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Abstract

The mixture-of-experts (MoE) architecture has
proven indispensable for scaling transformer-
based artificial intelligence (AI) models. MoEs
use a router network to activate specialized
subnetworks, called experts, within each trans-
former layer on a per-token basis. Thus, MoEs
increase model capacity without proportionally
increasing the computational requirements of
training and inference. However, a key chal-
lenge is that MoE inference throughput scales
poorly with batching, as each input in a batch
activates a different subset of experts, thereby
increasing memory intensity.

To improve batched MoE inference throughput,
we propose TokenMix, a novel technique that
mixes token representations within the router
across inputs in a batch to promote expert reuse.
In effect, TokenMix encourages coordinated ex-
pert selection across inputs. TokenMix requires
neither training nor fine-tuning and can be ap-
plied directly to off-the-shelf MoE models. We
evaluate TokenMix across five state-of-the-art
MOoE models with parameter counts ranging
from 16B to 235B. TokenMix achieves a 25—
60% improvement in expert reuse, leading to a
12-28% reduction in inter-token latency with
negligible or no loss in accuracy.

1 Introduction

Large language models (LLMs) based on the trans-
former architecture (Vaswani et al., 2017) have
demonstrated remarkable performance in many
generative and agentic Al applications involving
text, code, and images (Grattafiori et al., 2024; Ope-
nAl et al., 2024). The success of these models is
largely attributed to their scale—hundreds of bil-
lions to trillions of parameters trained on trillions of
tokens. However, scaling transformer-based LLMs
poses a substantial computational challenge, ne-
cessitating new approaches to limit their compute
costs.
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Recent years have witnessed the advent and
widespread adoption of a new class of transformer
models called mixture-of-experts (MoE) transform-
ers (Yang et al., 2024, 2025; Dai et al., 2024; Jiang
et al., 2024; OpenAl et al., 2025), whose compu-
tational requirement for processing a token is de-
coupled from the overall model size. MoE trans-
formers typically consist of a multitude of experts
and a router network within each layer. Each input
token activates a small, fixed number of experts
that are best suited to process it, as determined by
the router. Because expert selection significantly
lowers the compute cost per token, MoE LLMs can
be efficiently trained at scales considerably larger
than conventional (non-MoE) models. The reduced
per-token compute cost also offers the potential for
superior inference efficiency. However, one key
drawback of MoE architectures is that during in-
ference, inter-token latency and token throughput
scale poorly with batching. We investigate this
challenge and address it by proposing techniques
to improve batched inference throughput for MoEs.

Batching is an important technique for maximiz-
ing LLM inference throughput. Advanced batch-
ing methods, such as continuous batching, are
routinely employed by Al inference servers (e.g.,
vLLM (Kwon et al., 2023)) in production. Because
LLMs are autoregressive, the token-generation
(decode) phase is widely recognized as memory-
bandwidth-limited (Kamath et al., 2025), leading
to severe underutilization of compute resources.
In non-MoE transformer architectures, batching
multiple inputs increases arithmetic intensity dur-
ing token generation because the model weights
are reused to process all inputs. This results in a
near-linear improvement in throughput with batch
size, until it is limited by the size of the KV cache.
However, because each token in an MoE model
can potentially activate a different set of experts,
batching does not guarantee a proportional increase
in arithmetic intensity and therefore yields only a
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Figure 1: Average number of experts fetched in an MoE
layer for Qwen3-235B and Qwen3-30B, both of which
select 8 of 128 experts per token, on the GSM8K dataset
with (i) no overlap between the experts selected by to-
kens in a batch (worst-case reuse); (ii) natural (baseline)
expert overlap across tokens; and (iii) expert overlap
enabled by TokenMix.

modest improvement in throughput. Figure 1(a)
illustrates this behavior for Qwen3-235B, in which
each token selects 8 of 128 experts. As seen, the
number of experts engaged increases considerably
with batch size, growing from 8 experts at batch
size=1 to ~35 experts at batch size=8. This in-
crease in the number of experts has a key adverse
effect. Engaging more experts proportionally in-
creases the inter-token latency (ITL) ! when pro-
cessing the batch, negating the expected benefits
from batching. It is therefore imperative to improve
expert reuse across a batch of tokens to achieve
high-performance inference for MoE models.

Proposed approach: We modify the MoE
router network to perform joint expert selection
across a batch, with the objective of minimizing
the number of experts activated during batched in-
ference. To select experts for a given input token,
the router computes an affinity score for each expert
and selects the top-k experts with the highest scores.
Our technique, called TokenMix, introduces care-
fully crafted perturbations to the representations of
different inputs in a batch to increase the overlap in
expert choices across inputs. TokenMix promotes
expert reuse without affecting generation quality.
For example, in Figure 1(a), TokenMix lowers the
number of experts engaged from 35 to 25 for batch
size=8 in the Qwen3-235B model.

TokenMix incurs negligible runtime and storage

'Inter-token latency is the time required to generate a token
during decoding, i.e., the elapsed time between the generation
of two consecutive tokens during the decode phase of a large
language model.

overhead because router computations account for
a very small fraction of the overall LLM computa-
tion. Importantly, TokenMix requires no training or
fine-tuning of model weights. In our experiments,
TokenMix is applied directly to off-the-shelf MoE
models using the original model weights for both
the experts and the router.

Finally, TokenMix is complementary to prior ef-
forts targeting efficient MoE inference (Bai et al.,
2025; Dong et al., 2025; Skliar et al., 2025; He
et al., 2025; Lu et al., 2024; Li et al., 2024). While
techniques such as expert pruning (Bai et al., 2025;
Dong et al., 2025; He et al., 2025; Lu et al., 2024)
and expert merging (Li et al., 2024) reduce the
number of experts activated for a single input, the
challenge of poor scaling with batch size remains.
Cache-Conditional MoE (Skliar et al., 2025) pro-
poses a strategy to improve temporal cache hit rates
in main memory across consecutive inference ex-
ecutions, which is orthogonal to the challenge we
address. To the best of our knowledge, TokenMix is
the first approach to leverage joint expert selection
across inputs within a batch to improve MoE infer-
ence throughput. In Section 5, we study the impact
of applying TokenMix in conjunction with prior
expert-pruning techniques and Cache-Conditional
MoE.

In summary, the paper makes the following con-
tributions:

* We identify a key bottleneck in batched MoE
inference: inference throughput scales poorly
with batching because different tokens acti-
vate different subsets of experts.

* We propose TokenMix, a novel approach that
adapts the router to jointly select experts
across inputs in a batch, thereby improving ex-
pert reuse. TokenMix requires no fine-tuning
of model weights.

* We evaluate TokenMix across five state-of-the-
art MoE models, with parameter counts rang-
ing from 16B to 235B, and on tasks spanning
multiple domains. Across all benchmarks,
TokenMix achieves a 25—60% improvement in
expert reuse, resulting in a 12-28% reduction
in inter-token latency (ITL), with negligible
or no loss in accuracy.

2 Background and Motivation

In this section, we provide a brief background on
Mixture-of-Experts (MoE) models and outline the
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key phases of large language model (LLM) infer-
ence along with their deployment characteristics.

2.1 Mixture-of-Experts Models

Mixture-of-Experts (MoE) models replace the feed-
forward network (FFN) in each transformer block
with a set of expert FFNs and a lightweight router
parameterized by W € RN where d is the hid-
den dimension and N is the number of experts.
At inference time, for an input token X € R1xd,
the router first computes the logits L using Equa-
tion 1. The router then applies a softmax to L to
obtain expert scores .S, which are used to select
the top-k experts. Finally, the MoE layer output is
obtained by aggregating the selected experts’ out-
puts, weighted by their routing scores, as shown in
Equation 3.

L=XW (D

S = softmax(L) ()

Y = Z si - FFN;(X) (3)
i€top-k(S)

2.2 Mixture-of-Experts Deployment

LLM inference consists of two distinct phases: pre-
fill and decode. During prefill, all tokens of the in-
put prompt are processed simultaneously, whereas
decode performs autoregressive generation, operat-
ing on one token at a time to produce the next token.
The computational and memory characteristics of
these phases differ substantially (Kamath et al.,
2025). The prefill phase is largely compute-bound
because static model parameters are reused across
a large number of prompt tokens. These tokens col-
lectively activate all or nearly all experts, and the
resulting parameter reuse and high arithmetic inten-
sity mean that expert reuse is not a primary prefill
bottleneck. In contrast, the autoregressive decode
phase processes only one token per sequence at
each generation step. Its lower arithmetic intensity
and input-dependent expert selections make expert-
weight movement a major memory-bandwidth bot-
tleneck. Accordingly, TokenMix primarily targets
the decode phase.

Inference bottleneck: Data movement from off-
chip memory makes the decode phase memory-
bound. Most efforts to address this challenge have
focused on reducing KV-cache traffic. Techniques
such as Grouped Query Attention (GQA) (Ainslie
et al., 2023) and Multi-Head Latent Attention

(MLA) (DeepSeek-Al, 2024) reduce KV-cache size
and access costs, shifting the dominant memory
bottleneck toward static model-parameter fetches.
In large mixture-of-experts (MoE) models, expert-
weight fetches emerge as a major contributor to
decode-time memory traffic. For example, during
the decode phase of Qwen3-235B with batch size
1, expert-weight fetches account for 78.90% and
78.04% of total data transfer at sequence lengths of
2048 and 4096, respectively, compared with 1.1%
and 2.2% attributable to KV-cache accesses. As
shown in Fig. 1, larger batch sizes exacerbate this
bottleneck because greater diversity in token-level
expert choices causes more experts to be selected.

In TokenMix, we alleviate the memory-bound
nature of the decode phase in MoE models by re-
ducing the number of unique experts, and hence the
volume of expert weights, fetched per layer. We
quantify this reduction using the Expert Reuse Im-
provement (ERI) metric (Equation 4), where Fiyqe
and Ery denote the average numbers of unique ex-
perts activated per token during the decode phase
under baseline routing and TokenMix, respectively.
A higher ERI corresponds to fewer unique expert
fetches, directly reducing decode-phase memory
traffic and thereby improving generation through-

put. E
ERI(%) — ( _base
Etvm

- 1> x 100 %)

3 Improving Expert Reuse: Challenges
and Key Insights

In this section, we investigate the factors contribut-
ing to poor expert reuse and uncover key insights
that motivate our approach.

3.1 Challenges

We observe that MoE routing naturally leads to
diverse expert assignments across tokens within
a batch for two key reasons. First, tokens in a
batch are typically drawn from independent in-
put prompts, and routers operate in a fully roken-
parallel fashion—each token is routed without any
awareness of other tokens in the batch. This in-
dependence inherently reduces the likelihood that
different inputs select the same experts. Second,
recent MoE architectures use larger expert pools
that offer finer-grained specialization than those in
earlier models. Thus, as the number of experts in-
creases, the probability of reuse naturally decreases.
For example, Qwen3-30B, with 128 experts, ex-
hibits natural reuse of only 8.7%, compared with
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Figure 2: (a) Average cosine similarity between MoE layer outputs under different activated expert combinations
in Mixtral8x7B (layer 0), and (b,c) average cosine similarity and its standard deviation across tokens for different
activated experts in Llama4-Scout (layer 1). While different expert combinations yield similar MoE layer outputs
on average, the degree of similarity varies considerably across tokens (mean standard deviation: 0.214; maximum
standard deviation: 0.29), motivating TokenMix’s dynamic token-level expert selection strategy.

15.9% in Mixtral8x7B, which has 8 experts. Under
uniform random selection, the likelihood of select-
ing a specific subset of k experts from a pool of n
experts is 1/ (Z), which decreases rapidly with n
for a given k.

3.2 Key Insight: Functional Similarity Across
Expert Combinations

Despite these challenges, we observe a key prop-
erty of MoE experts that TokenMix exploits: for a
particular token, different expert combinations can
yield functionally similar outputs. Importantly, the
expert combinations that yield functionally similar
outputs vary from token to token, thereby moti-
vating the need for a token-level strategy to boost
expert reuse.

We analyze Mixtral8x7B (top-2 routing) as a
case study. With 2 out of 8 experts selected
per token, Mixtral8x7B yields (3) = 28 possi-
ble expert-pair combinations—a tractable number
that enables exhaustive pairwise visualization. For
each pair (7, j), we compute a uniform mixture
Out(; jy = 0.5 E; + 0.5 - E; and measure pair-
wise cosine similarity across all 28 combinations,
producing a 28 x 28 similarity matrix averaged
over 16,051 tokens per layer from 128 samples in
the WikiText-2-raw (Merity et al., 2016) training
split. As shown in Figure 2(a), neighboring expert
combinations produce similar outputs on average.
Figure 2(b) reveals a similar pattern of average sim-
ilarity in Llama4-Scout (top-1 routing, 16 experts),
with pairwise expert similarity ranging from 0.41

to 0.79. However, Figure 2(c) shows that the degree
of similarity between MoE-layer outputs produced
by different activated experts varies significantly
across tokens, with a mean standard deviation of
0.214 and a maximum of 0.29. This result indi-
cates that functional similarity among experts is
strongly token-dependent, making arbitrary expert
substitution nonviable. For instance, random ex-
pert selection causes accuracy to drop from 86%
to 2% in Qwen3-30B (Section A.4.3). Although
the average similarity across expert combinations
presents an opportunity for reuse, the substantial
token-level variation shows that experts are not in-
herently redundant—they cannot simply be merged
statically or pruned without risking accuracy loss.
Instead, expert similarity must be exploited dynam-
ically on a per-token basis. TokenMix achieves
this by identifying alternative expert combinations
for each token that preserve output fidelity while
improving batch-level reuse.

4 TokenMix

Motivated by the insights in Section 3, we propose
TokenMix, a training-free technique that dynami-
cally exploits expert-output similarity to improve
batched expert reuse.

4.1 Overview

Figure 3 provides an overview of TokenMix and
its two variants. Let us first focus on Figure 3(a).
Consider a batch B of input tokens in R? fed to the
router of an MoE layer. TokenMix applies perturba-
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Figure 3: Overview of TokenMix. For illustration, the router selects the top 2 of 8 experts based on its output.

tions to each original input token in B, producing
a new batch of tokens B’. Subsequently, both B
and B’ are passed to the router. The resulting rout-
ing outputs for B and B’ are compared, and the
configuration that yields the highest batch-level ex-
pert reuse is selected. Although the experts and
associated router weights may be selected using
B’, we always pass the original batch of tokens B
to the expert networks to compute the MoE-layer
output in Equation 3. Furthermore, because the
same router processes both B and B’, these evalua-
tions can be batched and executed in parallel with
minimal overhead. The variant in Figure 3(b) dif-
fers in where the perturbations are applied - on the
scores produced by the router’s SoftMax operation
rather than the inputs to the router. The tradeoffs
represented by these variants are discussed further
in Section 4.3.

4.2 Increasing Expert Reuse via Directional

Alignment

Computing Equation 1 amounts to computing the
dot product between the input token X and each
router expert representation. Thus, L can be rewrit-
ten as shown in Equation 5. Here, N is the number
of experts; || X||2 and ||W;||2 denote the magni-
tudes (L2 norms) of the input token X and the ith
router expert representation W;, respectively; and

b1, B2, - - ., Bn denote the angles between X and
the router expert representations.
L=XW
= [X - Wil (5)

= [ X]|2 - [Will2 cos Bi] i,

Equation 5 suggests that MoE routing depends
strongly on the cosine similarity between token
representations—perfectly aligned tokens select

identical sets of experts, whereas orthogonal to-
kens share no expert overlap. We refer the reader
to Appendix A.1 for further discussion of this ob-
servation. TokenMix exploits this directional de-
pendence to increase expert reuse across tokens
within a batch. Our objective is to identify alter-
native expert combinations that improve reuse by
increasing the directional (cosine) similarity among
token representations. To this end, we seek a vector
v € R? such that every token in the batch has a
nonzero component along this common direction.
The sum of all token representations in a batch
naturally satisfies this property because it aggre-
gates contributions from every token. For a batch
of inputs X1, Xo, ..., Xp, the sum vector Xy, is
given by Equation 6. Once this common vector is
identified, our goal is to increase the component of
each token vector along X,y while decreasing its
component orthogonal to X,n,. We achieve this by
mixing each token vector X; with X, as shown
in Equation 7, where a € [0, 1] controls the mixing
strength.

Xsum:X1+X2+"'+XB (6)

X,Z = (1 — Oé)XZ + OCXsumg (7)

Essentially, TokenMix realigns the inputs in a
batch, rotating them closer to Xgy,. As a result,
the token representations become more direction-
ally similar, increasing the likelihood of overlap-
ping expert selections by the router. Through this
mechanism, TokenMix overcomes the limitations
of standard MoE routing by explicitly incorporat-
ing batch-level information into each router input.

Calibration of «:: The parameter « balances reuse
and accuracy. Setting o = 1 results in complete
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Model Method Accuracy (%) on GSMSK F1 score (%) on Qasper Accuracy (%) on IFEval
(Batch Size=2/4/8/16) (Batch Size=2/4/8/16) (BatchSize=2/4/8/16)
Baseline 60.8 92.23 61.27
Mixtral8x7B RInput-TokenMix 59.9/59/59.5/59.8 92.50/93.06/92.51/92.23 60.91/60.81/60.43/61.39
RScore-TokenMix 59.5/59.5/59.6/61 92.51/93.06/92.51/92.23 60.67/61.51/61.71/62.21
Baseline 86.35 75.08 88.97
Qwen3-30B RInput-TokenMix 88.1/85.4/87.19/87.9 73.94/74.70/75.45/75.08 79.8/85.4/82.3/80.2

RScore-TokenMix

89.6/89.6/88.9/90.2

73.94/74.70/75.45/75.08

88.49/88.51/88.73/88.13

Baseline
RInput-TokenMix
RScore-TokenMix

Llama4-Scout

80.59
81.27/81.73/81.12/80.97
81.35/81.12/81.65/ 80.89

98.29
98.29/98.54/98.54 /1 98.54
98.29/98.54/98.55/98.54

89.45
89.45/89.70 / 88.9 / 89
89.33/90.05/ 89.69 /90.29

Baseline 91.81 73.93 90.53

Qwen3-235B RInput-TokenMix  87.11/87.72/87.34/89.39 73.94/74.70/75.08 / 73.56 88.97/87/87.2/86.6
RScore-TokenMix  91.89/91.74/91.59/91.66  73.94/74.70/75.08/73.5 90.89/91.85/91.13/90.89
Baseline 435 41.5 37.46

DeepSeek-V2-Lite  RInput-TokenMix

RScore-TokenMix

38.82/40.56/42.3/44.1
38.82/44.1/43.4/42.6

35.5/42.52/41.53/41.53
355/41.4/41.4/41.3

37.15/38.08 /36.41/36.04
37.0/38.1/39.6/37.7

Table 1: Accuracy impact of TokenMix on the GSM8K, Qasper, and IFEval datasets.

expert reuse but is likely to severely affect gener-
ation quality, whereas setting @ = 0 leaves the
baseline routing choices unchanged. Across all our
experiments, we find that setting « = 1/B, where
B is the batch size during generation, yields high
reuse gains without affecting accuracy. Although
we adopt & = 1/B as a practical default, its op-
timal value can be calibrated for each model and
deployment scenario using a binary search over
[0, 1] (see Alg. 1 in Appendix A.2). Calibration is
a one-time cost because it needs to be performed
only once for a given model.

4.3 Applying TokenMix at Router Inputs vs.
Outputs

The proposed token-mixing operation can be in-
troduced at multiple points in the MoE routing
pipeline, including the router input space, the router
output space (i.e., the output of the router feed-
forward network (FFN)), and the post-softmax
routing-score space. Owing to the linear structure
of the router FFN, perturbations applied in the in-
put space are equivalent to perturbations applied
in the router output space. In contrast, perturba-
tions applied after the softmax lead to different
accuracy-reuse trade-offs, as evaluated in Section 5.
This difference arises from the nonlinear nature
of the softmax operation, which amplifies relative
differences between logits through normalization.
We refer to token mixing in the router input space
as RInput-TokenMix (@ in Fig. 3) and mixing in
the post-softmax space as RScore-TokenMix (@ in
Fig. 3).

Model Chosen / Total ~ Active Total
Experts Params Params
Mixtral8x7B (Jiang et al., 2024) 2/8 13B 47B
Qwen3-30B (Yang et al., 2025) 8/128 3B 30B
Qwen3-235B (Yang et al., 2025) 8/128 22B 235B
Llama4-Scout (Meta Al, 2025) 1/16 17B 109B
DeepSeek-V2-Lite (DeepSeek-Al, 2024) 6/64 2.4B 15.7B

Table 2: MoE benchmark suite.

5 [Evaluation

We present our evaluation setup and the key results
that demonstrate the effectiveness of TokenMix.

5.1 Setup

Models. For the primary evaluation, we consider
the five models listed in Table 2. These models
vary widely in total parameter count, number of
experts selected per input, and total number of ex-
perts. All models are evaluated at bfloat16 preci-
sion (Burgess et al., 2019), except Mixtral, which
is evaluated at 4-bit precision. For all models, we
conduct inference with a maximum prompt length
of 4096. All experiments use the Im-eval pack-
age (Gao et al., 2024). We use each model’s de-
fault parallelism strategy, typically tensor or data
parallelism. For the code-generation evaluation,
we additionally consider Qwen3-Coder-30B-A3B-
Instruct (Qwen Team, 2025), a coding-specialized
MOoE model, and Qwen3.5-35B-A3B (Qwen Team,
2026), the latest in the Qwen MoE model family.

Datasets. We evaluate TokenMix across
four domains: mathematical reasoning (the
GSMSK (Cobbe et al., 2021) test set, which con-
tains 1,319 samples), knowledge-based understand-
ing (the Qasper (Dasigi et al., 2021) test set, which
contains 431 examples), instruction following (the
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Technique (Dataset)
Rinput-TokenMix (Qasper)
B RScore-TokenMix (Qasper)
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40

w
=]
F
=3

°

(

ERI (%)
N
°

ERI (%)
°©

N
o
El

=
=]
)

60

ERI (%)
N
)
ERI (%)

N
o

I3

© 2

il ol 1
% 4 8 1. % 2 a4 8 1. °

H‘ “‘ “‘ “‘ 0
2 a 8 16

20
| I | | | )
v v : v [}

2 4 8 16

] a 8 16
Batch Size Batch Size Batch Size Batch Size Batch Size
(a) Mixtral8x7B (b) Qwen3-30B (c) Qwen3-235B (d) Llama4-Scout (e) DeepSeek-V2-Lite
I. Expert reuse improvement with TokenMix
x x Batch Size x Batch Size *|35 %| 71 Batch size x
g 30 401 o 2 x 101 o % x ® 4
o x 3.5 : 8 . L ’ i ¥
2.5 3.0
8 0] *° 2 *i's ¢ 5] % 1 x
T 20 2.5 6 m
£ Batch size 2.5 Batch Size
£1s ®: |20 o 4 2213
2z bd ¢ hs{ @ 2.0 : °
1019 [ ] x 16 ° 20 @ g °® X s 21e ™
a 5 6 7 10 15 20 25 3¢ 10 15 20 25 30 35 1 2 3 4 10 20 30 40

#Unique Experts
(a) Mixtral8x7B

#Unique Experts
(b) Qwen3-30B

#Unique Experts
(c) Qwen3-235B

#Unique Experts
(d) Llama4-Scout

#Unique Experts
(e) DeepSeek-V2-Lite

1. Impact of Number of Unique Experts on Inter-Token Latency
Figure 4: I. Expert reuse improvement (ERI, %) with RInput-TokenMix and RScore-TokenMix across the
benchmark models, datasets, and batch sizes. II. Impact of reducing unique expert fetches on inter-token latency

during decode.

IFEval (Zhou et al., 2023) test set, which con-
tains 541 examples), and code generation (the Hu-
manEval+ (Liu et al., 2023) test set, which contains
164 examples). We report exact-match accuracy
for GSMB8K, F1 scores for Qasper, prompt-level
strict accuracy for IFEval, and pass@]1 accuracy
for HumanEval+.

Hardware. All experiments were conducted on
NVIDIA H100-80GB GPUs.

5.2 Impact of TokenMix

Accuracy vs. Expert Reuse. Table 1 and Fig-
ure 4(I) summarize the accuracy impact and reuse
improvements of TokenMix over the baselines for
the GSMSK, Qasper, and IFEval datasets. The
ERI values in Fig. 4(I) are computed using Equa-
tion 4. Across a diverse set of MoE models,
TokenMix improves expert reuse by 25-60% with
negligible accuracy degradation. To evaluate scal-
ing beyond the batch sizes reported above, we
extend the Qwen3-30B experiments on GSM8K
to batch sizes 32 and 64. TokenMix maintains
robust ERI gains of 37% and 26%, respectively,
with accuracy changes of only +1.0 and —0.1 per-
centage points relative to the baseline. These re-
sults demonstrate that TokenMix continues to im-
prove expert reuse at larger batch sizes without
compromising accuracy. Comparing the mixing
strategies, RInput-TokenMix achieves higher reuse
than RScore-TokenMix but exhibits mild accuracy
degradation on larger models such as Qwen3-235B
and on complex tasks such as instruction follow-
ing. This behavior stems from softmax amplifi-
cation, as discussed in Section 4: perturbations

introduced before the softmax can be magnified
at the score level, increasing both reuse potential
and accuracy loss. DeepSeek-V2-Lite is particu-
larly sensitive to the approximations introduced
by TokenMix at the default & = 1/B setting and
exhibits noticeable accuracy degradation. To pre-
serve accuracy, we adopt a more conservative set-
ting of & = 1/B? for this model. This setting
produces lower reuse improvements than those ob-
served for the other models, with reuse gains of
less than 2% in some configurations. This result
highlights the importance of calibrating « for each
model, as discussed in Section 4. Table 3 summa-
rizes the impact of TokenMix on code-generation
benchmarks. RInput-TokenMix causes substantial
accuracy degradation on these tasks because pertur-
bations introduced before the softmax can be ampli-
fied at the routing-score level. In contrast, RScore-
TokenMix operates directly on the post-softmax
routing scores and avoids this amplification, pre-
serving code-generation accuracy while improving
expert reuse. We therefore recommend RScore-
TokenMix for complex coding workloads and other
settings in which output precision is critical.

Model Method pass@1 (%) Reuse (%)
(Batch size = 4/8/16) (Batch size = 4/8/16)
Baseline 86.6/88.4/85.4 -
Qwen3-Coder  RInput-TokenMix 40.2/37.27142.7 15.64/20.47/26.15
RScore-TokenMix 85.4/86.6/86.0 36.2/40.65/42.01
Qwen3.s Baseline 47.0/47.6/40.2 -
»35B-A3B RInput-TokenMix 28.7/28.7/31.1 19.0/15.3/10.5

RScore-TokenMix 41.5/40.2/44.5 50.1/55.8/63.9

Table 3: Impact of TokenMix on HumanEval+ code-
generation performance (pass@1).
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Latency Benefits. The inter-token latency (ITL)
benefits of TokenMix are quantified in Fig. 4(IL),
which plots normalized ITL as a function of the
number of unique experts fetched during decod-
ing. ITL was measured on eight NVIDIA H100
GPUs and averaged over five runs, with « varied to
modulate the average number of experts activated
per decoded token. Expert-weight fetches from off-
chip memory constitute a dominant fraction of total
decode-time memory traffic (Section 2); reducing
the number of unique experts fetched therefore di-
rectly translates into I'TL improvements. Across all
benchmarks and batch sizes, TokenMix achieves
a 12%—-28% reduction in ITL on NVIDIA H100
GPUgs, driven by the expert-reuse improvements
shown in Fig. 4(1).

5.3 Ablation Analysis

We examine the robustness of TokenMix along two
axes: sensitivity to the parameter o and variability
across different batch compositions.

Impact of . The applicability of « = 1/B, where
B is the batch size, across a wide range of bench-
marks saves users from tuning this hyperparameter
separately for each model and dataset. However,
users with sufficient compute resources can tune
« to achieve different accuracy—runtime trade-offs.
Fig. 5 depicts the impact of a on accuracy and reuse
for RScore-TokenMix on the Qwen3-30B and Mix-
tral8x7B MoE models across different batch sizes
on GSMSK.

Expert reuse with randomly shuffled datasets.
Fig. 6 shows the variability of expert reuse improve-
ment across different batches of the dataset. We
observe low variance with a maximum standard
deviation of 3.51% for Llama4-Scout and 2.37%
for Qwen3-30B (both at batch size 2). To further
quantify reuse variation across inference runs, we
evaluate TokenMix on Qasper with DeepSeek-V2-
Lite-Chat under four random seeds. Accuracy re-
mains within £0.5% of baseline across all seeds,

0 o °
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Figure 6: Reuse statistics across different batches of the
GSMSEK test set with (a) Llama4-Scout and (b) Qwen3-
30B.

and mean reuse improvements are 19.43%, 8.96%,
and 5.46% at batch sizes 4, 8, and 16 (standard
deviations: 1.83%, 3.14%, and 3.22%), respec-
tively. Furthermore, random shuffling of the test
dataset preserves both accuracy and average reuse,
closely matching the results in Table 1 and Fig. 4.
Collectively, these results confirm that TokenMix’s
improvements are robust to batch composition and
consistently translate across different dataset per-
mutations and inference runs.

5.4 Combining TokenMix with Expert
Pruning and Cache-Conditional MoE

We evaluate whether TokenMix is complementary
to existing efficient MoE inference techniques by
combining it with EasyEP (Dong et al., 2025) and
Cache-Conditional MoE (Skliar et al., 2025). For
both techniques, TokenMix is applied directly with-
out retuning its hyperparameters. As shown in
Table 4, TokenMix provides reuse improvements
over both baselines without impairing accuracy.

Method Accuracy (%) Reuse (%)
EasyEP 85.96

TokenMix + EasyEP 85.87 27
Cache-Conditional MoE 87.11 -
TokenMix + Cache-Conditional MoE 86.7 20

Table 4: Applying TokenMix jointly with expert prun-
ing and Cache-Conditional MoE for Qwen3-30B on
GSMSK at batch size 16.

6 Related Efforts
Prior work on efficient MoE inference falls into
two categories.

Expert size reduction methods such as expert
merging, pruning, and quantization (Bai et al.,
2025; Dong et al., 2025; Lu et al., 2024) reduce
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the memory footprint of individual experts but do
not address the poor scaling of expert reuse with
batch size. TokenMix is complementary to these
approaches and can be combined with them, as
demonstrated in Sec. 5.

Cache-aware routing (Skliar et al., 2025) im-
proves temporal expert reuse across consecutive
inference steps by biasing selection toward cached
experts. Unlike TokenMix, this does not increase
intra-batch reuse — all experts required by a batch
must still be fetched. This approach only targets
systems with caches large enough to hold expert
weights. Since the two approaches operate along
orthogonal reuse axes, they are complementary, as
demonstrated in Sec. 5.

7 Conclusion

We propose TokenMix, a novel decode-time opti-
mization that improves the efficiency of MoE mod-
els by promoting expert reuse across batched inputs.
TokenMix perturbs the router’s internal representa-
tions to steer expert selection toward greater reuse
across the batch. Extensive evaluations of state-of-
the-art MoE models with 16B to 235B parameters
demonstrate consistent expert reuse improvements
of 25-60% across several domains, with minimal
impact on accuracy.

8 Limitations

TokenMix incurs modest accuracy degradation
in some settings because it prioritizes expert
reuse when selecting between the baseline and
TokenMix routing outputs. Although both routing
options largely preserve output quality, prioritiz-
ing greater reuse can occasionally result in expert
choices that differ from those of the baseline. A
more sophisticated selection strategy that jointly
considers expert reuse and expert quality may miti-
gate this degradation but is beyond the scope of this
work. Moreover, TokenMix does not reduce model
size, unlike expert-size-reduction approaches that
explicitly prune or merge experts to reduce the pa-
rameter count.
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A Appendix

In this section, we provide additional details and
present further experiments that help us understand
the impact of TokenMix.

A.1 Mathematical Insights on Routing
Decisions

Routers in MoE models are small relative to the
expert networks (Jiang et al., 2024; Yang et al.,
2024; Dai et al., 2024), yet they play a critical role
in determining overall generation throughput by
dictating expert reuse.
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We analyze Equation 5 to identify the factors
that influence expert reuse across tokens. Consider
two scenarios for a pair of input token vectors X
and Xs: (1) the tokens are aligned in the same di-
rection (cosine similarity equal to 1) but differ in
magnitude (L2 norm); and (2) the tokens have equal
magnitudes but differ in direction, with an angle 0
between them. Let the corresponding router out-
puts from Equation 5 be L and Lo, respectively.

Case 1: Suppose Xo = kX, for k > 0; that is,
Xy is directionally aligned with X; but has magni-
tude kz1. The router output Lo is given by Equa-
tion 8. In this case, only the magnitude of the router
output changes with respect to that of X, while the
relative ordering of the expert scores remains un-
changed. Consequently, the top-k expert selections
for X, and X, are identical; only their associated
expert weights differ.

N
i=1

3)
= [kmlwi cos Bi]i\il

Ly = [J:Qwi cos Bi]

Case 2: Let the angles between X; and the
router expert representations be i, 5o,. .., ON.
The angle between X5 and the ™ router expert
representation is therefore 8; £ 6. Unlike in Case
1, Equation 5 shows that 6§ affects the relative or-
dering of the expert scores. In the extreme case in
which X5 and X are orthogonal, the router output
Lo is given by Equation 9. Because sine and cosine
exhibit opposite trends across angles, orthogonal
token vectors tend to select completely different
sets of experts and expert routing weights.

Ly = [z1w; cos(Bi£ )], ©
= [z wisin Bi]iL,.

The preceding analysis suggests that token di-
rection plays a critical role in determining expert
selection, whereas token magnitude affects expert
weights.

A.2 Calibration

In this section, we describe our calibration algo-
rithm for determining the hyperparameter o. As
discussed in Section 4, « controls the degree to
which the router inputs are mixed. A higher a pro-
duces more aggressive mixing and therefore greater
reuse, but it is also more likely to cause the experts
selected for a token to deviate from the baseline
selections. As shown in Algorithm 1, the calibra-
tion algorithm begins with « = 1/B, where B is

(a) Average similarity layer 10 Mixtral8x7B

(b) Average similarity layer 20 Mixtral8x7B

Figure 7: Average cosine similarity between MoE-layer
outputs under different activated expert combinations in
Mixtral8x7B, for layers 10 and 20.

the batch size, and evaluates the MoE-layer output
for every token in the calibration dataset with and
without mixing. The per-token mean squared error
(MSE) values between these outputs are then com-
puted and averaged. If the average MSE exceeds a
preset threshold 7', « is reduced; if it is below T,
« is increased.

Algorithm 1 Calibration

1: Input: MoE model M, dataset D with N to-
kens, threshold 7', batch size B
[=0.0, h=1.0,a=1/B
Output: o
while o < 1 do

fori < 1to N do

Calculate the i token output O; paseline

using baseline routing

AN A R ol

7: Calculate the " token output
O Tokenmix using TokenMix

8: Calculate MSE; between O; paseline and
C)LTokenMix

9: end for

100 MSE <« 3 >, MSE;

11: if M SE > T then

12: h <+ «

13: a< (I+h)/2 > Ahigh MSE can

reduce accuracy; decrease «
14: else if M SE < T then

15: |+ «
16: a<+ (I+h)/2
17: end if

18: end while

Across all our experiments, we use the WikiText-
2-raw training split (Merity et al., 2016) as the
calibration dataset.
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A.3 Functional Similarity Across Additional
Layers

In this section, we extend the functional similarity
analysis presented in Section 3 to additional layers
of Mixtral8x7B. Figure 7 shows the average pair-
wise cosine similarity matrices for layers 10 and
20, complementing the layer O analysis shown in
Figure 2(a).

The structured pattern of high similarity persists
across layers, confirming that functional similarity
among expert combinations is not specific to early
layers but is a consistent property of the model. In
layer 10, the most similar pair of expert combina-
tions is (1, 3) and (3, 7), with a similarity of 0.757,
whereas the least similar pair is (0, 1) and (2, 6),
with a similarity of 0.413. In layer 20, the most
similar pair is (0, 6) and (5, 6), with a similarity of
0.773, whereas the least similar pair is (1, 7) and
(2, 3), with a similarity of 0.494.

A.4 Further Ablation Analysis

A.4.1 Average Number of Experts Activated
Fig. 8 illustrates the average number of experts acti-
vated across different MoE models on the GSM8SK
dataset before and after applying TokenMix. Fig. 1
presents the same analysis for Qwen3-30B and
Qwen3-235B. Across all batch sizes, TokenMix re-
duces the number of experts fetched.

A.4.2 Impact on Intermediate
Representations

To measure the impact of TokenMix’s routing
changes on intermediate representations at every

MOoE layer, we compute the mean squared error
(MSE) between the weighted expert outputs under
baseline and TokenMix routing at each MoE layer
of Qwen3-30B-A3B across 100 input samples and
multiple decode steps. The MSE averages 0.003
(standard deviation: 0.02) across all MoE layers,
confirming that TokenMix produces intermediate
representations that are numerically close to those
of the baseline at every layer. This result is con-
sistent with the functional similarity across expert
combinations established in Section 3 and explains
why end-task accuracy is preserved despite routing
changes.

A.4.3 Impact of Random Expert Selection on
Accuracy

To further demonstrate the effectiveness of
TokenMix, we conduct an experiment in which
the experts for each token are selected randomly.
As shown in Table 5, accuracy declines sharply
across all models on the GSM8K dataset. This re-
sult underscores the need for an intelligent expert-
selection policy that balances expert reuse and ac-
curacy.

Model Accuracy (%)
Mixtral8x7B 32.00
Qwen3-30B 2.00
Llama4-Scout 1.60
Qwen3-235B 0.70
DeepSeek-V2-Lite 0.14

Table 5: Accuracy under random expert selection (batch
size = 16, GSM8K).

A.5 Generation Quality with TokenMix

We inspect the outputs generated with token mixing
in Tables 6 and 7. As these examples illustrate,
token mixing does not degrade generation quality.
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Prompt

Janet’s ducks lay 16 eggs per day. She eats
three for breakfast every morning and bakes
muffins for her friends every day with four.
She sells the remainder at the farmers’ mar-
ket daily for $2 per fresh duck egg. How
much in dollars does she make every day at
the farmers’ market?

Baseline

Janet sells 16 - 3 - 4 = «16-3-4=9»9 duck
eggs a day.

She makes 9 * 2 = $«9*2=18»18 every day
at the farmer’s market.

#itH# 18

TokenMix

Janet sells 16 - 3 - 4 = «16-3-4=9»9 duck
eggs a day.

She makes 9 * 2 = $«9*2=18»18 every day
at the farmer’s market.

#iH#H# 18

Table 6: Example 1.

Prompt

Darrell and Allen’s ages are in the ratio of
7:11. If their total age now is 162, calculate
Allen’s age 10 years from now.

Baseline

The total ratio representing their ages is
T+11= «7+11=18»18

Since the fraction of the ratio that represents
Allen’s age is 11/18, Allen’s current age is
11/18%162 = «11/18%162=99»99

If Allen is currently 99 years old, in 10
years he will be 99+10 = «99+10=109»109
years old

##### 109

TokenMix

The total ratio representing their ages is
T+11=«7+11=18»18

Since the fraction of the ratio that represents
Allen’s age is 11/18, Allen’s current age is
11/18*162 = «11/18%162=99»99

If Allen is currently 99 years old, in 10
years he will be 99+10 = «99+10=109»109
years old

#### 109

Table 7: Example 2.
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