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Abstract

Mixture-of-Experts (MoE) architectures have
become a dominant paradigm for scaling large
language models (LLMs), but their large mem-
ory footprint still makes post-training quantiza-
tion (PTQ) essential for practical deployment.
Unlike dense LLMs, quantized MoE models
exhibit routing perturbations, where quantiza-
tion alters expert routing behavior. Existing
router alignment methods mitigate this issue
by uniformly minimizing routing discrepancies
across all tokens. However, we observe that
routing perturbations exhibit highly heteroge-
neous relationships with observable output dis-
crepancy: many tokens preserve nearly identi-
cal output distributions despite substantial rout-
ing changes. Motivated by this observation, we
propose OPERA, an output-aware router align-
ment strategy for quantized MoE models that
selectively prioritizes tokens exhibiting observ-
able output discrepancy after quantization. We
further analyze output-preserving routing per-
turbations and show that they frequently occur
on highly predictable tokens, where substan-
tial routing perturbations and hidden-state de-
viations may not strongly affect projected out-
put distributions. Experiments across multiple
MoE LLMs demonstrate that OPERA generally
improves over conventional router alignment,
with particularly noticeable gains under aggres-
sive low-bit quantization settings.

1 Introduction

Mixture-of-Experts (MoE) architectures (Jacobs
et al., 1991; Jordan and Jacobs, 1993; Fedus
et al., 2022; Dai et al., 2024) have become a cen-
tral paradigm for scaling large language models
(LLMs) by activating only a subset of experts for
each token. This sparse activation substantially in-
creases model capacity while maintaining relatively
low computation cost, leading many recent fron-

†Work done during an internship at Nota Inc.
*Corresponding author.

tier LLMs to adopt MoE architectures (DeepSeek-
AI, 2026; Qwen Team, 2026; GLM-5-Team et al.,
2026; Park et al., 2025; LG AI Research, 2025;
DeepMind, 2026; NVIDIA, 2025b).

Despite their computational efficiency, MoE
models still incur substantial inference-time mem-
ory overhead because expert parameters typically
remain resident in memory to support dynamic
expert routing during generation. Quantization
is therefore essential for practical deployment of
large-scale MoE LLMs. Recent post-training quan-
tization (PTQ) methods substantially reduce mem-
ory usage while largely preserving model quality
in dense LLMs (Frantar et al., 2023; Lin et al.,
2024b,a; Cheng et al., 2025). However, quantized
MoE models introduce an additional challenge:
quantization perturbs hidden representations and
consequently alters routing behavior.

Prior work has shown that preserving routing
consistency can improve quantized MoE perfor-
mance and has proposed router alignment methods
that minimize routing discrepancies between base-
line and quantized models (Chen et al., 2025a; Fu
et al., 2025; Park et al., 2026). Existing approaches,
however, uniformly optimize routing consistency
across all tokens, implicitly assuming that all rout-
ing perturbations are equally important.

In this work, we investigate how routing pertur-
bations relate to observable output discrepancy af-
ter quantization. While some routing perturbations
coincide with noticeable output deviations, many
others preserve nearly identical output distributions
despite substantial structural routing changes. This
distinction is particularly relevant in autoregres-
sive decoding, where output deviations may propa-
gate through subsequent decoding steps (Lee et al.,
2024; Li et al., 2026).

Based on this analysis, we propose OPERA
(Output-aware Routing Perturbation Alignment),
an output-aware router alignment strategy for MoE
quantization. Rather than uniformly enforcing rout-
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Figure 1: Examples of routing perturbations in quantized MoE models. Routing weights determine expert ranking
and expert selection for each token. Quantization can alter routing weights, expert ordering, or selected experts.

ing consistency across all tokens, OPERA selec-
tively prioritizes perturbations associated with ob-
servable output discrepancy after quantization.

Our contributions are summarized as follows:

• We analyze routing perturbations in quantized
MoE models and show that routing perturba-
tions exhibit highly heterogeneous relation-
ships with observable output discrepancy.

• We investigate output-preserving routing per-
turbations and show that they frequently occur
on highly predictable tokens.

• We propose OPERA, an output-aware router
alignment strategy that reallocates alignment
emphasis toward routing perturbations associ-
ated with observable output discrepancy, com-
plementary to the underlying router alignment
objective.

• We show that OPERA generally improves
over conventional router alignment across
multiple MoE LLMs and quantization set-
tings.

2 Backgrounds

2.1 Mixture-of-Experts Architecture

MoE models employ sparse conditional computa-
tion, where only a subset of experts is activated
for each token. Given an input representation x, a
router selects the top-k experts Ek(x) along with
their routing weights wi(x). Let Ei(x) denote the
output of the i-th expert. The final MoE output is
computed as:

y =
∑︂

i∈Ek(x)
wi(x) · Ei(x). (1)

Sparse expert activation enables MoE models to
substantially increase model capacity while main-
taining relatively low computation cost.
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Figure 2: Distribution of dropped expert ranks under
RTN and GPTQ quantization on Qwen3-30B-A3B us-
ing the Pile dataset. Lower-ranked experts are more
frequently affected by routing perturbation. Although
GPTQ reduces routing perturbations compared to RTN,
residual routing differences remain after quantization.

2.2 Quantization in LLMs

Quantization reduces the memory footprint of
LLMs by representing model parameters with
lower numerical precision. Among various com-
pression approaches, PTQ is widely adopted be-
cause it substantially reduces memory usage and in-
ference cost without requiring expensive retraining.
Recent PTQ methods improve quantized model
quality by minimizing reconstruction error (Fran-
tar et al., 2023; Shao et al., 2024; Cheng et al.,
2025) or introducing quantization-friendly param-
eterizations (Lin et al., 2024b,a), enabling low-bit
deployment of large-scale LLMs.

2.3 MoE-specific Quantization Strategies

Unlike dense LLMs, quantized MoE models in-
troduce additional challenges due to sparse expert
activation and expert heterogeneity: Since experts
differ in activation frequency and functional im-
portance (Su et al., 2025), prior work has explored
MoE-specific quantization strategies such as expert-
wise mixed-precision quantization (Li et al., 2024;
Huang et al., 2025; Chowdhury et al., 2026) and
expert-balanced calibration (Chen et al., 2025b). In
addition to expert heterogeneity, quantization can
also perturb routing behavior. Although routers are
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typically maintained in full precision, quantization
errors from preceding layers can still alter rout-
ing decisions through perturbed hidden representa-
tions. As illustrated in Figure 1, quantization can
affect routing behavior at multiple levels, includ-
ing routing weight changes, expert reordering, and
top-k expert replacement. Figure 2 further shows
that routing perturbations persist after applying ad-
vanced PTQ methods such as GPTQ (Frantar et al.,
2023), although their frequency is reduced com-
pared to naive quantization. These observations
motivate router alignment methods for quantized
MoE models.

2.4 Router Alignment and Observable Output
Discrepancy

Prior work proposes router alignment methods
that encourage quantized MoE models to mimic
the routing behavior of baseline models. Exist-
ing approaches primarily focus on designing align-
ment objectives that minimize routing discrepan-
cies across calibration tokens, including value-
based, distribution-based, and structural alignment
losses (Chen et al., 2025a; Fu et al., 2025; Fang
and Huang, 2025; Park et al., 2026). While pre-
serving routing consistency can improve quantized
performance, our work instead focuses on a com-
plementary question: which routing perturbations
are more strongly associated with observable out-
put discrepancy after quantization. Rather than
introducing a new alignment objective, we inves-
tigate how router alignment can selectively prior-
itize routing perturbations associated with larger
observable output discrepancy. This distinction
is particularly relevant in autoregressive decoding,
where output deviations may propagate through
subsequent decoding steps.

3 Analysis

In this section, we analyze the relationship between
routing perturbations and observable output dis-
crepancy in quantized MoE models.

3.1 Observable Output Discrepancy

To measure observable output discrepancy be-
tween baseline and quantized MoE models, we use
Jensen-Shannon Divergence (JSD) over token-level
output distributions. Since autoregressive decoding
is primarily determined by a small set of competing
candidate tokens, we compute JSD over the union
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Figure 3: Routing shift and observable output discrep-
ancy measured on Qwen3-30B-A3B under W4A16.
Each point represents a token. Similar patterns are ob-
served across datasets and bit-width settings (Appendix
B).

of candidate token sets considered by both models.

JSDSampled = JSD(p∗U , p̂U ), (2)

where p∗U and p̂U denote distributions restricted to
the union candidate set U . By focusing on candi-
date tokens relevant to generation, Sampled-JSD
reduces sensitivity to low-probability noise. Ap-
pendix A provides additional examples and com-
parisons between standard JSD and Sampled-JSD.

Throughout our analysis, we use a small dis-
crepancy threshold τ = 0.0001 to separate near-
zero discrepancy tokens from tokens exhibiting
observable output deviation. As shown in Figure 3,
this threshold approximately separates a substan-
tial fraction of tokens whose output distributions
remain nearly unchanged after quantization.

3.2 Structural Routing Perturbation
To quantify structural routing perturbation, we com-
pare the top-k expert rankings of the baseline and
quantized MoE models. Since routing perturba-
tions involve both ranked ordering and set overlap,
we use Rank-Biased Overlap (RBO) (Webber et al.,
2010), a ranking-aware similarity metric that em-
phasizes agreement at higher-ranked positions:

RBO(S, T, p) = (1− p)

k∑︂

d=1

pd−1 ·Ad. (3)

Where Ad denotes the overlap between the top-d
prefixes of the ranked expert lists S and T ,

Ad =
|{s1, . . . , sd} ∩ {t1, . . . , td}|

d
. (4)
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Figure 4: Relative change in Sampled-JSD after replac-
ing quantized routing decisions with baseline routing for
tokens exhibiting both high routing shift and high output
discrepancy. Negative values indicate reduced output
discrepancy after restoring baseline routing, suggesting
that routing perturbations can partially contribute to ob-
servable output deviations after quantization.

The weighting factor p ∈ (0, 1) (p = 0.9 in our
experiments) places greater emphasis on higher-
ranked experts, making RBO suitable for charac-
terizing structural routing perturbations in MoE
routing behavior. We then define routing shift as:

Routing Shift = 1− RBOnorm, (5)

where RBOnorm denotes normalized RBO in the
range [0,1]. Routing shift ranges from 0 (identical
routing) to 1 (completely different expert ordering
and selection).

3.3 Heterogeneous Routing Perturbations
We measure routing shift and observable output dis-
crepancy for each token under quantization. Figure
3 shows that routing perturbations exhibit highly
heterogeneous relationships with observable out-
put discrepancy. While some tokens exhibit both
large routing shift and output discrepancy, many
others preserve nearly identical output distributions
despite substantial routing perturbations.

These observations suggest that routing pertur-
bations may differ substantially in their relation-
ships with observable output discrepancy, motivat-
ing alignment strategies that place greater emphasis
on output-sensitive perturbations.

3.3.1 Routing Perturbations Still Contribute
Although many routing perturbations remain
output-preserving, routing perturbations can still
contribute to observable output discrepancy in cer-
tain cases. This distinction is important because
our observations do not suggest that routing pertur-
bations should be ignored entirely, but rather that
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Figure 5: Characteristics of output-preserving routing
perturbations (HRLO). Left: token category distribution.
Right: baseline entropy distribution. Output-preserving
perturbations are frequently associated with low entropy,
highly predictable tokens, including whitespace, punc-
tuation, digits, and common subwords. Examples of
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Figure 6: Layer-wise analysis using routing injection
from the quantized model into the baseline model on
Qwen3-30B-A3B with Pile. The plots show routing
shift, MoE output difference norm, and LM-head pro-
jected output discrepancy (JSD) across layers. Despite
substantial routing perturbations and large intermediate
MoE output deviations, HRLO tokens maintain rela-
tively stable LM-head projected output distributions
across layers.

their observable effects may differ substantially
across tokens. In particular, when both routing
shift and output discrepancy are large, it remains
unclear whether the observed discrepancy primar-
ily originates from routing perturbations or from
quantization errors in other model components.

To isolate their contribution, we perform a con-
trolled routing replacement analysis. Specifically,
for selected tokens, we replace the router-selected
experts and corresponding routing weights of the
quantized model with those from the baseline
model across all MoE layers, while keeping all
other quantized model components unchanged.
Figure 4 shows that restoring baseline routing be-
havior frequently reduces observable output dis-
crepancy, suggesting that routing perturbations may
partially contribute to output deviations after quan-
tization. These observations further support dis-
tinguishing between routing perturbations that are
more strongly associated with observable output
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Figure 7: Overview of OPERA. Tokens exhibiting observable output discrepancy are selected for router alignment,
while low-discrepancy tokens are excluded from alignment loss aggregation.

discrepancy and those that remain largely output-
preserving after quantization.

3.3.2 Output-Preserving Routing
Perturbations

To better understand why some routing perturba-
tions remain output-preserving despite large rout-
ing shifts, we analyze tokens exhibiting high rout-
ing shift but low output discrepancy (HRLO). Fig-
ure 5 shows that HRLO tokens are predominantly
highly predictable tokens, including whitespace,
punctuation, digits, and common subwords. HRLO
tokens also exhibit substantially lower entropy dis-
tributions compared to other tokens.

To further investigate this behavior, we compare
HRLO tokens with HRHO (High Routing shift,
High Output discrepancy) tokens through a con-
trolled routing injection analysis. Specifically, for
each MoE layer, we replace the baseline router-
selected experts with those selected by the quan-
tized model while keeping all other model compo-
nents to isolate the effect of routing perturbations
without introducing additional quantization errors.

Figure 6 presents layer-wise analyses of rout-
ing shift, MoE output difference norm, and in-
termediate LM-head projected output discrepancy,
computed by projecting intermediate hidden states
through the LM-head and measuring the resulting
token distribution divergence (JSD). Compared to
HRHO tokens, HRLO tokens often exhibit larger
routing perturbations and hidden-state deviations
across many middle and later layers, while main-
taining consistently smaller projected output dis-
crepancy throughout decoding. These observations
suggest that large routing-induced hidden-state per-
turbations are not always reflected in substantial
observable output changes after LM-head projec-
tion, and that hidden-state perturbation magnitude
alone may not reliably predict observable output

discrepancy.
Prior work on intermediate decoding and logit-

space analysis has shown that many token predic-
tions become recoverable from intermediate rep-
resentations well before the final decoding layers
(Belrose et al., 2023; Nguyen, 2024). Combined
with the low-entropy patterns in Figure 5, our ob-
servations further suggest that highly predictable
tokens may be less sensitive to routing-induced rep-
resentation changes during later decoding stages.
This interpretation is broadly consistent with recent
early-exit studies suggesting that computational re-
quirements vary substantially across token types,
where predictable or repetitive tokens can often
be reliably generated without requiring full-depth
computation (Zarch et al., 2025; Luo et al., 2025).

These findings further support the motivation
behind selective router alignment: routing pertur-
bations may differ substantially in their observ-
able sensitivity, such that perturbations exhibit-
ing relatively small observable discrepancy despite
large structural deviations may require less align-
ment emphasis than perturbations more strongly
reflected in observable output discrepancy. From
an optimization perspective, this suggests that uni-
formly enforcing routing consistency across all to-
kens may allocate alignment effort to perturbations
with limited observable impact. This motivates in-
vestigating whether router alignment can benefit
from allocating greater alignment emphasis toward
output-sensitive routing perturbations.

4 Method: OPERA

Our analysis suggests that large structural routing
perturbations do not necessarily translate into sub-
stantial observable output discrepancy after quan-
tization. This observation motivates a different
perspective of router alignment: rather than uni-
formly enforcing routing consistency across all to-
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kens, alignment should prioritize perturbations that
are more strongly reflected in observable output dis-
crepancy. Motivated by this observation, OPERA
allocates greater alignment emphasis toward tokens
exhibiting observable output discrepancy during
router alignment. Figure 7 provides an overview of
OPERA.

4.1 Output-aware Token Selection
We first estimate token-wise observable output dis-
crepancy using Sampled-JSD between baseline and
RTN-quantized MoE models. For a calibration to-
ken x, the discrepancy is defined as:

e(x) = JSDSampled(x). (6)

We then construct a binary selection mask based
on the discrepancy score:

M(x) = 1[e(x) > τ ], (7)

where τ denotes the discrepancy threshold and
M(x) = 1 indicates that token x is selected to
contribute to router alignment loss aggregation.
This selection mask is precomputed prior to router
alignment and reused throughout PTQ optimiza-
tion. We use RTN-based discrepancy as a practical,
alignment-independent proxy that can be computed
before GPTQ optimization. We empirically exam-
ine its consistency with GPTQ-derived discrepancy
in Section 5.4. We adopt binary masking primarily
as a simple mechanism for reducing the contribu-
tion of near-zero discrepancy tokens, rather than
attempting to precisely estimate token-wise align-
ment importance. Appendix E further shows that
the same principle can be extended to continuous
weighting.

Using a small threshold τ reduces the alignment
contribution from tokens whose observable output
distributions remain nearly unchanged after quanti-
zation. As shown in Figure 3, a substantial fraction

of tokens remain in this low-discrepancy regime
despite noticeable routing perturbations.

4.2 Selective Router Alignment

We integrate OPERA into GPTQ-based (Frantar
et al., 2023) router alignment by selectively mask-
ing token contributions during alignment optimiza-
tion. GPTQ performs layer-wise quantization by se-
quentially optimizing quantized layers while propa-
gating intermediate hidden states through the quan-
tized model. During this process, router alignment
minimizes discrepancies between the router out-
puts of the baseline and quantized model paths.

Given a calibration token x, we define a token-
wise router alignment loss ℓalign(x) using the
router outputs from the baseline and quantized
model paths. Unlike conventional router alignment
methods, which uniformly aggregate alignment
losses across all calibration tokens, OPERA selec-
tively prioritizes alignment optimization towards
tokens exhibiting observable output discrepancy
after quantization:

LSRA =
1∑︁

xM(x)

∑︂

x

M(x) ℓalign(x) (8)

where M(x) denotes the output-aware selection
mask defined in Section 4.1.

Importantly, all calibration tokens still partici-
pate in forward propagation and routing compu-
tation during quantization. OPERA only modi-
fies how alignment losses are aggregated. This
can be interpreted as reallocating alignment em-
phasis toward routing perturbations more strongly
associated with observable output discrepancy,
rather than uniformly allocating alignment empha-
sis across all tokens.

Because OPERA modifies how token-wise align-
ment losses are aggregated rather than the underly-
ing loss formulation itself, it can be combined with
different router alignment objectives, as further ex-
amined in Section 5.4

4.3 Router Alignment Scope: Top-3k

Prior work has observed that aligning the full rout-
ing distribution can introduce noise from lower-
ranked experts with negligible routing weights,
motivating alignment over an expanded subset of
high-ranked experts beyond the original top-k se-
lection (Chen et al., 2025a). To further examine
how routing perturbations propagate beyond the
routing boundary, we analyze the baseline ranks
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Table 1: Main results on Qwen3-30B-A3B under W4A16 and W3A16 quantization. OPERA generally improves
over conventional router alignment. Avg. denotes the average performance across all reported benchmarks. MMLU-
Pro results in this table are averaged over two runs.

Bit Method AIME24 AIME25 MATH500 GPQA-D MMLU-Pro IFEval HumanEval BBH Avg.

Baseline 80.42 78.75 96.80 61.30 72.81 82.67 93.90 72.34 79.87

W4A16

RTN 75.84 64.58 93.60 59.28 69.62 79.99 89.94 54.22 73.38
GPTQ 79.58 67.50 96.20 60.54 71.11 81.93 91.46 57.21 75.69

RA 79.58 67.50 95.80 60.73 71.05 81.93 91.31 57.34 75.66
OPERA 79.58 70.00 97.00 61.87 71.16 82.26 92.07 62.10 77.01

W3A16

RTN 46.67 34.58 85.00 41.92 57.44 75.79 85.98 49.67 59.63
GPTQ 66.67 48.75 92.40 53.66 64.47 76.16 83.54 51.49 67.14

RA 69.58 52.50 92.00 55.50 64.70 73.80 85.98 53.77 68.48
OPERA 72.08 55.42 93.60 54.05 66.92 76.43 86.13 64.59 71.15

of experts newly selected after quantization. As
shown in Figure 8, most injected experts originate
from ranks near the original top-k boundary.

Following this observation, we adopt the base-
line Top-3k experts as the default alignment scope.
We use MSE over this expert set as the default
router alignment objective. Let E3k(x) denote the
baseline top-3k experts for token x. The alignment
loss is defined as:

ℓalign(x) =
1

|E3k(x)|
∑︂

i∈E3k(x)
(rb,i(x)− rq,i(x))

2 ,

(9)
where rb,i(x) and rq,i(x) denote the router outputs
from the baseline and quantized model paths, re-
spectively. Using Top-3k MSE allows the align-
ment objective to capture most meaningful injected
experts while reducing sensitivity to substantially
lower-ranked experts.

5 Experiments

5.1 Experimental Setup

Models and Benchmarks. We evaluate OPERA
on recent MoE LLMs, including Qwen3-30B-A3B
(Qwen Team, 2025), Solar-Open-100B (Park et al.,
2025), and GLM-4.5-Air (GLM Team et al., 2025).

We evaluate across diverse math, instruction-
following, coding, and knowledge benchmarks, in-
cluding AIME24, AIME25 (Maxwell-Jia, 2025),
MATH-500 (Lightman et al., 2024), GPQA-
Diamond (GPQA-D) (Rein et al., 2024), MMLU-
Pro (MMLU-P) (Wang et al., 2024), IFEval (Zhou
et al., 2023), HumanEval (Chen et al., 2021), and
BBH (Suzgun et al., 2023). For repeated eval-
uations, we report the average over 8 runs for
AIME24/25 and GPQA-D, and 4 runs for IFEval,
HumanEval, and BBH. MATH-500 and MMLU-

Pro are evaluated using a single run unless other-
wise specified. Detailed evaluation configurations
are provided in Appendix D

Quantization and Router Alignment. We
adopt GPTQ-based PTQ under W4A16 and
W3A16 settings, while keeping embedding layer,
LM head, and routers in full precision. We com-
pare: (i) GPTQ without router alignment, (ii)
conventional uniform router alignment across all
calibration tokens (RA), and (iii) the proposed
OPERA, which prioritizes token contributions to
router alignment based on observable output dis-
crepancy. Calibration data is sampled from the Pile
dataset (Gao et al., 2020).

5.2 Main Results

Table 1 summarizes the main results on Qwen3-
30B-A3B. Compared to GPTQ without router
alignment, both RA and OPERA generally im-
prove performance across most benchmarks. Un-
der W4A16, OPERA matches or improves upon
conventional RA across all reported benchmarks,
achieving the highest average performance of 77.01
compared with 75.66 of RA. The improvements be-
come more noticeable under the more aggressive
W3A16 setting, where routing perturbations be-
come more severe after quantization. Although
OPERA performs worse than RA on GPQA-D
(54.05 vs. 55.50), it improves performance on the
other seven benchmarks, with particularly notice-
able gains on BBH, AIME24/25, and MMLU-Pro.
Consequently, the average performance increases
from 68.48 with RA to 71.15 with OPERA, indicat-
ing a larger overall benefit under aggressive low-bit
quantization.

At the same time, the mixed behavior across
methods and benchmarks suggests that routing per-
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Table 2: Results on large-scale MoE models under
W4A16. OPERA achieves competitive or improved
performance across most settings.

Model Method AIME24 AIME25 GPQA-D MMLU-P

Solar
Open
100B

Baseline 77.92 62.50 58.59 65.92
GPTQ 73.33 60.00 59.60 63.54

RA 70.00 61.25 58.33 63.80
OPERA 76.67 63.75 57.01 65.79

GLM
4.5
Air

Baseline 72.08 51.67 69.63 64.50
GPTQ 64.58 51.25 68.18 61.69

RA 63.75 52.08 67.87 62.08
OPERA 67.92 51.67 69.26 62.96

turbations may differ substantially in how strongly
they are reflected in observable output discrepancy
after quantization. Uniformly enforcing routing
consistency across all tokens may therefore allo-
cate alignment emphasis inefficiently in certain
settings. Overall, these observations suggest that
selectively prioritizing routing perturbations asso-
ciated with observable output discrepancy can be-
come increasingly beneficial under more aggres-
sive low-bit quantization settings.

5.3 Scaling to Larger MoE Models

Table 2 presents results on large-scale MoE mod-
els, including Solar-Open-100B (Park et al., 2025)
and GLM-4.5-Air (GLM Team et al., 2025), un-
der W4A16 quantization. Conventional RA shows
mixed effectiveness across models and tasks, occa-
sionally improving performance but also introduc-
ing degradation in certain settings. OPERA also
does not uniformly outperform other methods on
every individual benchmark: on Solar-Open-100B,
GPQA-D decreases to 57.01 compared with 59.60
for GPTQ and 58.33 for RA, while on GLM-4.5-
Air, AIME25 reaches 51.67 compared with 52.08
for RA. Nevertheless, OPERA achieves the highest
average performance on both large-scale models.
On Solar-Open-100B, the average score improves
to 65.81 compared with 64.12 for GPTQ and 63.35
for RA; on GLM-4.5-Air, OPERA achieves 62.95,
compared with 61.43 for GPTQ and 61.45 for RA.
These results suggest that, despite benchmark-level
variation, prioritizing routing perturbations associ-
ated with observable output discrepancy provides a
consistent aggregate benefit across different MoE
models and scales.

5.4 Ablation Study

Router Alignment Scope. Table 3 compares dif-
ferent expert scopes for the MSE router alignment

Table 3: Ablation study on router alignment scope eval-
uated on MMLU-Pro. Experiment is conducted on RA.
Top-3k MSE achieves the strongest performance across
both quantization settings.

Bit Top-k Top-2k Top-3k Top-4k Top-5k Full

4 70.88 70.88 71.09 70.94 70.96 70.72
3 63.93 63.92 64.73 64.65 64.30 64.23

Table 4: Ablation study on discrepancy threshold τ on
Qwen3-30B-A3B under W4A16. Underlined results
indicate improvements over conventional router align-
ment (τ = 0). Small discrepancy thresholds maintain
alignment effectiveness.

τ Ratio (%) AIME24 AIME25 GPQA-D MMLU-P

0 100 79.58 67.50 60.73 71.09

0.0001 48.93 79.58 70.00 61.87 71.10

0.001 35.75 80.00 67.08 60.54 71.70

0.05 11.24 78.33 67.92 60.10 70.93

0.1 4.33 77.92 66.25 62.37 70.93

objective ranging from Top-k to Top-5k, as well as
Full MSE. Among them, Top-3k achieves the high-
est MMLU-Pro performance under both quantiza-
tion settings, while nearby alignment scopes show
comparable results without further improvements.
This suggests that narrower scopes may miss near-
boundary experts that become newly selected after
quantization, whereas expanding the scope beyond
this region increasingly includes lower-ranked ex-
perts with limited additional benefit.

Threshold Ablation. Table 4 ablates the discrep-
ancy threshold τ used for token selection. Using a
small threshold τ = 0.0001 achieves comparable
or improved performance over conventional RA
while selecting substantially fewer tokens for align-
ment optimization. As the threshold increases fur-
ther, the number of selected tokens decreases sub-
stantially, occasionally improving specific bench-
marks but generally reducing overall performance
consistency. These observations suggest that ex-
cessively aggressive filtering may exclude routing
perturbations still relevant to output distribution,
while a small threshold effectively removes near-
zero discrepancy tokens without significantly re-
ducing useful alignment signals.

RTN-GPTQ Mask Consistency. OPERA pre-
computes the token selection mask using RTN-
based output discrepancy before GPTQ optimiza-
tion. To examine whether this signal remains rep-
resentative under GPTQ, we compare RTN- and
GPTQ-derived discrepancy masks on Qwen3-30B-
A3B under W4A16. At the default threshold of
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Table 5: Ablation of token selection criteria on Qwen3-
30B-A3B under W3A16. Ratio denotes the fraction of
calibration tokens selected for router alignment. At
nearly matched selection ratios, output-discrepancy-
based selection achieves the highest MMLU-Pro perfor-
mance. MMLU-Pro results in this table are averaged
over two runs.

τ Rth Ratio MMLU-P

0.0 0.0 100% 64.70

0.0 0.1 56% 64.92

0.1 0.1 22% 64.71

0.0001 0.1 56% 65.09

0.0001 0.0 57% 66.92

τ = 0.0001, the two masks achieve a Jaccard over-
lap of 0.825, and 87.6% of RTN-selected tokens
are also selected under GPTQ. Their token-wise
discrepancy scores are also strongly correlated,
with a Spearman correlation of 0.816. These re-
sults indicate that RTN provides a consistent token-
prioritization signal for GPTQ-based alignment.

A GPTQ-derived mask computed once before
alignment may likewise not remain fully repre-
sentative throughout sequential optimization, as
earlier alignment updates can affect the hidden
states propagated to later layers. Recomputing dis-
crepancy masks during optimization would require
additional model evaluations. We therefore use
the RTN-derived mask as a simple, precomputable
proxy for token prioritization.

Token Selection Criteria. Table 5 compares
different criteria for selecting tokens for router
alignment, including routing shift, observable out-
put discrepancy, and their combination. At nearly
matched selection ratios of 56∼57%, selecting
tokens based solely on routing shift achieves an
MMLU-Pro score of 64.92, while jointly apply-
ing output discrepancy and routing shift thresholds
achieves 65.09. In contrast, the default OPERA
configuration, which selects tokens solely based
on observable output discrepancy, achieves 66.92
while selecting a comparable 57% tokens. This
comparison indicates that the advantage of OPERA
does not simply arise from the number of selected
tokens; rather, observable output discrepancy pro-
vides a more effective signal for determining where
router alignment should be emphasized. Further
restricting the selected set to 22% using aggressive
joint thresholding reduces performance to 64.71,
suggesting that overly restrictive filtering may dis-
card useful alignment signals.

Router Alignment Objective. We further exam-
ine whether the benefit of OPERA is specific to the

Table 6: Ablation study on router alignment objectives
on Qwen3-30B-A3B under W3A16. We compare con-
ventional uniform alignment (RA) and OPERA using
the default MSE objective and an MSE+KLD objective.
OPERA consistently improves over RA under both ob-
jectives. MMLU-Pro results in this table are averaged
over two runs.

Objective Method AIME24 AIME25 MMLU-P

MSE
RA 69.58 52.50 64.70

OPERA 72.08 55.42 66.92

MSE+KLD
RA 69.17 44.58 65.09

OPERA 70.42 45.42 65.14

MSE objective used in our default configuration.
Existing router alignment methods primarily fo-
cus on designing objectives that minimize routing
discrepancies between the baseline and quantized
models. In contrast, OPERA addresses a comple-
mentary aspect of router alignment by determin-
ing where alignment emphasis should be allocated
across tokens based on observable output discrep-
ancy. To examine whether this output-aware priori-
tization can be combined with different alignment
objectives, we apply both conventional RA and
OPERA using the default MSE objective and an
MSE+KLD objective following EAQuant (Fu et al.,
2025).

As shown in Table 6, OPERA consistently out-
performs uniform RA under both objectives. Com-
pared with the MSE objective, MSE+KLD does not
improve absolute performance in this setting; nev-
ertheless, the relative advantage of OPERA over
uniform RA is preserved across both objectives.
This result indicates that the effectiveness of output-
aware token prioritization is not tied to a particular
router-alignment loss formulation.

6 Conclusion

We analyze routing perturbations in quantized MoE
models and observe that routing perturbations ex-
hibit highly heterogeneous relationships with ob-
servable output discrepancy. Motivated by this ob-
servation, we propose OPERA, an output-aware
router alignment strategy that allocates greater
alignment emphasis toward tokens exhibiting ob-
servable output discrepancy. Experiments across
multiple MoE LLMs and quantization settings
demonstrate consistent aggregate improvements
over conventional router alignment, with more no-
ticeable gains under aggressive low-bit quantiza-
tion.
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Limitations

Our work has several limitations. First, OPERA
uses a shared token-selection criterion across lay-
ers. Although we explored a simple layer-wise
threshold variant, it did not improve over the uni-
form formulation, suggesting that more princi-
pled approaches are needed to account for layer-
specific routing or quantization sensitivity. Sec-
ond, OPERA precomputes output discrepancy us-
ing RTN before GPTQ optimization. While we ob-
serve strong consistency between RTN- and GPTQ-
derived discrepancy signals, whether this consis-
tency generalizes to other PTQ methods, models,
and quantization settings remains to be studied. Fi-
nally, our main formulation adopts binary masking
for simplicity. Preliminary results with continuous
soft weighting show comparable or modestly im-
proved performance, indicating that OPERA is not
inherently restricted to binary selection; however,
the systematic design of continuous or adaptive
output-aware weighting strategies remains an inter-
esting direction for future work.
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for MoE LLMs through output-aware router align-
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during inference, which may contribute to lowering
the hardware cost and energy consumption associ-
ated with deploying large-scale MoE models.

At the same time, improving the efficiency and
accessibility of LLMs may also facilitate broader
deployment of these systems, including applica-
tions that could generate misleading, harmful, or
biased content. OPERA does not introduce new ca-
pabilities beyond those already present in the under-
lying pretrained models, and it does not specifically

address issues related to fairness, bias, hallucina-
tion, privacy, or misuse.

In addition, our output-aware token selection re-
lies on observable output discrepancy estimated
from calibration data. The behavior of the pro-
posed method may therefore depend on the rep-
resentativeness of the calibration dataset and the
underlying quantization setting. Future work may
explore more robust and adaptive alignment strate-
gies across diverse deployment scenarios.
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Figure 9: Comparison between standard JSD and Sampled-JSD under quantization. (a-c) Representative examples
illustrating how Sampled-JSD suppresses low-probability vocabulary noise while emphasizing differences within
sampled candidate tokens. Red values indicate probabilities after renormalization over the sampled candidate set.
(d) Token-wise comparison between full-vocabulary JSD and Sampled-JSD. While both metrics remain strongly
correlated overall, Sampled-JSD produces sharper separation between negligible and meaningful output discrepancy.

A Sampled-JSD

To quantify output discrepancy between the base-
line and quantized models, we use Jensen-Shannon
divergence (JSD) (Lin, 1991) over token-level prob-
ability distributions. Let p∗ and p̂ denote the proba-
bility distributions obtained from the baseline and
quantized models, respectively. Standard JSD, a
symmetric and bounded metric, is defined as:

JSD(p∗, p̂) =
1

2
DKL(p

∗ ∥ m) +
1

2
DKL(p̂ ∥ m),

(10)
where m = 1

2(p
∗ + p̂).

However, full-vocabulary JSD may include dif-
ferences originating from low-probability regions
that are unlikely to affect practical decoding be-
havior, where generation is typically determined
by a relatively small candidate token set. To better
reflect observable output discrepancy, we compute
JSD only over the union of candidate token sets
considered during sampling. Specifically, we ap-
ply the same sampling procedure to both models,
including temperature scaling and top-k/top-p fil-
tering, to obtain candidate token sets P ∗ and P̂ .
We then construct the union support:

U = P ∗ ∪ P̂ . (11)

We denote by p∗U and p̂U the distributions restricted
to the union candidate set U , where tokens not
present in the original candidate set are assigned
zero probability. The proposed Sampled-JSD is
computed as:

JSDSampled = JSD(p∗U , p̂U ). (12)

By restricting comparison to tokens considered
during generation, Sampled-JSD suppresses low-
probability noise while preserving differences more
directly related to observable decoding behavior.

Sampled-JSD is bounded between 0 and ln2 (ap-
proximately 0.69). A value of 0 indicates identical
distributions, while values approaching ln2 indi-
cate that the two models place probability mass
on different candidate tokens within the sampled
support.

Figure 9 illustrates several representative exam-
ples comparing full-vocabulary JSD and Sampled-
JSD. In cases where both models place probability
mass on the same sampled token despite minor
low-probability differences elsewhere in the vocab-
ulary, Sampled-JSD becomes nearly zero while full-
vocabulary JSD remains nonzero (a). Conversely,
when the sampled candidate token changes after
quantization, Sampled-JSD approaches its maxi-
mum value even if full-vocabulary JSD remains
substantially smaller than ln2 due to probability
mass distributed across low-probability vocabulary
regions (c).

Figure 9 (d) compares token-wise full-
vocabulary JSD and Sampled-JSD. While both
metrics remain strongly correlated overall,
Sampled-JSD produces sharper separation between
negligible and meaningful output discrepancy
by reducing the influence of low-probability
vocabulary noise. These observations suggest that
Sampled-JSD provides a more stable estimate of
discrepancy under practical decoding settings.
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Figure 10: Additional routing perturbations and observable output discrepancy distributions across quantization
settings and datasets. (a-c) Distribution of routing shift and output discrepancy under W4A16 quantization. (d-f)
Distribution of routing shift and output discrepancy under W3A16 quantization. More aggressive quantization
produces substantially larger routing perturbations, while observable output discrepancy remains concentrated
in a relatively smaller subset of tokens. (g-i) Routing shift and observable output discrepancy across different
datasets, including Pile, C4, and Nemotron-SFT. Similar heterogeneous relationships are consistently observed
across different data distributions and domains.
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B Routing Shift and Output Discrepancy
Analysis

Distribution of Routing Shift and Output dis-
crepancy. To complement the scatter plots in Sec-
tion 3.3, we further analyze the distributions of rout-
ing shift and output discrepancy using histogram-
based binning. Specifically, we report the propor-
tion of tokens falling into different value ranges
for both routing shift and Sampled-JSD under 4-bit
(W4A16) and 3-bit (W3A16) quantization. The
results are shown in Figure 10 (a-f).

Under the 4-bit setting, both routing shift and
output discrepancy are heavily concentrated in low-
value regions. In particular, more than 95% of
tokens exhibit Sampled-JSD values below 0.1, indi-
cating that the most tokens preserve highly similar
output distributions after quantization. Routing
shift also remains relatively small for most tokens
under W4A16.

In contrast, under the 3-bit setting, both rout-
ing perturbations and output discrepancy become
substantially larger. The proportion of tokens
with Sampled-JSD below 0.1 decreases to approxi-
mately 78% reflecting increased observable output
discrepancy under more aggressive quantization.
Routing shift exhibits an even larger distributional
shift, with only a small fraction of tokens remain-
ing below 0.1 and most tokens distributed in higher
routing shift ranges.

These observations suggest that routing pertur-
bations become increasingly widespread under ag-
gressive quantization, while observable output dis-
crepancy remains comparatively concentrated in a
smaller subset of tokens.

Generalization Across Datasets. We further ex-
amine whether the observed relationship between
routing shift and output discrepancy generalizes
across different datasets. In addition to the Pile
used in the main experiments, we evaluate datasets
with different characteristics, including C4 (Dodge
et al., 2021) as another pretraining corpus and
Nemotron-SFT datasets such as Nemotron-Math
(Du et al., 2025) and Nemotron-Code (NVIDIA,
2025a) datasets containing supervised fine-tuning
data for math and code domains.

Figure 10 (g-i) presents token-wise scatter plots
of routing shift and output discrepancy across dif-
ferent datasets. Overall, we observe highly con-
sistent patterns across all settings: many tokens
retain near-zero output discrepancy despite notice-
able routing perturbations, while observable output
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• cursor key zone (indicated by darker grey coloring)\n editin
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• The current pa11y internal state, fields will be mutated by\n 
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Figure 11: Representative examples of HRLO tokens
(highlighted). Highlighted tokens exhibit high routing
shift while maintaining near-zero observable output dis-
crepancy after quantization. Many correspond to highly
predictable token types such as common subwords, dig-
its, punctuation, and whitespace.

discrepancy remains concentrated in a relatively
smaller subset of tokens.

These results suggest that the heterogeneous re-
lationship between routing perturbations and ob-
servable output discrepancy is not specific to a par-
ticular dataset, but rather reflects a more general
behavior of quantized MoE models across different
data distributions and domains.

C HRLO Examples

Figure 11 presents representative examples of
HRLO tokens identified in our analysis. High-
lighted tokens correspond to tokens exhibiting sub-
stantial routing perturbations while maintaining
near-zero observable output discrepancy after quan-
tization.

Consistent with the entropy and category anal-
yses in Section 3.3.2, many HRLO tokens corre-
spond to highly predictable token types, including
whitespace, punctuation, digits, and common sub-
words. These examples qualitatively illustrate that
output-preserving routing perturbations frequently
occur on tokens whose next-token prediction re-
mains relatively stable under local representation
perturbations.
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Table 7: Benchmark configuration.

Benchmark Max Generation Tokens

AIME24,25 16384
MATH-500 16384

GPQA-Diamond 16384
MMLU-Pro 4096

IFEval 2048
HumanEval 2048

BBH 2048

D Benchmark Settings

Table 7 summarizes the maximum generation
lengths used for each benchmark. AIME24/25 are
evaluated using pass@4, while all remaining bench-
marks use pass@1.

Table 8: Comparison of the default hard-selection
OPERA and a Sampled-JSD-based soft-weighting vari-
ant on Qwen3-30B-A3B under W4A16. The soft-
weighting variant provides modest improvements, sug-
gesting that output-aware router alignment is not limited
to binary token selection. MMLU-Pro results in this ta-
ble are averaged over two runs.

Method MMLU-Pro GPQA-D

OPERA (hard selection) 71.16 61.87

Soft weighting 71.28 61.93

E Additional Ablations

Soft-weighting Variant. The default OPERA for-
mulation uses a binary selection mask to provide a
simple mechanism for prioritizing tokens with ob-
servable output discrepancy. To examine whether
the proposed output-aware alignment perspective
is specific to binary masking, we additionally eval-
uate a soft-weighting variant that continuously ad-
justs the contribution of each token to the router
alignment objective based on its Sampled-JSD
score.

As shown in Table 8, the soft-weighting variant
yields small but consistent improvements over the
default hard-selection scheme on both MMLU-Pro
and GPQA-D. This result suggests that the benefit
of OPERA is not restricted to a particular binary
masking formulation, but can extend to continuous
allocation of alignment emphasis. We view this ex-
periment as a preliminary exploration rather than a
fully developed weighting strategy. A more system-
atic design of continuous or adaptive output-aware
weighting functions is left for future work.

Table 9: Comparison of the default uniform OPERA
and a simple layer-wise variant on Qwen3-30B-A3B
under W4A16. The layer-wise variant does not improve
over the default formulation, suggesting that straight-
forward layer-dependent selection alone may be insuffi-
cient. MMLU-Pro results in this table are averaged over
two runs.

Method MMLU-Pro GPQA-D

OPERA (uniform) 71.16 61.87

Layer-wise variant 70.47 61.24

Layer-wise Variant. The default OPERA for-
mulation applies a shared token-selection threshold
across layers. Motivated by the layer-wise varia-
tion in routing perturbations observed in Figure 6,
we additionally evaluate a simple layer-wise vari-
ant that uses smaller thresholds in later layers and
larger thresholds in earlier layers. As shown in
Table 9, this variant does not improve over the de-
fault uniform formulation on either MMLU-Pro or
GPQA-D. This result suggests that straightforward
layer-dependent thresholding alone may be insuf-
ficient, and that more principled approaches ac-
counting for how routing perturbations and output
sensitivity vary across layers remain an interesting
direction for future work.

F Latency

Table 10: Inference efficiency comparison between
BF16 and W4A16. Inference is measured on Qwen3-
30B-A3B using vLLM with a single H100 80GB GPU,
input/ouput length of 15k tokens, and maximum concur-
rency of 4. Quantization improves throughput, TTFT,
TPOT, and available KV cache capacity compared to
BF16.

Bit BF16 W4A16

Output TPS (tok/s)↑ 389.04 469.26

Total TPS (tok/s)↑ 778.09 938.53

TTFT (ms)↓ 1353.27 1333.63

TPOT (ms)↓ 10.19 8.44

Available KV Cache (tok)↑ 126,368 583,216

Although inference acceleration is primarily a
benefit of quantization itself rather than the pro-
posed alignment method, we provide additional
measurements to illustrate the practical efficiency
gains enabled by low-bit MoE deployment.

We measure inference performance on Qwen3-
30B-A3B using vLLM (Kwon et al., 2023) with
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a single H100 80GB GPU. The evaluation is con-
ducted with an input length of 15k tokens, an output
length of 15k tokens, and a maximum concurrency
of 4 requests. We compare BF16 and W4A16 set-
tings in terms of throughput, time-to-first-token
(TTFT), time-per-output-token (TPOT), and avail-
able KV cache capacity.

The results are summarized in Table 10. Quan-
tization improves all measured metrics compared
to BF16 inference. In particular, TPOT is substan-
tially reduced under W4A16, leading to noticeable
improvement in overall throughput. In addition, the
reduced model memory footprint enables signifi-
cantly larger available KV cache memory, allowing
more tokens to be cached during inference. This is
particularly beneficial for long-context generation
scenarios, where KV cache capacity often becomes
a major memory bottleneck.
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