued training
as part of large-scale MoE model construction.
Beyond these compressor-specific recovery proce-
dures, prior work analyzes router–expert mismatch
across pruning, editing, and merging and intro-
duces Router Knowledge Distillation (Router KD),
which distills the original model’s next-token distri-
bution while updating only the compressed model’s
router (Hyeon and Do, 2026). The router-only KD
setting evaluated here corresponds to Router KD in
its objective and trainable parameter scope; we in-
clude it as a baseline within a broader comparison
of training objectives and parameter-update scopes.

These studies show that compressed MoE check-
points can remain recoverable, but their recov-
ery procedures are generally coupled to one com-
pressor, one objective, or one predefined trainable
scope. To our knowledge, the works reviewed
above do not provide a matched comparison on
the same compressed checkpoints and under the
same small data budget of (i) causal LM fine-tuning
versus teacher-based KD, (ii) router-only, selected-
expert, all-expert, and full-parameter updates, and
(iii) recovery gain versus end-to-end GPU cost.
This distinction matters because a smaller trainable
parameter set does not automatically imply lower
total cost: expert-subset strategies can require a sep-
arate selection pass, and KD additionally requires

teacher forward passes.
The present paper therefore treats Post-

Compression Adjustment itself as the object of
study rather than as a method-specific add-on. Un-
der a matched small-data protocol, we compare
causal LM fine-tuning and teacher-based KD across
multiple trainable scopes, and we measure both
performance recovery and GPU cost. The main ex-
periments apply this protocol to pruning and merg-
ing checkpoints across multiple retention ratios
and MoE backbones, while the Expert Editing ap-
pendix reports supplementary compatibility-mode
evidence. This design asks a practical question
left open by compressor-specific recovery studies:
given an already-compressed MoE LLM, which ad-
justment objective and parameter scope provide
the strongest cost–recovery trade-off?

I Additional Calibration Robustness

We conduct two complementary checks of whether
the aggregate Post-Compression Adjustment (PCA)
conclusions depend on the size or domain of the
calibration corpus. Both checks retain the one-
epoch adjustment protocol, adjustment objectives
and scopes, evaluation procedure, and the same 28
downstream benchmarks; only the calibration bud-
get or corpus is changed. Figures 5 and 6 summa-
rize the main patterns, while Tables 5 and 6 report
the strategy-level performance and measured costs.

Smaller calibration budget. We reduce the
C4 adjustment budget from 3,000 to 1,024
examples for four backbone–compressor
pairs—Qwen3/REAP, Qwen3/HC-SMoE,
Gemma4/AIMER, and Gemma4/M-SMoE—at
50%, 62.5%, and 75% expert-retention ratios.
Table 5 averages the resulting 12 settings over all
28 evaluation benchmarks. Although the smaller
budget reduces the amount of available adjustment
data, the leading pattern is preserved: Full FT gives
the largest mean recovery (+2.78 pp), followed
by Router All-Expert FT (+1.86 pp) and Full KD
(+1.77 pp), and FT remains ahead of KD at every
matched trainable scope. The table additionally
reports end-to-end GPU energy, effective GPU-
hours, and GPU-memory occupancy in GiB-hours,
including expert-selection and online-teacher
stages when applicable.

Calibration-domain shift. We next compare
C4 with the math-domain OpenR1-Math-220k
dataset (Lozhkov et al., 2025) under the same
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Strategy Score ∆ (pp) Energy (kWh) Eff. GPU-h Mem. (GiB-h)

Original 0.484 +9.31 – – –
Compressed Only 0.390 +0.00 – – –
Full FT 0.418 +2.78 0.200 0.213 93.7
Router All-Expert FT 0.409 +1.86 0.201 0.209 85.7
Router Top-50 FT 0.406 +1.58 0.255 0.248 75.0
Router Top-16 FT 0.401 +1.03 0.241 0.242 55.1
Router Top-8 FT 0.399 +0.82 0.231 0.239 50.7
Router-only FT 0.392 +0.13 0.116 0.090 20.8
Full KD 0.408 +1.77 0.272 0.262 177.2
Router All-Expert KD 0.401 +1.09 0.266 0.259 166.8
Router Top-50 KD 0.401 +1.05 0.311 0.297 145.6
Router Top-16 KD 0.398 +0.74 0.302 0.289 113.2
Router Top-8 KD 0.396 +0.60 0.306 0.290 107.0
Router-only KD 0.391 +0.08 0.182 0.139 68.6
Direct Router Logit Match 0.390 -0.08 0.181 0.137 65.1

Table 5: Adjustment with a 1,024-example C4 calibration budget. Values are macro-averaged over 28 evaluation
benchmarks and 12 backbone–compressor–retention settings (four backbone–compressor pairs at three retention
ratios). ∆ is the score change from the unadjusted compressed model in percentage points. Costs are end-to-end
means; Mem. is GPU-memory occupancy in GiB-hours. Original and Compressed Only require no adjustment and
therefore have no adjustment cost. The Original and Compressed Only scores for this check were re-evaluated; their
aggregate gap differs from Table 8 by evaluation-level noise of about 0.05 pp.

1,024-example calibration budget. The OpenR1-
Math runs use the first 1,024 examples from
the dataset’s all/train split. We evaluate
six matched settings: Qwen3/HC-SMoE and
Gemma4/AIMER, each at 50%, 62.5%, and 75%
expert retention. The unadjusted checkpoints and
the 28-task evaluation suite are held fixed, so the
comparison isolates the calibration-corpus change
within these settings.

Table 6 shows that the aggregate strategy-level
ordering is strongly associated across the two do-
mains (Spearman ρ = 0.973; Kendall τb = 0.897).
Full FT has the largest two-domain mean recovery
(4.04 pp), and the same three strategies—Full FT,
Full KD, and Router All-Expert FT—form the top-
three set in both domain aggregates. This result
supports robustness of the paper’s overall strategy
trend to a calibration-domain change. It does not
imply that the ranking is invariant for every com-
pressed checkpoint: the six setting-level Spearman
correlations average 0.672 and range from 0.071
to 0.962. Accordingly, we treat the domain-shift
result as aggregate evidence and retain the setting-
level variation as an explicit limitation.

J Behavioral Proxies

We complement the performance analysis with six
heterogeneous behavioral proxies, evaluated for the
Original model, the unadjusted Compressed Only
checkpoint, all LM fine-tuning and KD scopes,
and Direct Router Logit Match over the same 12

backbone–compressor–retention settings, using the
checkpoints adjusted with the 1,024-example C4
budget of Appendix I (Table 7). These measure-
ments are diagnostic proxies rather than a com-
prehensive safety evaluation. Their meanings and
preferred directions differ, so we report them sep-
arately and neither average them into a scalar
safety score nor identify a single “safest” strategy.
Higher is better for IFEval (Zhou et al., 2023),
TruthfulQA MC1 (Lin et al., 2022), and Wino-
Gender (Rudinger et al., 2018) accuracy; ToxiGen
(Hartvigsen et al., 2022) here is classification ac-
curacy rather than a direct measure of generated
toxicity; higher WMDP (Li et al., 2024a) indi-
cates greater hazardous-knowledge accuracy; and
a CrowS-Pairs (Nangia et al., 2020) score closer to
0.5 is more neutral.

Compression and subsequent adjustment. On
IFEval, TruthfulQA, and ToxiGen, compression
changes the scores from 0.853 to 0.761, from 0.421
to 0.365, and from 0.812 to 0.708, respectively.
The means across the 13 adjusted strategies are
0.756, 0.362, and 0.705, corresponding to addi-
tional changes of only −0.47, −0.24, and −0.23
pp relative to Compressed Only when computed
from the unrounded scores. Thus, at the strategy-
aggregate level, compression is the larger source
of change on these three proxies. This is not uni-
form across strategies or metrics: Full FT further
changes IFEval by −4.13 pp, while its TruthfulQA
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Mean score Recovery (pp) Math-calibration cost

Strategy C4 Math C4 Math kWh Eff. GPU-h GiB-h

Original 0.484 0.484 +11.66 +11.66 – – –
Compressed Only 0.367 0.367 +0.00 +0.00 – – –
Full FT 0.402 0.413 +3.50 +4.58 0.126 0.098 70.1
Router All-Expert FT 0.386 0.407 +1.89 +4.01 0.124 0.093 64.3
Router Top-50 FT 0.385 0.404 +1.81 +3.70 0.167 0.124 52.7
Router Top-16 FT 0.381 0.395 +1.37 +2.78 0.152 0.117 32.4
Router Top-8 FT 0.380 0.384 +1.28 +1.71 0.146 0.115 28.4
Router-only FT 0.370 0.369 +0.29 +0.19 0.094 0.074 16.2
Full KD 0.388 0.414 +2.14 +4.66 0.202 0.152 149.6
Router All-Expert KD 0.381 0.391 +1.44 +2.44 0.196 0.148 141.0
Router Top-50 KD 0.383 0.388 +1.61 +2.14 0.232 0.177 117.7
Router Top-16 KD 0.380 0.380 +1.25 +1.27 0.222 0.171 84.3
Router Top-8 KD 0.378 0.375 +1.12 +0.84 0.225 0.170 78.2
Router-only KD 0.369 0.368 +0.21 +0.11 0.165 0.127 61.6
Direct Router Logit Match 0.367 0.367 +0.02 -0.01 0.163 0.125 58.0

Table 6: Calibration-domain comparison on six matched settings (Qwen3/HC-SMoE and Gemma4/AIMER, each at
three retention ratios). Both C4 and OpenR1-Math-220k (Lozhkov et al., 2025) use 1,024 calibration examples, and
scores average the same 28 evaluation benchmarks. Recovery is measured from the unadjusted compressed model.
The last three columns report end-to-end adjustment costs for OpenR1-Math calibration; GiB-h is GPU-memory
occupancy in GiB-hours.

and ToxiGen changes are −0.38 and −1.49 pp. We
therefore do not interpret the aggregate result as
evidence that every PCA strategy is behaviorally
neutral.

Restoration has a dual character. For WMDP,
CrowS-Pairs, and WinoGender, adjustment tends
to move the strategy-mean score back toward, or
slightly beyond, the Original model’s level. From
Compressed Only, the 13-strategy means change
from 0.437 to 0.450 on WMDP, from 0.556 to
0.565 on CrowS-Pairs, and from 0.567 to 0.585 on
WinoGender; the corresponding Original scores are
0.508, 0.576, and 0.581. Full FT produces larger
shifts to 0.477, 0.577, and 0.610. This pattern is
consistent with PCA restoring parts of the behav-
ioral and knowledge profile attenuated by compres-
sion, but the restoration is not selectively beneficial:
it can recover useful behavior such as coreference
accuracy while also recovering hazardous knowl-
edge measured by WMDP or stereotype-related as-
sociations reflected by CrowS-Pairs. These proxies
do not establish the underlying causal mechanism,
and they should not be read as showing that PCA
improves safety.

Implications. PCA is designed here as an ef-
ficiency and capability-recovery stage, not as a
safety-alignment intervention. A compressed and
adjusted model should therefore undergo separate,
application-specific safety and alignment evalua-
tion after PCA, with additional mitigation or align-
ment when needed. Designing safety-aware PCA
objectives is an important direction for future work.
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Strategy IFEval TruthfulQA ToxiGen WMDP CrowS WinoGender

Original 0.853 0.421 0.812 0.508 0.576 0.581
Compressed Only 0.761 0.365 0.708 0.437 0.556 0.567
Full FT 0.720 0.361 0.693 0.477 0.577 0.610
Router All-Expert FT 0.752 0.360 0.702 0.461 0.572 0.591
Router Top-50 FT 0.755 0.360 0.711 0.460 0.570 0.588
Router Top-16 FT 0.760 0.360 0.712 0.455 0.569 0.582
Router Top-8 FT 0.754 0.361 0.709 0.452 0.567 0.581
Router-only FT 0.765 0.362 0.708 0.437 0.560 0.572
Full KD 0.753 0.368 0.690 0.451 0.568 0.594
Router All-Expert KD 0.767 0.362 0.709 0.449 0.564 0.590
Router Top-50 KD 0.763 0.363 0.706 0.448 0.562 0.588
Router Top-16 KD 0.766 0.363 0.708 0.446 0.561 0.585
Router Top-8 KD 0.760 0.364 0.708 0.444 0.561 0.582
Router-only KD 0.757 0.362 0.707 0.438 0.561 0.567
Direct Router Logit Match 0.757 0.363 0.708 0.436 0.555 0.572

Table 7: Behavioral-proxy results averaged over 12 backbone–compressor–retention settings. Adjusted strategies
are the 1,024-example C4 runs of Table 5. The table jointly reports the two baselines, all LM fine-tuning and KD
scopes, and Direct Router Logit Match. Metric directions differ: higher is better for IFEval, TruthfulQA MC1,
and WinoGender accuracy; ToxiGen is classification accuracy rather than a monotone safety score; higher WMDP
means greater hazardous-knowledge accuracy; and CrowS is more neutral near 0.5. We therefore neither average
across columns nor designate a single “safest” condition.

Strategy Score ∆ (pp) Gap (%) Energy (kWh) Eff. GPU-h Memory (GiB-h)

Original 0.4837 – – – – –
Compressed Only 0.3900 +0.00 – – – –

Full FT 0.4250 +3.49 37.3 0.577 0.623 273.4
Full KD 0.4119 +2.19 23.3 0.787 0.764 516.9
Router-only FT 0.3923 +0.23 2.5 0.338 0.264 61.4
Router-only KD 0.3918 +0.18 1.9 0.532 0.407 207.5
Router Top-8 FT 0.4021 +1.21 12.9 0.665 0.695 146.6
Router Top-8 KD 0.3986 +0.85 9.1 0.887 0.849 311.8
Router Top-16 FT 0.4035 +1.34 14.4 0.694 0.705 159.4
Router Top-16 KD 0.3993 +0.92 9.9 0.876 0.848 330.2
Router Top-50 FT 0.4098 +1.97 21.1 0.735 0.723 217.3
Router Top-50 KD 0.4036 +1.36 14.5 0.899 0.868 422.5
Router All-Expert FT 0.4131 +2.31 24.7 0.577 0.612 249.2
Router All-Expert KD 0.4052 +1.51 16.2 0.767 0.757 484.3
Direct Router Logit Match 0.3907 +0.06 0.7 0.522 0.400 188.0

Table 8: Overall performance and measured cost of the 13 Post-Compression Adjustment strategies. Score is the
unweighted mean over 28 benchmarks and 12 compressor–retention settings (four compressors × three retention
ratios). ∆ is the score change from Compressed Only in percentage points, and Gap is the recovered fraction
of the aggregate Original-to-Compressed gap. Cost columns are unweighted means over the same 12 settings;
GPU-memory values are time-integrated occupancy. Expert-selection and online-teacher passes are included when
applicable.
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Strategy 50% retention 62.5% retention 75% retention
first line: Score; second line: E/H/M

Original
0.4837
– / – / –

0.4837
– / – / –

0.4837
– / – / –

Compressed Only
0.3465
– / – / –

0.3884
– / – / –

0.4352
– / – / –

Full FT
0.3590

0.450 / 0.471 / 178.8
0.4231

0.575 / 0.620 / 267.1
0.4928

0.705 / 0.777 / 374.4

Full KD
0.3581

0.661 / 0.615 / 386.1
0.4105

0.787 / 0.760 / 511.9
0.4671

0.913 / 0.918 / 652.8

Router-only FT
0.3325

0.289 / 0.226 / 44.5
0.3900

0.336 / 0.265 / 60.1
0.4545

0.388 / 0.301 / 79.5

Router-only KD
0.3336

0.482 / 0.369 / 174.6
0.3896

0.531 / 0.407 / 206.2
0.4523

0.582 / 0.443 / 241.8

Router Top-8 FT
0.3461

0.528 / 0.533 / 96.9
0.3999

0.669 / 0.692 / 143.9
0.4604

0.798 / 0.858 / 198.9

Router Top-8 KD
0.3428

0.746 / 0.685 / 239.8
0.3965

0.885 / 0.844 / 306.9
0.4565

1.029 / 1.017 / 388.5

Router Top-16 FT
0.3470

0.555 / 0.543 / 107.7
0.4016

0.691 / 0.703 / 155.4
0.4619

0.836 / 0.870 / 215.2

Router Top-16 KD
0.3436

0.744 / 0.682 / 260.0
0.3969

0.872 / 0.843 / 323.9
0.4574

1.013 / 1.018 / 406.7

Router Top-50 FT
0.3503

0.588 / 0.559 / 155.1
0.4104

0.735 / 0.721 / 213.6
0.4686

0.883 / 0.889 / 283.1

Router Top-50 KD
0.3490

0.760 / 0.703 / 339.5
0.4028

0.899 / 0.863 / 418.2
0.4590

1.038 / 1.037 / 509.7

Router All-Expert FT
0.3509

0.448 / 0.459 / 160.0
0.4107

0.574 / 0.608 / 241.8
0.4777

0.709 / 0.767 / 345.6

Router All-Expert KD
0.3502

0.639 / 0.606 / 355.7
0.4045

0.763 / 0.754 / 475.5
0.4609

0.898 / 0.913 / 621.8

Direct Router Logit Match
0.3286

0.471 / 0.361 / 156.2
0.3906

0.523 / 0.399 / 187.2
0.4528

0.572 / 0.439 / 220.5

Table 9: Retention-ratio sensitivity with all three measured GPU-cost metrics. Each cell reports Score on the first
line and E/H/M on the second, where E is GPU energy (kWh), H is effective GPU-hours, andM is GPU-memory
occupancy (GiB-hours). Score is an unweighted mean over four compressor–backbone settings and 28 benchmarks
at the indicated retention ratio; each cost is the unweighted mean of the corresponding four strategy runs. Expert-
selection and online-teacher passes are included when applicable.

Compressor Backbone Paradigm Compressed Full FT Full KD
Score first line: Score (∆ pp); second line: E/H/M

AIMER Gemma4 Pruning 0.2803
0.3149 (+3.46)

0.089 / 0.120 / 24.7
0.2971 (+1.67)

0.119 / 0.150 / 45.0

HC-SMoE Qwen3 Merging 0.4540
0.5107 (+5.67)

0.558 / 0.395 / 339.5
0.4933 (+3.93)

0.939 / 0.652 / 740.1

M-SMoE Gemma4 Merging 0.2972
0.3228 (+2.57)

0.971 / 1.490 / 299.5
0.3048 (+0.76)

1.010 / 1.510 / 411.3

REAP Qwen3 Pruning 0.5287
0.5515 (+2.28)

0.689 / 0.485 / 430.1
0.5524 (+2.37)

1.079 / 0.745 / 871.3

Table 10: Integrated compressor-level performance and cost, averaged over the three retention ratios. Full FT and
Full KD cells report Score and the change from that compressor’s unadjusted checkpoint on the first line, followed
by GPU energy (kWh), effective GPU-hours, and GPU-memory occupancy (GiB-hours) as E/H/M . Performance
additionally averages 28 benchmarks; each cost averages three runs. Each compressor is paired with one backbone,
so compressor and backbone effects are not separately identifiable.
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Strategy Expert Pruning Expert Merging Expert Editing
first line: ∆ (pp); second line: E/H/M

Full FT
+2.87

0.389 / 0.302 / 227.4
+4.12

0.764 / 0.943 / 319.5
+5.57
– / – / –

Full KD
+2.02

0.599 / 0.447 / 458.1
+2.35

0.975 / 1.081 / 575.7
+4.03
– / – / –

Router-only FT
+0.10

0.293 / 0.229 / 52.9
+0.36

0.383 / 0.299 / 69.8
+0.25
– / – / –

Router-only KD
-0.01

0.486 / 0.373 / 189.4
+0.36

0.577 / 0.441 / 225.6
+0.36
– / – / –

Router Top-8 FT
+0.67

0.458 / 0.363 / 90.3
+1.75

0.872 / 1.026 / 202.8
+2.02
– / – / –

Router Top-8 KD
+0.41

0.669 / 0.513 / 234.4
+1.30

1.105 / 1.185 / 389.1
+1.55
– / – / –

Router Top-16 FT
+0.88

0.480 / 0.372 / 103.7
+1.81

0.908 / 1.039 / 215.1
+2.69
– / – / –

Router Top-16 KD
+0.52

0.668 / 0.513 / 257.2
+1.32

1.084 / 1.182 / 403.2
+2.04
– / – / –

Router Top-50 FT
+1.66

0.522 / 0.391 / 168.0
+2.28

0.948 / 1.054 / 266.6
+3.84
– / – / –

Router Top-50 KD
+1.12

0.693 / 0.535 / 354.9
+1.59

1.105 / 1.201 / 490.1
+2.85
– / – / –

Router All-Expert FT
+1.99

0.382 / 0.290 / 208.7
+2.63

0.771 / 0.934 / 289.6
+5.20
– / – / –

Router All-Expert KD
+1.32

0.578 / 0.438 / 428.5
+1.71

0.956 / 1.077 / 540.1
+3.58
– / – / –

Direct Router Logit Match
+0.08

0.481 / 0.367 / 174.7
+0.05

0.563 / 0.432 / 201.2
+0.20
– / – / –

Table 11: Performance–cost summary by compression paradigm with the complete measured cost tuple. For Expert
Pruning and Expert Merging, ∆ is the 28-benchmark score change from the unadjusted compressed checkpoint,
averaged over two compressors and three retention ratios; E/H/M denotes GPU energy (kWh), effective GPU-
hours, and GPU-memory occupancy (GiB-hours), each averaged over the corresponding six runs. Expert Editing
reports the same performance change over six compatibility-mode MoBE/TD-MoE settings; its cost tuple is shown
as unavailable because those reconstructed checkpoints use a different parameterization and measurement boundary.

(a) Causal-LM fine-tuning scopes

Family Orig. Comp. Full FT
Router-only

FT
Router Top-8

FT
Router Top-16

FT
Router Top-50

FT
Router All-Expert

FT

General (4) 0.4510 0.4351 0.4503 0.4404 0.4474 0.4483 0.4528 0.4542
Math (6) 0.4123 0.2894 0.2972 0.2894 0.2965 0.2977 0.2993 0.3038
Coding (4) 0.3737 0.2430 0.2381 0.2402 0.2474 0.2460 0.2440 0.2412
CoT (6) 0.5889 0.4499 0.5406 0.4549 0.4658 0.4689 0.4861 0.4946
MCQA (8) 0.5296 0.4716 0.5149 0.4746 0.4882 0.4901 0.4967 0.4994

(b) Knowledge-distillation scopes and router-logit matching

Family Orig. Comp. Full KD
Router-only

KD
Router Top-8

KD
Router Top-16

KD
Router Top-50

KD
Router All-Expert

KD
Direct Router
Logit Match

General (4) 0.4510 0.4351 0.4478 0.4356 0.4398 0.4408 0.4440 0.4460 0.4342
Math (6) 0.4123 0.2894 0.3020 0.2882 0.2971 0.2960 0.3010 0.3018 0.2902
Coding (4) 0.3737 0.2430 0.2508 0.2430 0.2462 0.2463 0.2489 0.2504 0.2440
CoT (6) 0.5889 0.4499 0.4927 0.4555 0.4622 0.4644 0.4697 0.4720 0.4507
MCQA (8) 0.5296 0.4716 0.4963 0.4743 0.4825 0.4836 0.4881 0.4896 0.4726

Table 12: Benchmark-family performance averaged over all 12 compressor–retention settings. General contains
BBH-Fewshot, BBH-Zeroshot, CoQA, and HellaSwag; the remaining families contain 6 Math, 4 Coding, 6 chain-
of-thought (CoT), and 8 multiple-choice QA (MCQA) benchmarks. Cost is not allocated by benchmark because
every strategy run evaluates all benchmark families after a single shared adjustment procedure; aggregate run-level
costs are reported in Table 8.
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