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Abstract
Mixture-of-Experts (MoE) architectures enable
scalable large language models (LLMs), but their
deployment remains memory-intensive, making
quantization essential. However, quantizing MoE
models introduces routing shifts, where expert se-
lection differs from the baseline model and can
degrade performance. Existing router alignment
methods uniformly minimize routing discrepan-
cies across all tokens, implicitly treating all rout-
ing shifts as equally important. In this work, we
show routing shifts exhibit highly heterogeneous
impact on model outputs: while some routing
shifts substantially affect output behavior, many
others induce negligible output discrepancy de-
spite large routing changes. Motivated by this
observation, we propose Selective Router Align-
ment (SRA), an output-aware alignment strategy
that prioritizes optimization on tokens exhibiting
meaningful output discrepancy after quantization.
Experiments across multiple MoE LLMs and rea-
soning benchmarks show that SRA generally im-
proves over conventional router alignment. Our
findings suggest that effective MoE router align-
ment depends not only on reducing router shifts,
but also on prioritizing those that meaningfully
affect output behavior.

1. Introduction
Mixture-of-Experts (MoE) architectures (Jacobs et al., 1991;
Jordan & Jacobs, 1993; Fedus et al., 2022; Jiang et al., 2024;
Dai et al., 2024) have become a key paradigm for scaling
large language models (LLMs). By activating only a subset
of experts for each token, MoE models achieve substantial
parameter scaling with relatively low computation cost, lead-
ing many recent frontier LLMs to adopt MoE architecture
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(DeepSeek-AI, 2026; Qwen Team, 2026; Park et al., 2025;
LG AI Research, 2025; NVIDIA, 2025a; DeepMind, 2026;
GLM-5-Team et al., 2026).

Despite their efficiency, MoE models still incur substantial
inference-time memory overhead because all expert param-
eters reside in memory. Quantization is therefore essential
for practical deployment. Recent post-training quantization
(PTQ) methods significantly reduce memory usage while
preserving model quality (Frantar et al., 2023; Lin et al.,
2024b;a; Cheng et al., 2025). However, quantizing MoE
models introduces routing shift, where quantization error
alters routing decisions. Prior work shows that such routing
shift degrades quantized MoE performance and proposes
router alignment methods to match baseline routing behav-
ior (Chen et al., 2025a; Fu et al., 2025; Park et al., 2026).

Existing router alignment approaches uniformly minimize
routing perturbations across all tokens, implicitly assuming
that all routing shifts are equally important. However, we
observe that routing perturbations exhibit highly heteroge-
neous effects on model outputs: while some routing shifts
alter output behavior, many others induce negligible output
discrepancy despite large routing changes. This distinc-
tion is particularly important for autoregressive generation,
where observable output deviation can alter subsequent de-
coding trajectories (Lee et al., 2024; Li et al., 2026). In
contrast, tokens whose output distributions remain nearly
unchanged after quantization are less likely to affect genera-
tion behavior, even when perturbations occur.

Motivated by this observation, we propose Selective Router
Alignment (SRA), an output-aware alignment strategy that
prioritizes router alignment on tokens exhibiting meaningful
output discrepancy after quantization.

Experiments on multiple MoE LLMs show that SRA gener-
ally improves over conventional router alignment across di-
verse reasoning benchmarks, with particularly strong gains
under more aggressive low-bit quantization settings.

Our contributions are summarized as follows:

• We analyze routing perturbations in quantized MoE
models, showing that their impact on output discrep-
ancy varies widely and that many large routing shifts
cause negligible output discrepancy, making uniform
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Figure 1. Types of routing perturbation in quantized MoE models. Quantization can alter routing behavior through routing weight changes,
routing order shifts, or expert drop/inject events. While routing weight changes preserve both expert selection and relative ranking, routing
order shifts reflect sufficiently large perturbations that alter relative expert preference while the selected top-k set. Routing shift refers to
structural discrepancies that modify expert rankings or selected expert sets.

alignment ineffective.

• We propose Selective Router Alignment (SRA), which
prioritizes router alignment on tokens exhibiting mean-
ingful output discrepancy.

• We demonstrate that SRA generally improves over
conventional router alignment across multiple models
and quantization settings.

2. Background
2.1. Mixture-of-Experts Architecture

MoE models adopt a sparse activation, where only a subset
of experts is selected for each input token. Given an input
representation x, a router selects the top-k expert set Ek(x)
and corresponding routing weight wi(x). Where Ei(x) de-
notes the output of i-th expert, the final MoE output is
computed as:

y =
∑

i∈Ek(x)

wi(x) · Ei(x). (1)

2.2. Quantization in Large Language Models

Quantization reduces the memory footprint of LLMs by
representing parameters using lower numerical precision. In
MoE models, weight-only quantization is commonly used
to alleviate memory constraints, enabling a 100B-scale MoE
model that typically requires at least four 80GB GPUs to
run on a single GPU with 4-bit quantization.

Recent PTQ methods improve performance by minimizing
reconstruction error (Frantar et al., 2023; Shao et al., 2024;
Cheng et al., 2025) or improving quantization-friendly pa-
rameterization (Lin et al., 2024b;a), substantially reducing
memory usage while preserving model quality.

2.3. MoE-specific Quantization Strategies

Applying quantization to MoE models is challenging due
to expert heterogeneity and sparse activation. Since ex-
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Figure 2. Distribution of dropped expert positions under quanti-
zation on Qwen3-30B-A3B using the Pile dataset. Lower-ranked
experts are more frequently affected by routing perturbation. Ad-
vanced PTQ methods such as GPTQ mitigate these discrepancies,
although some routing differences still emerge after quantization.

perts differ in importance and activation frequency(Su et al.,
2025), prior work explores expert-wise mixed-precision
quantization (Li et al., 2024; Huang et al., 2025; Chowdhury
et al., 2026) and expert-balanced calibration data (Chen
et al., 2025b), highlighting the importance of incorporating
MoE-specific routing behavior into quantization design.

2.4. Routing Shift in Quantized MoE Models

In quantized MoE models, quantization can perturb routing
behavior, causing routing shifts between baseline and quan-
tized models. Although routers are typically kept in full
precision because of their small size, errors from preceding
layers can still alter routing decisions. As illustrated in Fig-
ure 1, quantization can alter routing behavior by changing
routing weights while preserving expert selection (a), modi-
fying expert ordering (b), or replacing selected experts (c);
we focus on structural shifts affecting ranking or selection.

Figure 2 shows that expert drops occur more frequently
among lower-ranked experts. Although advanced PTQ
methods such as GPTQ (Frantar et al., 2023) mitigate rout-
ing perturbations, routing perturbations remain. These ob-
servations motivate further study of routing perturbations in
quantized MoE models.
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Figure 3. Relationship between routing shift and output discrep-
ancy on Qwen3-30B-A3B under W4A16. Each point represents
a token. Many tokens retain similar output distributions despite
large routing shifts, indicating generation behavior may remain
stable after quantization. Similar heterogeneous relationships are
consistently observed across datasets and bit-widths (Appendix
B).

2.5. Router Alignment

To mitigate routing shift, prior work proposes router align-
ment methods that encourage the quantized model to mimic
the routing behavior of the baseline model, showing that
preserving routing consistency improves quantized MoE
performance (Chen et al., 2025a). Existing methods min-
imize routing perturbations across all tokens using value-,
distribution-, and structural-alignment objectives. (Chen
et al., 2025a; Fu et al., 2025; Fang & Huang, 2025; Park
et al., 2026). In contrast, our work focuses on determining
which routing perturbations should be prioritized during
alignment.

3. Analysis
In this section, we analyze the relationship between routing
shift and output discrepancy in quantized MoE models. We
first introduce metrics for both quantities and then present
empirical findings showing that routing shifts differ substan-
tially in their impact on output behavior.

3.1. Output Discrepancy Metric: Sampled-JSD

To measure output discrepancy between baseline and quan-
tized models, we use JSD over token-level probability distri-
butions. Since generation is mainly determined by a small
set of candidate tokens after sampling filters such as top-k
or top-p truncation, we propose Sampled-JSD, which com-
putes JSD over the union of candidate token sets considered
by both models:

JSDSampled = JSD(p∗U , p̂U ), (2)

-1.0
Relative Change in Output Discrepancy (𝐉𝐒𝐃𝐒𝐚𝐦𝐩𝐥𝐞𝐝,𝐚𝐟𝐭𝐞𝐫$𝐉𝐒𝐃𝐒𝐚𝐦𝐩𝐥𝐞𝐝,𝐛𝐞𝐟𝐨𝐫𝐞

𝐉𝐒𝐃𝐒𝐚𝐦𝐩𝐥𝐞𝐝,𝐛𝐞𝐟𝐨𝐫𝐞
)

0
-0.5 0.0 0.5 1.0

20

40

60

80

100

C
ou

nt

Improved
Output Consistency

Minimal Output
Change

-0.75 -0.25 0.25 0.75

Figure 4. Effect of replacing quantized routing decisions with
baseline routing for tokens in Region B of Figure 3. Negative
values indicate reduced output discrepancy after routing replacing.
Correcting routing perturbation frequently restores output behavior
when observable output discrepancy exists after quantization.

where p∗U and p̂U denote the distributions restricted to the
union candidate set U . By focusing on competing candi-
dates, Sampled-JSD reduces the influence of low-probability
tokens and better reflects generation-time output discrep-
ancy. Appendix A provides additional implementation de-
tails and comparisons with standard full-vocabulary JSD.

3.2. Routing Shift Metric: RBO-based Score

To quantify routing shift, we compare the top-k expert rank-
ings of the baseline and quantized models. As shown in
Figure 1, routing perturbations may alter expert orderings or
the selected expert set. To capture these structural routing
shifts, we use Rank-Biased Overlap (RBO) (Webber et al.,
2010), which emphasizes 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 prefixed
of the two ranked lists S and T ,

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

d
. (4)

The weighting factor p ∈ (0, 1) (p = 0.9 in our experi-
ments) emphasizes agreement at higher-ranked positions,
making RBO suitable for comparing top-k routing behavior
in MoE models. We then define the routing shift as:

Routing Shift = 1− RBOnorm, (5)

where RBOnorm denotes RBO normalized to the range
[0,1]. Routing shift ranges from 0 (identical routing) to 1
(completely different expert selections), capturing perturba-
tions in both expert selection and ordering.
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Figure 5. Overview of Selective Router Alignment (SRA). SRA first identifies tokens exhibiting observable output discrepancy after
quantization and selectively applies router alignment only to those tokens. Tokens whose output distributions remain nearly unchanged
are excluded from optimization.

3.3. Routing Shifts Exhibit Heterogeneous Impact

We perform inference using both baseline and quantized
MoE models and measure output discrepancy and routing
shift for each token. As shown in Figure 3, many tokens pre-
serve highly similar output distributions after quantization
despite substantial routing shifts, indicating that numerous
routing perturbations remain effectively output-preserving.

This observation is important because autoregressive gen-
eration is highly sensitive to output deviations (Lee et al.,
2024; Li et al., 2026). Once generation diverges, subsequent
decoding trajectories may increasingly drift from the base-
line model. These findings suggest that router alignment
should prioritize tokens with meaningful output discrepan-
cies, rather than uniformly optimizing all tokens.

To better characterize this behavior, we partition the scat-
ter plot into four regions. Region A contains tokens with
low routing shift but high output discrepancy, indicating
that non-routing quantization errors can independently af-
fect generation. Region B contains tokens with both high
routing shift and high output discrepancy, where routing
perturbations coincide with observable output degradation.
Region C contains the majority of tokens where both remain
low, while Region D contains tokens with large routing
shift but near-zero output discrepancy, indicating that many
routing shifts do not meaningfully affect outputs.

To isolate the effect of routing perturbations, we replace Re-
gion B routing decisions in the quantized model with those
from the baseline model while keeping all other compo-
nents unchanged. As shown in Figure 4, correcting routing
shifts is often associated with reduced output discrepancy,
suggesting that router alignment can help recover genera-
tion behavior when quantization causes observable output
deviations. Additional analysis is provided in Appendix C.

Overall, these results suggest that router alignment remains
important, but not all routing shifts should be treated equally.
Uniformly aligning all routing perturbations may dilute opti-

mization toward tokens whose outputs are already preserved
after quantization. Instead, router alignment should pri-
oritize routing shifts that manifest as meaningful output
discrepancy.

4. Method: Selective Router Alignment
Motivated by the heterogeneous impact of routing shifts
on model outputs, we propose Selective Router Alignment
(SRA), an output-aware router alignment strategy that fo-
cuses on tokens exhibiting meaningful output discrepancy
after quantization. As illustrated in Figure 5, SRA consists
of (i) target token selection based on output discrepancy and
(ii) selective router alignment on the selected tokens.

4.1. Output-aware Token Selection

To estimate token-wise output discrepancy, we compute
Sampled-JSD between the output distributions of the base-
line and RTN-quantized models. RTN efficiently approxi-
mates quantization-induced output discrepancy without it-
erative PTQ optimization. For a calibration token x, token-
wise output discrepancy is defined as:

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

We construct a binary selection mask using the discrepancy:

M(x) = 1[e(x) > τ ], (7)

where τ denotes the discrepancy threshold and M(x) = 1
indicates that token x is selected for alignment optimization.
This selection mask is precomputed prior to router alignment
and reused throughout PTQ optimization.

In practice, we use a small threshold τ to exclude tokens
with near-zero output discrepancy after quantization. As
shown in Figure 3 and Appendix B, a substantial fraction
of tokens exhibit near-zero output discrepancy despite rout-
ing perturbations, indicating preserved generation behavior.
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Figure 6. Distribution of injected expert positions on Qwen3-30B-
A3B (top-k=8) using the C4 dataset. Most injected experts origi-
nate from ranks near the original top-k experts, while substantially
lower-ranked experts are comparatively rare after quantization.

Empirically, reducing τ below 0.0001 changes the selected
token ratio only marginally, indicating most excluded tokens
already lie near the zero-discrepancy regime.

4.2. Selective Router Alignment

We integrate SRA into GPTQ (Frantar et al., 2023)-based
router alignment by selectively masking token contributions
during alignment optimization. GPTQ performs layer-wise
quantization by sequentially optimizing quantized layers
and propagating intermediate hidden states through the
quantized model. During this process, router alignment
minimizes discrepancies between the router outputs of the
baseline and quantized model paths.

Given a calibration token x, we define a token-wise router
alignment loss ℓalign(x) using router outputs of baseline and
quantized model paths. Unlike conventional router align-
ment, which aggregates losses over all calibration tokens,
SRA applies the mask during loss aggregation:

LSRA =
1∑

x M(x)

∑

x

M(x) ℓalign(x) (8)

Thus, all calibration tokens participate in router forward
computation, while only selected tokens contribute to the
alignment objective. This preserves the original router align-
ment procedure while prioritizing optimization toward se-
lected tokens with larger output discrepancy.

4.3. Top-3K MSE

Prior router alignment methods have observed that aligning
the full routing distribution can introduce noise from low-
relevance experts with negligible routing weights (Chen
et al., 2025a), proposing restricted alignment to an expanded
subset of high-ranked experts beyond the original top-k.

To analyze how far routing perturbations extend beyond
the original routing boundary, we measure baseline ranks
of experts newly selected after quantization. As shown in

Table 1. Main results on Qwen3-30B-A3B under W4A16 and
W3A16 quantization. SRA generally improves over conventional
router alignment while applying alignment only to tokens exhibit-
ing observable output discrepancy.

Bit Align AIME24 AIME25 GPQA-D MMLU-P

Baseline 80.42 78.75 61.30 72.81

GPTQ

W4A16

- 79.58 67.50 60.54 71.09

RA 79.58 67.50 60.73 71.09

SRA 79.58 70.00 61.87 71.10

GPTQ

W3A16

- 66.67 48.75 53.66 64.47

RA 69.58 52.50 55.50 64.73

SRA 72.08 55.42 54.05 67.17

Figure 6, most injected experts originate within the baseline
top-3k, while much lower-ranked experts are rarely selected.

These observations suggest that routing perturbations are
largely localized near the routing boundary, and that con-
sidering substantially lower-ranked experts may primarily
introduce noise into the alignment objective. Motivated by
this observation, we compute the router alignment loss over
the baseline top-3k experts:

Let E3k(x) denote the top-3k experts for token x. The
alignment loss is:

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, respectively.

Using Top-3K MSE allows the alignment objective to cap-
ture most meaningful injected experts while reducing the
influence of substantially lower-ranked experts with negligi-
ble routing weights.

5. Experiments
5.1. Experimental Setup

Models and Benchmarks. We evaluate SRA 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), using AIME24, AIME25
(Maxwell-Jia, 2025), GPQA-Diamond(GPQA-D) (Rein
et al., 2024), and MMLU-Pro(MMLU-P) (Wang et al.,
2024). AIME uses pass@4, while remaining benchmarks
use pass@1. AIME and GPQA-D are evaluated with
16k generation length and averaged over eight runs, while
MMLU-P uses 4k generation length with a single run.

Quantization and Router Alignment. We adopt GPTQ
for PTQ under W4A16 and W3A16 settings, while keeping
embedding layer, LM head, and router in full precision. We
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Table 2. Results on large-scale MoE models under W4A16 quanti-
zation. Conventional router alignment shows varying effectiveness
across models and benchmarks, while SRA achieves competitive
or superior quantized performance in 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

SRA 76.67 63.75 57.01 65.79

GLM

4.5

Air

Baseline 72.08 51.67 69.63 64.5

GPTQ 64.58 51.25 68.18 61.69

RA 63.75 52.08 67.87 62.08

SRA 67.92 51.67 69.26 62.96

Table 3. Ablation study on alignment loss under W3A16 quan-
tization. Top-3K MSE achieves the strongest performance on
MMLU-Pro by balancing coverage of routing shifts and robustness
to low-relevance experts.

Loss Type Top-K Top-2K Top-3K Full

MMLU-Pro 63.93 63.92 64.73 64.23

compare: (i) GPTQ without alignment, (ii) conventional
router alignment (RA), (iii) the proposed selective router
alignment (SRA). Calibration data is sampled from the Pile
dataset (Gao et al., 2020).

5.2. Main Results on Qwen3-30B-A3B

Table 1 summarizes improved performance over GPTQ with-
out alignment. SRA generally improves over conventional
RA on most benchmarks, with particularly noticeable gains
under the more aggressive W3A16 setting. Under W4A16,
SRA achieves competitive or slightly improved performance
across evaluation tasks.

With τ = 0.0001, about 49% (W4A16) and 57% (W3A16)
of tokens are selected, indicating that many tokens preserve
output distributions after quantization despite routing shifts.

Despite excluding these near-zero discrepancy tokens from
alignment, SRA generally maintains or improves perfor-
mance relative to uniform router alignment, suggesting that
prioritizing tokens with observable output discrepancy can
provide more effective alignment signals.

5.3. Scaling to Larger MoE Models

We further evaluate SRA on Solar-Open-100B (Park et al.,
2025) and GLM-4.5-Air (GLM Team et al., 2025) under
W4A16. Results are summarized in Table 2. Conventional
RA generally improves over GPTQ, although its effective-
ness varies across models and benchmarks. Across most
evaluation settings, SRA achieves competitive or improved

Table 4. Ablation study on aggressive token selection under
W3A16 quantization. Restricting alignment to tokens exhibit-
ing both high routing shift and high output discrepancy improves
some benchmarks but reduces stability across tasks compared to
the default SRA configuration.

τ Rth AIME24 AIME25 GPQA-D MMLU-P

0 0 69.58 52.50 55.50 64.73

0.1 0.1 80.42 51.28 53.41 64.71

0.0001 0 72.08 55.42 54.05 67.17

quantized performance relative to conventional RA.

5.4. Ablation Study

Loss Type. We compare Top-K, Top-2K, Top-3K, and Full
MSE losses on Qwen3-30B-A3B under W3A16. Results are
summarized in Table 3. Among the evaluated configurations,
Top-3k achieves the strongest performance on MMLU-Pro.
These observations suggest that Top-3k MSE provides a
reasonable balance between coverage and noise.

Aggressive Token Selection. We additionally study a more
restrictive selection strategy that aligns only tokens exhibit-
ing both high routing shift and high output discrepancy.
As shown in Table 4, although this approach can substan-
tially improve certain benchmarks, for example, achieving
near-baseline performance on AIME24 under W3A16, it
introduces less stable results across tasks.

In contrast, the default SRA configuration, which selects
tokens solely based on output discrepancy using a mild
threshold, achieves more consistent overall performance.
These results suggest that overly restrictive token selection
may reduce performance stability across evaluation tasks.

Conclusion
In this work, we revisit router alignment in quantized MoE
models from an output-centric perspective. Our analysis
shows that many tokens preserve nearly identical output dis-
tributions after quantization, even under substantial routing
perturbations. Since autoregressive generation is particu-
larly sensitive to observable output deviations, uniformly
aligning tokens whose outputs already remain unchanged
may provide limited optimization benefit. Motivated by this
observation, we propose Selective Router Alignment (SRA),
which selectively applies router alignment only to tokens
exhibiting meaningful output discrepancy after quantization.
Experiments across multiple MoE LLMs demonstrate that
SRA generally improves over conventional router alignment,
particularly under aggressive low-bit quantization settings.
These findings suggest that prioritizing output-relevant rout-
ing discrepancies can provide a useful optimization strategy
for quantized MoE alignment.
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A. Additional Details of Sampled-JSD
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Figure 7. Comparison between full-vocabulary JSD and Sampled-JSD. Token-wise scatter plots of routing shift against output error
measured using either JSD or Sampled-JSD on Qwen3-30B-A3B with the Pile dataset. Sampled-JSD produces larger divergence values
and yields a higher concentration of tokens near the upper bound.

To quantify output discrepancy between the baseline and quantized models, we use Jensen-Shannon divergence (JSD) (Lin,
1991) over token-level probability distributions. Let p∗ and p̂ denote the probability 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 is not always well aligned with practical decoding behavior, where only a subset of candidate
tokens is considered during generation. To better capture generation-time discrepancy, we compute JSD only over the union
of candidate token sets considered during sampling. Specifically, we apply the same sampling procedure to both models,
including temperature scaling and top-k/top-p filtering, to obtain candidate tokens 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 over the restricted distributions:

JSDSampled = JSD(p∗U , p̂U ). (12)

By restricting comparison to tokens considered during generation, Sampled-JSD suppresses noise from low-probability
regions and better reflects observable output discrepancy under sampling.

The Sampled-JSD is bounded between 0 and ln2 (approximately 0.69). A value of 0 indicates identical distributions, while
values approaching ln2 indicate that the two models place their probability mass on different candidate tokens within the
candidate set.

To analyze the behavior of Sampled-JSD, we compare it with standard full-vocabulary JSD. Following the setup in Figure 3,
Figure 7 plots token-wise routing shift against output error computed using either JSD or Sampled-JSD.

Both metrics exhibit similar global trends: routing perturbations exhibit highly heterogeneous impact on model outputs.
However, Sampled-JSD generally produces sharper separation between negligible and meaningful output discrepancy
because it emphasizes differences within the active candidate token set. In contrast, full-vocabulary JSD distributes
probability mass across the entire vocabulary, which can dilute meaningful differences with low-probability noise.

These observations suggest that Sampled-JSD provides a more faithful measure of output discrepancy under practical
decoding settings.
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B. Additional Analysis of Routing Shift and Output Discrepancy
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Figure 8. Distribution of routing shift and output discrepancy under different quantization settings. (a,d): Token-wise scatter plots of
routing shift and output error. (b,e): Distribution of routing shift across value ranges. (c,f): Distribution of Sampled-JSD across value
ranges. (a)-(c) correspond to W4A16, and (d)-(f) corresponds to W3A16 on Qwen3-30B-A3B (using Pile dataset).

Distribution of Routing Shift and Output Error. To complement the scatter plots in Section 3.3, we further analyze
the distributions of routing shift and output error using histogram-based binning. Specifically, we report the proportion 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 8.

Under the 4-bit setting, both routing shift and output error are heavily concentrated in the low-value region. In particular,
more than 95% of tokens exhibit Sampled-JSD values below 0.1, indicating that the majority of tokens preserve highly
similar output distributions after quantization. A similar trend is observed for routing shift, where most tokens fall into the
lowest range.

In contrast, under the 3-bit setting, we observe a noticeable shift toward higher error values. The proportion of tokens with
Sampled-JSD below 0.1 decreases to approximately 78% reflecting increased output discrepancy under more aggressive
quantization. Interestingly, routing shift exhibits a different pattern: only a small fraction of tokens (around 1%) fall below
0.1, while the majority are distributed in slightly higher ranges. This suggests that stronger quantization leads to more
widespread routing perturbations across tokens.

These results further support our observation that routing shift and output error exhibit different distributional behaviors, and
that increasing quantization strength affects them in distinct ways.

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

11



SRA-MoE: Output-Aware Selective Router Alignment for MoE Quantization

0.0
Routing Shift (𝟏 − 𝐑𝐁𝐎𝐧𝐨𝐫𝐦)

0.1 0.2 0.3 0.4 0.5 0.6 0.7
0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7
O

ut
pu

t D
is

cr
ep

an
cy

 (S
am

pl
ed

-J
SD

)

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

(a) Pile (b) C4 (c) Nemotron SFT (Math + Code)

Figure 9. Routing shift and output error across different datasets. Token-wise scatter plots on Qwen3-30B-A3B using the Pile, C4, and
Nemotron-SFT datasets, showing similar patterns.

Figure 9 presents token-wise scatter plots of routing shift and output error across three datasets. Overall, we observe
consistent patterns across all datasets. These results suggest that our observations are not specific to a particular dataset, but
rather reflect a general behavior of quantized MoE models under different data distributions.

C. Additional Analysis of Figure 4
Interestingly, we also observe a small number of cases where injecting baseline routing increases the output error. One
possible explanation is that the experts selected by the base-line model may themselves suffer from large quantization error.
Another possibility is that, even with identical routing decisions, discrepancies in the input representations to the experts,
caused by accumulated quantization noise, lead to mismatches in expert behavior. We leave a deeper investigation of these
cases for future work.

D. Inference Efficiency under Quantization

Table 5. Inference efficiency comparison between BF16 and W4A16. Inference is measured on Qwen3-30B-A3B using vLLM with a
single H100 80GB GPU, input/output length of 15k tokens, and maximum concurrency of 4. Quantization improves throughput, TTFT,
TPOT, and available KV cache capacity compared to BF16.

Bit Output TPS (tok/s)↑ Total TPS (tok/s)↑ TTFT (ms)↓ TPOT (ms)↓ Available KV Cache (tok)↑

BF16 389.04 778.09 1353.27 10.19 126,368

W4A16 469.26 938.53 1333.63 8.44 583,216

Although inference acceleration is primarily a benefit of quantization itself rather than the proposed 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 a single H100 80GB
GPU. The evaluation is conducted 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 settings in terms of throughput, time-to-first-token (TTFT),
time-per-output-token (TPOT), and available KV cache capacity.

The results are summarized in Table 5. Quantization improves all measured metrics compared to BF16 inference. In
particular, TPOT is substantially reduced under W4A16, leading to noticeable improvement in overall throughput. In
addition, the reduced model memory footprint enables significantly 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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