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Abstract

The widely adopted Top-K router in Mixture-
of-Experts (MoE) models is mathematically
non-differentiable, making them harder to
train than dense counterparts. We propose
DenseMixer, a simple and effective MoE post-
training technique that provides a more precise
router gradient estimation by trading in some
extra compute. It is universally applicable to
TopK routed MoE, operates in a plug-and-play
manner, preserves inference-time efficiency,
and remains fully compatible with popular
training libraries as well as parameter-efficient
methods such as LoRA. Extensive experiments
demonstrate that DenseMixer consistently out-
performs conventional approaches when fine-
tuning MoE models across scales (7B–30B),
architectures (with and without shared experts),
pre-training regimes of the underlying MoE
models (from scratch or via up-cycling), and
post-training data types (instruction tuning and
long chain-of-thought). Furthermore, our anal-
ysis on efficiency shows that the additional
computation introduced by DenseMixer re-
mains modest, providing substantial improve-
ments at an acceptable cost.1

1 Introduction

Mixture-of-Experts (MoE) has emerged as a pow-
erful paradigm for scaling neural networks while
maintaining computational efficiency (Comanici
et al., 2025; Liu et al., 2024a; Qwen Team, 2025).
At the same time, MoE has been observed to be
harder to train than dense models.

The challenge stems from the cornerstone of
MoE – the sparse routing mechanism, which is
typically implemented via a TopK router that is
mathematically non-differentiable (Shazeer et al.,
2017; Liu et al., 2023). This issue blocks straight-
forward back-propagation and significantly com-
plicates gradient computation, particularly for the

1Code is available at https://github.com/yaof20/
DenseMixer.

router parameters that determine expert selection.
The non-differentiability problem forces existing
training methods to rely on imprecise gradient ap-
proximations, where the problematic TopK opera-
tion is treated as having zero gradient during auto-
matic differentiation, or to freeze router parameters
entirely during fine-tuning (Unsloth AI, 2025).

To address the non-differentiability problem, as
shown in Figure 1, we introduce DenseMixer for
MoE post-training, which trades additional com-
pute (on inactive experts during the forward pass)
for more precise router gradient estimation. Specif-
ically, DenseMixer employs straight-through esti-
mators (Bengio et al., 2013) to approximate the
gradient for the TopK operation, requiring outputs
from all experts during training while maintaining
sparse computation during inference.

Unlike previous solutions that depends on gra-
dient approximations under restrictive routing as-
sumptions (Wang et al., 2024b) or only works for
small activated expert counts (e.g., K=1 or 2) (Liu
et al., 2023), DenseMixer is universally applicable
to modern MoE models that employ fine-grained
TopK routing and activate multiple experts (e.g.,
K=8). Our method can be applied in a plug-and-
play post-training manner, preserves inference be-
havior, and remains fully compatible with existing
training frameworks and parameter-efficient tech-
niques such as LoRA (Hu et al., 2022).

To verify the effectiveness of DenseMixer, we
conduct experiments on four representative MoE
models spanning scales from 7B to 30B, architec-
tures with or without shared experts, pre-training
regimes from scratch or up-cycling, and post-
training data types such as instruction or long
chain-of-thought data. Across these settings,
DenseMixer consistently outperforms conventional
MoE training, Expert-Specialized Fine-Tuning
(ESFT) (Wang et al., 2024a), frozen-router ap-
proaches (Unsloth AI, 2025), DefaultMoE (Panda
et al., 2025), ReMoE (Wang et al., 2024b) and
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Figure 1: Comparison of router-gradient computation in MoE training. Solid arrows denote forward propagation,
and dashed arrows denote backpropagation. Conventional training uses outputs from selected experts only, while
DenseMixer additionally collects outputs from all experts for more accurate router gradient estimation.

SparseMixer (Liu et al., 2023) on a variety of down-
stream tasks, under both full fine-tuning and LoRA.

We further evaluate the computational overhead
introduced by DenseMixer. Although it adds ap-
proximately 46% additional FLOPs (measured on
Qwen3-30B-A3B MoE), the actual time overhead
is significantly lower—particularly for smaller
models or moderate datasets, where the extra cost
is almost negligible. This is because DenseMixer
increases FLOPs only in the forward pass during
post-training, while other factors such as commu-
nication often dominate runtime. In post-training
scenarios, where dataset scales are much smaller
than in pre-training and performance gains are pri-
oritized over efficiency, this overhead remains well
within acceptable bounds.

To summarize, our contributions are three-fold:

• We propose DenseMixer, a novel MoE post-
training technique that provides a more precise
gradient estimation for the router through the
straight-through estimator, and thus yields better
downstream performance.

• We provide comprehensive empirical validation
across multiple MoE scales, architectures, check-
points, and training scenarios, demonstrating con-
sistent improvements over conventional methods.

• We offer a plug-and-play implementation that
can be easily installed, requires minimal code
changes and is compatible with existing popular
training frameworks, enabling easy adoption for
practitioner.

2 Preliminaries

In this section, we provide background and the
training challenges of MoE arising from the non-
differentiability issue (Section 2.1), and revisit how
conventional methods attempt to address it, high-
lighting the limitations (Section 2.2) that motivate
our DenseMixer approach.

2.1 MoE Training Challenges

In Transformer-based MoE models, the standard
feed-forward network (FFN) layer is replaced by
a Mixture-of-Experts (MoE) layer, consisting of
a set of N parallel FFNs referred to as experts:
{E0(x), E1(x), . . . , EN−1(x)}. A lightweight
router network – typically a linear layer param-
eterized by θ – followed by a softmax produces
routing probabilities and dynamically selects a sub-
set of experts to activate for each input x (Jacobs
et al., 1991; Jordan and Jacobs, 1994; Shazeer et al.,
2017).

MoE Forward Propagation. The forward pass
consists of the following stages.
(1) The routing weight for each expert Ei is com-
puted with the softmax function as

πi = softmax(x · θT )i. (1)

(2) The output of the MoE layer is computed as the
weighted sum of expert outputs, with TopK selec-
tion activating only the highest-scoring experts:

y =
N−1∑

i=0

πi · TopK(π)i · Ei(x), (2)
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where:

TopK(π)i =





1, if πi is among the top-K
values of π,

0, otherwise.

(3)

(3) The final loss is computed using a differen-
tiable loss function:

L = L(y). (4)

The forward computation proceeds much like
a standard network and scales efficiently because
each token activates only a small subset of experts.
However, the discrete TopK routing makes the se-
lection step non-differentiable and introduces train-
ing challenges to the following backward pass.

MoE Backward Propagation. The gradient
computation for all components except the router
follows the same procedure as dense models and
can be handled by standard backpropagation. The
main challenge lies in computing the router’s gra-
dient, as it involves non-differentiable operations.
To backpropagate from the expert output y to the
router parameters θ, we apply the chain rule:

∇θL =
∂L
∂y

· ∂y
∂θ

=

N−1∑

j=0

N−1∑

i=0

∂L
∂y

· Ei(x)

· ∂(πi · TopK(π)i)

∂πj
· ∂πj
∂θ

(5)

Non-Differentiable Routing Problem. This
problem occurs when calculating the router gra-
dient. 1. In Equation (5), the last term is straight-
forward to compute:

∂πj
∂θ

=
∂ softmax(x · θT )j

∂θ
(6)

2. The middle term in Equation (5) expands to:

∂(πi · TopK(π)i)

∂πj
= πi ·

∂TopK(π)i
∂πj︸ ︷︷ ︸

term1

(7)

+TopK(π)i · δij︸ ︷︷ ︸
term2

(8)

where:

δij =

{
1, i = j,

0, i ̸= j.
(9)

Clearly, the TopK mask is non-differentiable
— specifically, the term ∂TopK(π)i

∂πj
is not defined.

Therefore, the router’s gradient is not straightfor-
ward to compute, blocking standard gradient-based
optimization for router parameters (Shazeer et al.,
2017; Lepikhin et al., 2021; Fedus et al., 2022).

2.2 How Conventional Method Works

Conventional MoE training method sidesteps
the non-differentiable routing issue by treating
TopK(π) as constant during backpropagation, thus
neglecting the non-differentiable term ∂TopK(π)i

∂πj
,

namely it adopts the following approximation:

∂TopK(π)i
∂πj

≈ 0 (10)

Thus, the non-differentiable term becomes:

∂(πi TopK(π)i)

∂πj
≈ TopK(π)i · δij (11)

And finally, the router gradient is computed as:

∇θL ≈ ∇Conventional

=
N−1∑

j=0

N−1∑

i=0

∂L
∂y

· Ei(x) · TopK(π)i

· δij ·
∂πj
∂θ

=
N−1∑

j=0

∂L
∂y

· Ej(x) · TopK(π)j ·
∂πj
∂θ

.

(12)

Although widely used, the conventional surro-
gate retains only one of the two terms in the router-
gradient decomposition as shown in Eq. 2, discard-
ing the selection-sensitivity term πi · ∂TopK(π)i

∂πj
.

While often empirically effective, it is inherently
biased — leaving clear room for more faithful and
effective estimators for such gradient computation.

3 DenseMixer: Trade Extra Compute for
Gradient Precision

In this section, we present DenseMixer, our so-
lution to address the non-differentiability prob-
lem in MoE training. We first introduce how our
DenseMixer approach works with the straightfor-
ward estimator (Section 3.1) and then provide an
analysis of its methodology design (Section 3.2).
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3.1 DenseMixer Walkthrough

To bridge discrete variables and backpropagation
make the gradient approximation more accurate,
DenseMixer adopts the straight-through estima-
tor (STE) (Bengio et al., 2013).

∂TopK(π)i
∂πj

≈ δij (13)

This means:

∂(πi TopK(π)i)

∂πj
≈ (πi +TopK(π)i) · δij (14)

Finally:

∇θL ≈ ∇DenseMixer

=
N−1∑

j=0

N−1∑

i=0

∂L
∂y

· Ei(x)

· (πi +TopK(π)i) · δij ·
∂πj
∂θ

=
N−1∑

j=0

∂L
∂y

· Ej(x)

· (πj +TopK(π)j) ·
∂πj
∂θ

. (15)

Intuitively, STE pretends that the TopK selec-
tion is an identity function with respect to the router
logits during backpropagation. In practice, we im-
plement this by: 1. Forward — computing with
the original hard TopK as before; 2. Backward —
overriding the gradient of the TopK node to be the
identity.

Handling Normalized TopK. Some recently re-
leased MoE models (Qwen Team, 2025) adopt
normalized_topk_prob implementation, which
normalizes the expert weights as follows:

ynormalized =
N−1∑

i=0

πi · TopK(π)i∑N−1
k=0 πk · TopK(π)k

· Ei(x)

(16)

Such normalization makes the gradient compu-
tation even more complicated, as both the numer-
ator and denominator have the non-differentiable
TopK term. We address this by letting gradients
flow through the normalization denominator only
for Top-K experts, while treating it as a constant
(detached) for non-Top-K experts, providing a prac-
tical solution for modern MoE architectures.

3.2 DenseMixer Analysis

The core idea of DenseMixer can be summarized
as trading in extra compute for more precise gradi-
ent estimation for the router. Different from con-
ventional method that backpropagates only through
active experts, DenseMixer enables the MoE model
to perform backpropagation through all experts to
achieve a better approximation of the router gradi-
ent.

Computation Overhead. A natural drawback
of using DenseMixer’s gradient approximation
(∇DenseMixer) is that it requires the outputs of all
experts (i.e., Ej(x) for all j ∈ [0, N − 1]) for a
given input x, while conventional method’s gra-
dient approximation (∇Conventional) only requires
those of the TopK selected experts. This means
that DenseMixer requires the MoE layer to be
densely activated during forward pass, which intro-
duces more compute than the normal case.

Nevertheless, in the context of MoE post-
training, computational cost is typically less critical
than in large-scale pre-training. DenseMixer there-
fore provides a practical trade-off: it incurs only a
single additional forward pass on those inactive ex-
perts — distinct from simply setting K equal to the
total number of experts — and achieves improved
router gradients at a manageable cost. This makes
the additional overhead acceptable in practice, con-
sidering the performance gain it brings.

Compatibility with Existing MoEs. Previous
methods for addressing router non-differentiability,
such as SparseMixer (Liu et al., 2023) and Re-
MoE (Wang et al., 2024b), rely on models being
pre-trained with specialized routing mechanisms.
This limits their applicability to post-training
or fine-tuning, since most modern open-source
MoEs are pre-trained with the standard TopK
router. Moreover, sampling-based approaches like
SparseMixer, which replace TopK with stochastic
sampling, are only effective when K is very small
(e.g., 1–2). They fail to scale to modern MoEs that
typically employ fine-grained experts with much
larger activation sizes (e.g., K = 8, 16, or more).

In contrast, DenseMixer is directly compatible
with TopK routed MoEs, supports arbitrary num-
bers of activated experts, and delivers consistent
post-training improvements without requiring any
changes to the pre-training procedure. This plug-
and-play property enables us to further provide an
easy-to-use implementation package that can be
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seamlessly applied to existing MoE models.

4 Experiments

In this section, we verify the effectiveness of
DenseMixer across multiple MoE models and train-
ing scenarios. We first introduce the experimental
setup (Section 4.1), then present comparative re-
sults (Section 4.2), and conclude with efficiency
analysis (Section 4.4).

4.1 Experimental Setup
Models. To validate the generality of
DenseMixer, we select four base models
pre-trained with diverse configurations, in-
cluding OLMoE-1B-7B (Muennighoff et al.,
2025a), Qwen1.5-MoE-A2.7B2, DeepSeek-V2-
Lite (DeepSeek-AI, 2024), MiniCPM-MoE-
8x2B (OpenBMB, 2024) and Qwen3-30B-
A3B-Base (Qwen Team, 2025). The detailed
configurations of these models are summarized
in Table 1.

Datasets. We adopt two data configurations: a
general task configuration for lightweight back-
bones and a long CoT configuration for the stronger
backbone model.
• General tasks. For OLMoE-1B–7B, Qwen1.5-

MoE-A2.7B, and DeepSeek-V2-Lite, we fol-
low the training and test sets from (Wang
et al., 2024a). The training set covers GSM8K
(math) (Cobbe et al., 2021), CodeAlpaca (Chaud-
hary, 2023), intent classification, law, summa-
rization, and translation (Wang et al., 2024a).
The test set covers GSM8K (math) (Cobbe
et al., 2021), MBPP(Austin et al., 2021), and Hu-
manEval (coding) (Chen et al., 2021), as well
as intent classification, law, summarization, and
translation (Wang et al., 2024a).

• Long CoT. For Qwen3-30B-A3B-Base, due
to its improved pre-training techniques, post-
training on the tasks above yields limited gains.
Therefore, we focus on solving more challeng-
ing competition-level math and coding ques-
tions by generating long chain-of-thoughts (CoT).
Specifically, for math reasoning, we train the
model with a filtered subset of the Stanford
S1 dataset (Muennighoff et al., 2025b) (about
1,000 examples with reasoning trajectories dis-
tilled from DeepSeek-R1 (DeepSeek-AI, 2025)),
and evaluate the model on GPQA (Rein et al.,

2https://huggingface.co/Qwen/Qwen1.5-MoE-A2.
7B

2024), AIME (Mathematical Association of
America, 2025), MATH-500 (Hendrycks et al.,
2021), OlympiadBench (He et al., 2024). For
coding, we train the model with a filtered
subset of the Llama-Nemotron Post-Training
Dataset (Nathawani et al., 2025) (about 35,000
coding examples), and evaluate the model on Hu-
manEval(Chen et al., 2021), HumanEval+ (Team,
2023–2025), MBPP (Austin et al., 2021), and
LiveCodeBench (Jain et al., 2024).

The training and evaluation datasets statistics of
the general tasks are shown below and those of the
Long CoT tasks are provided in Appendix D.

Baselines Training Methods. We compare
DenseMixer against several representative MoE
training methods that have been widely adopted.

• Conventional: Standard MoE training method
which treats the non-differentiable Top-K opera-
tion as having zero gradient in automatic differ-
entiation.

• ESFT: Expert-Specialized Fine-Tuning (Wang
et al., 2024a) proposed by DeepSeekAI, which
updates only a pre-selected subset of experts for a
given task. We include both ESFT-gate (selection
based on average gating scores) and ESFT-token
(selection based on token-selection ratios) for fair
comparison.

• Frozen Router: Freezing the router and only up-
dating other components in MoE – as suggested
by practitioners for stable MoE finetuning3.

We also compare these methods in parameter-
efficient fine-tuning (PEFT) settings, where we ap-
ply LoRA to all modules except for the router.

Evaluation Setup. For each method, we conduct
a grid search on training hyperparameters (learn-
ing rate and batch size) and report the best per-
formance. We evaluate models across multiple
downstream tasks relevant to each model’s domain,
measuring task-specific metrics such as accuracy
for classification tasks and pass rates for coding
tasks. Specifically, for the long CoT task, we report
the evaluation metrics under three sets of decoding
hyperparameters (temperature and top_p) due to
the instability of long CoT evaluation. The details
are provided in Appendix C.
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Table 1: Information of base MoE models used in our experiments.

Model Name Active Total Active/Total Shared Context Normalize Training
Param. Param. Expert Num. Expert Num. Length TopK Prob Strategy

OLMoE-1B-7B 1B 7B 8 / 64 0 4k False from scratch
Qwen1.5-MoE-A2.7B 2.7B 14B 8 / 64 4 8k False up-cycling
DeepSeek-V2-Lite 2.4B 16B 6 / 64 2 32k False from scratch
Qwen3-30B-A3B-Base 3B 30B 8 / 128 0 32k True from scratch

Table 2: Training and test sample sizes for different
datasets.

GSM MBPP HE Intent Law Sum. Trans.

#Train 7473 22000 22000 7280 927 19587 11639
#Test 1319 500 164 500 100 100 100

Here, “HE” denotes HumanEval, “Sum.” denotes Summa-
rization dataset, and “Trans.” denotes Translation dataset.

4.2 Main Results

Extensive experimental results demonstrate that
DenseMixer consistently outperforms conventional
MoE training across MoE models of varying scales,
architectures, and pre-training recipes, as well
as across diverse training and evaluation datasets.
This performance advantage holds for both full fine-
tuning and parameter-efficient fine-tuning methods
(e.g., LoRA). This is shown by Table 3 under Gen-
eral Tasks configuration, and Table 4 and Table 5
under Long CoT configuration.

Such performance improvement remains robust
under different hyperparameters for LLM genera-
tion, for example, under different popular tempera-
ture and Top-p combinations. This is demonstrated
extensively by Table 4 and Table 5.

Interestingly, as shown in Table 3, we find that
Frozen Router can occasionally outperform Con-
ventional Training, where the router is trained end-
to-end with imprecise gradients. However, it con-
sistently underperforms DenseMixer, which ben-
efits from more accurate gradient signals for the
router. Therefore, we confirm that the routing train-
ing is important in MoE optimization.

4.3 Additional Results

In addition, we compare DenseMixer with sev-
eral representative MoE training methods that are
designed to mitigate the non-differentiability of
sparse routing. Specifically, these methods seek to
improve gradient propagation through some kind

3https://unsloth.ai/docs/models/
qwen3-how-to-run-and-fine-tune#
qwen3-moe-models-fine-tuning

of “differentiable” router, which is different than
the standard TopK routing.
• DefaultMoE (Panda et al., 2025): Sparse ex-

pert activation is preserved during training, while
exponential moving average–based substitutions
are used for inactive expert outputs to enable
dense gradient propagation to the router.

• ReMoE (Wang et al., 2024b): The standard top-
k routing is replaced with a ReLU-based routing
mechanism to alleviate the non-differentiability
of hard expert selection.

• SparseMixer (Liu et al., 2023): A scalable ap-
proximation of router gradients is constructed via
an ordinary differential equation (ODE) formula-
tion, while sparse computation is maintained. It
only works well for small K values (K=1, 2).
As shown in Table 7 (Appendix A), we com-

pare DenseMixer with all these methods using
Qwen1.5-MoE and find that our method consis-
tently outperforms the alternatives. Moreover,
since SparseMixer is only effective for small rout-
ing widths (Top-k with k ∈ 1, 2), we addition-
ally evaluate a Top-1 activated MoE variant of
MiniCPM 4 for a fairer comparison. DenseMixer
still achieves better performance in this setting.

Finally, we note that these baselines were orig-
inally proposed for MoE pre-training, which re-
quire large-scale data for training a good router and
thus does not directly suit for MoE post-training.
In contrast, DenseMixer does not depend on such
large-scale router training and remains effective in
the post-training setting.

4.4 Efficiency Analysis

Computational Overhead. Though DenseMixer
requires extra computution on inactive experts, the
time consumption does not grow linearly with the
number of experts. It only requires an extra for-
ward pass and does not require backward gradient
computation on inactive experts.

For Qwen3-30B-A3B, DenseMixer incurs ap-

4https://huggingface.co/openbmb/
MiniCPM-MoE-8x2B
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Table 3: Post-training results on general tasks with three MoE backbones. We highlight the best score for each
task in dark green and the second in light green for each setting.

Backbone
(Total Param.) Method GSM MBPP HE Intent Law Sum. Trans. Avg

OLMoE
(7B)

Base Model 15.85 19.80 10.97 0.20 5.70 7.40 11.09 10.14
Frozen Router 44.88 17.80 7.23 72.80 22.50 36.05 28.29 32.79
Conventional 45.94 23.40 18.92 74.60 22.35 35.99 26.89 35.44
DenseMixer 49.00 25.12 20.73 77.40 23.02 40.64 32.55 38.35

Frozen Router +LoRA 45.03 24.20 17.07 55.80 21.30 37.70 28.19 32.76
Conventional +LoRA 44.58 24.20 15.85 60.20 21.60 37.30 26.22 32.85
DenseMixer+LoRA 45.38 26.20 16.48 66.60 24.70 40.80 29.43 35.66

ESFT-gate 43.06 20.80 14.02 21.20 22.39 19.50 17.37 22.62
ESFT-token 43.82 19.60 12.80 20.80 22.60 17.80 16.67 22.01

Qwen1.5-MoE
(14B)

Base Model 38.69 38.84 32.31 16.83 18.20 28.29 16.53 27.10
Frozen Router 53.37 35.20 37.10 82.20 33.01 38.29 32.75 44.56
Conventional 53.42 34.60 36.43 81.80 29.25 37.80 33.02 43.76
DenseMixer 55.16 35.40 39.68 83.40 33.83 40.56 33.90 45.99

Frozen Router +LoRA 46.77 31.40 36.58 71.00 30.30 30.19 28.08 39.19
Conventional +LoRA 43.89 34.00 38.41 64.80 28.80 37.99 26.14 39.15
DenseMixer+LoRA 47.24 35.40 38.41 71.80 31.80 40.20 29.25 42.01

ESFT-gate 50.72 34.00 36.59 76.40 27.10 35.89 28.49 41.31
ESFT-token 52.76 35.80 37.20 76.00 28.20 33.39 28.86 41.74

DeepSeek-V2-Lite
(16B)

Base Model 19.00 43.00 27.44 3.00 14.90 16.50 16.20 12.65
Frozen Router 32.95 46.60 31.11 69.30 28.10 43.70 24.80 41.48
Conventional 48.50 46.00 31.71 81.80 29.70 43.00 24.30 44.70
DenseMixer 51.50 47.00 32.32 82.40 32.10 45.80 25.36 46.42

Frozen Router +LoRA 48.06 45.20 34.76 68.40 24.10 46.20 32.60 42.83
Conventional +LoRA 50.60 46.50 35.66 70.20 22.90 39.90 28.80 40.45
DenseMixer+LoRA 52.16 46.80 36.59 71.00 24.30 47.80 33.80 44.23

ESFT-gate 29.49 43.90 28.05 25.20 16.80 15.20 17.20 15.51
ESFT-token 28.66 43.80 26.22 26.00 18.00 16.00 17.21 19.30

“HE” denotes HumanEval, “Sum.” denotes Summarization, and “Trans.” denotes Translation.

Table 4: Results on post-training Qwen3-30B-A3B-Base across different decoding configurations (Math Bench-
marks). DenseMixer consistently surpasses conventional training methods.

Method Temp & Top-p GPQA
(avg@8)

AIME2024
(avg@32)

AIME2025
(avg@32)

Olympiad
(avg@1)

MATH500
(avg@1)

Base Model 0.6 & 0.95 38.88 20.63 7.71 34.81 72.80
0.7 & 0.8 39.89 20.53 8.33 33.92 75.40
1.0 & 0.7 36.36 18.75 8.75 31.70 68.00

Conventional 0.6 & 0.95 54.80 61.56 45.63 57.33 93.40
0.7 & 0.8 54.23 61.67 44.27 55.41 92.20
1.0 & 0.7 56.55 63.65 46.15 59.11 93.00

DenseMixer 0.6 & 0.95 58.52 63.85 45.83 58.51 93.60
0.7 & 0.8 55.80 63.13 45.31 57.18 93.00
1.0 & 0.7 58.14 62.71 47.50 57.77 93.80

Table 5: Results on post-training Qwen3-30B-A3B-Base across different decoding configurations (Code Benchmarks
and Average). DenseMixer consistently outperforms conventional training.

Method Temp & Top-p HumanEval
(avg@4)

HumanEval+
(avg@4)

MBPP
(avg@1)

LiveCodeBench
(avg@4) Avg

Base Model 0.6 & 0.95 65.24 60.06 53.60 16.85 48.94
0.7 & 0.8 62.80 61.12 55.60 16.48 49.00
1.0 & 0.7 62.65 59.14 49.80 13.26 46.21

Conventional 0.6 & 0.95 92.23 86.89 80.80 32.26 67.21
0.7 & 0.8 91.01 85.37 76.80 29.39 65.59
1.0 & 0.7 90.85 86.59 79.00 33.42 67.59

DenseMixer 0.6 & 0.95 93.59 89.02 82.00 34.31 68.80
0.7 & 0.8 91.92 86.89 80.80 31.89 67.32
1.0 & 0.7 93.29 88.87 84.39 34.40 68.99

38293



proximately 1.46× the FLOPs compared to conven-
tional training. The detailed FLOPs analysis in ta-
ble 6 shows that DenseMixer mainly requires more
FLOPs in the forward pass. Overall, since post-
training prioritizes performance over efficiency and
typically involves substantially smaller datasets
than pre-training, the extra computation is accept-
able during the post-training stage, and the peak
memory usage does not increase substantially.

Table 6: FLOPs and memory usage analysis for Qwen3-
30B-A3B.

Method Fwd Bwd Total Peak mem
TFLOPs TFLOPs TFLOPs (GB)

Conventional 16.85 33.70 50.54 157.93
DenseMixer 40.04 33.70 73.74 164.96

Ratio 2.38× 1.00× 1.46× 1.04×
Note. Fwd = Forward, Bwd = Backward.

Training Time Comparison. We provide actual
training time comparisons across different scales
of model datasets.

As shown in Table 8 (Appendix B), the training
time overhead of DenseMixer is <20% on Qwen1.5-
MoE, and ∼ 30% on Qwen3-MoE. Though in-
creased with the size of model and training data, it
is still acceptable in most post-training scenarios.

Overall, the results demonstrate that DenseMixer
consistently outperforms conventional MoE train-
ing methods across different model scales, archi-
tectures, and training scenarios, while maintain-
ing reasonable computational overhead suitable for
post-training applications.

5 Related Work

Current approaches to MoE training handle
the non-differentiability problem through several
paradigms, each with inherent limitations.

SparseMixer (Liu et al., 2023) and Grin-
MoE (Liu et al., 2024b) use numerical ODE meth-
ods with the mid-point method to provide scalable
gradient approximations for expert routing while
maintaining sparse computation. However, both
methods require sampling over the routing distri-
bution, which works well when few experts are
activated (1-2) but becomes computationally chal-
lenging and difficult to implement efficiently for
modern MoEs (e.g., Qwen3-MoE (Qwen Team,
2025)) that typically activate many more experts
(8, 16, or higher). DenseMixer does not have such
restriction and proves to work well on 8 active ex-
perts in the training of modern MoEs.

ReMoE (Wang et al., 2024b) addresses the non-
differentiability of expert routing by replacing the
discrete Top-K selection with a fully differentiable
ReLU-based routing mechanism. This design en-
ables end-to-end gradient propagation without re-
lying on surrogate gradient estimators. However,
ReMoE introduces restrictive routing assumptions
that deviate from the fine-grained Top-K routing
widely adopted in modern large-scale MoE sys-
tems.In contrast, DenseMixer preserves the original
Top-K routing mechanism and directly improves
routing gradient quality through exact expert out-
put computation, making it universally applicable
to modern MoE models.

DS-MoE (Pan et al., 2024) employs dense com-
putation across all experts during training com-
bined with sparse inference, requiring dense acti-
vation during both forward and backward passes,
which is much slower,while our DenseMixer only
requires dense activation during the forward pass.
Because the dominant training time cost lies in the
backward pass, and DenseMixer does not require
dense activations in this phase, it is significantly
more efficient than DS-MoE. DefaultMoE (Panda
et al., 2025) shares a similar philosophy by main-
taining sparse training while providing dense gra-
dients through substituting inactive expert outputs
with exponential moving averages of previously
computed expert values in the same batch. How-
ever, such approximations are less precise than
DenseMixer’s direct computation approach, and
notably, the performance improvements Default-
MoE achieves after pre-training on large token
volumes are comparable to or smaller than what
DenseMixer achieves through post-training on sig-
nificantly fewer tokens. Additionally, DefaultMoE
focuses on pre-training scenarios where computa-
tional efficiency is relatively critical, while we tar-
get the more practical post-training setting where
the extra computational cost is more acceptable
in exchange for improved gradient precision and
consistently better performance.

6 Conclusion

We confirm that the non-differentiability of
Top-K routing is a key obstacle to effective
MoE training. By trading an extra forward pass
on inactive experts, DenseMixer enables more
precise routing gradients, consistently improving
post-training quality as measured by downstream
performance, beyond conventional approaches
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under various settings.
We further contextualize DenseMixer with prior

methods that address the non-differentiability of
sparse routing, including DefaultMoE, ReMoE,
and SparseMixer. These approaches typically
require the routing or gradient approximation
mechanisms to remain consistent between pre-
training and post-training for stable optimization,
which limits their flexibility in post-training. In
contrast, DenseMixer can be applied purely at the
post-training stage. Incurring an extra forward
pass on inactive experts, DenseMixer yields more
accurate routing gradients while preserving the
original architecture and training pipeline, yielding
consistent post-training gains.

Limitations

DenseMixer introduces an additional forward pass
over all experts, which raises the computational
cost of training. On Qwen3-30B-A3B this amounts
to roughly 46 percent more FLOPs, and the wall-
clock overhead reaches about one third on our
largest model and dataset. This cost makes the
method less attractive in settings with limited com-
pute, where the gain in routing accuracy may not
justify the added expense. We also restrict our
study to post-training, namely supervised fine-
tuning and parameter-efficient adaptation. We do
not examine how the method behaves during pre-
training, where the same overhead would com-
pound over far larger token budgets.

The largest model we evaluate has 30 billion
parameters, so the effectiveness of DenseMixer
on substantially larger mixture-of-experts models
remains unverified. Our experiments also center
on Top-K routing under supervised post-training.
Whether the approach transfers to other routing
mechanisms, or to reinforcement learning style
training, is a question we leave to future work.

Ethical Considerations

All datasets used in this work (GSM8K (Cobbe
et al., 2021),MBPP (Austin et al., 2021),Hu-
manEval (Chen et al., 2021), Intent classifica-
tion, Law, Summary, and Translation (Wang
et al., 2024a), Stanford S1 (Muennighoff
et al., 2025b), Llama-Nemotron-Post-Training-
Dataset (Nathawani et al., 2025) ) are publicly
available academic benchmarks that do not con-
tain personally identifiable or sensitive informa-
tion. All datasets and base models are publicly

released, and we use them in accordance with their
respective licenses and intended research use. Our
study focuses on post-training mixture-of-experts
(MoE) models and does not involve the collec-
tion of new human-subject data. As with other
LLM fine-tuning methods, models trained with
DenseMixer may still produce incorrect, biased, or
misleading content, and code-related outputs may
contain insecure or faulty patterns. Our method
does not eliminate these risks, and deployments
in high-stakes settings should include appropriate
safeguards (e.g., content filtering, human oversight,
and domain-specific evaluations). The potential
societal benefits of this work include improved per-
formance of MoE models, which may help humans
in various domains.
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A Additional Comparison with
Pre-Training Baselines

Table 7: Additional comparison results. We highlight
the best score in each column within the same backbone
block.

Backbone Method GSM MBPP HE Intent Law Sum. Trans. Avg

Qwen1.5-MoE

DefaultMoE* 51.00 33.20 35.33 80.60 31.20 38.40 24.00 41.96
SparseMixer* 1.30 0.00 3.90 3.80 3.40 2.10 3.50 2.57
ReMoE* 46.30 33.00 36.80 60.80 25.50 25.80 16.99 35.03
DenseMixer 55.16 35.40 39.68 83.40 33.83 40.56 33.90 45.99

MiniCPM (8×2B)
DefaultMoE* 53.18 39.62 39.40 70.00 28.20 37.80 16.00 40.89
SparseMixer* 42.20 34.68 40.82 63.40 23.30 29.70 16.80 35.08
DenseMixer 56.10 40.60 44.50 72.40 29.70 41.80 17.40 43.21

B Training Time Comparison

Table 8: Training time comparison indicating acceptable
overhead in post-training scenarios.

Model Dataset Conventional DenseMixer Overhead

Qwen1.5-MoE (14B) Intent (7K) 22 min 24 min 9%
Law (1K) 8.5 min 9.5 min 12%

Summary (19K) 1.2 h 1.4 h 17%
Translation (11K) 39 min 45 min 15%

Qwen3-MoE (30B) S1 (1K) 2.8 h 3.6 h 29%
Nemotron-Code (35K) 21 h 28 h 33%

C Hyperparameters

We use the following hyperparameters across dif-
ferent models. Experiments were run on 2×A100,
4×H200, or 8×H200 GPUs (depending on the set-
ting). We set warmup_ratio = 0.1 and use bf16 as
the data type. Using these settings, our results can
be reproduced on the same or equivalent hardware.
We use grid search to select the optimal hyperpa-
rameters. The grid search ranges of learning rate
and batch size are shown as follows:

Table 9: Search ranges for hyperparameters.

Model Method BS LR

Qwen1.5-MoE full {32, 64, 128} {5e-7, 1e-6, 2e-6, 5e-6, 1e-5, 2e-5, 3e-5, 4e-5}
lora {32, 64, 128} {5e-5, 1e-4, 2e-4, 3e-4, 4e-4, 5e-4, 6e-4, 8e-4}

OLMoE full {64, 128, 256, 512} {5e-7, 1e-6, 2e-6, 5e-6, 1e-5, 2e-5, 3e-5, 4e-5}
lora {128, 256, 512} {5e-5, 1e-4, 2e-4, 3e-4, 4e-4, 5e-4, 6e-4, 8e-4}

DeepSeek-V2-Lite full {32, 64, 128} {5e-7, 1e-6, 2e-6, 5e-6, 1e-5, 2e-5, 3e-5, 4e-5}
lora {32, 64, 128} {5e-7, 1e-6, 2e-6, 5e-6, 1e-5, 2e-5, 3e-5, 4e-5}

Qwen3-30B-A3B full {8, 16, 32} {5e-6, 1e-5, 2e-5, 3e-5, 4e-5, 5e-5}

D Data Statistics for Long CoT Tasks

The training and test sample sizes of long CoT
tasks are shown in Table 10.
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Table 10: Training and test sample sizes for different datasets.

AIME 2024 AIME 2025 MATH-500 Olympiad Bench GPQA_Diamond MBPP HumanEval HumanEvalPlus LiveCodeBench

#Training Samples 1000 1000 1000 1000 1000 35000 35000 35000 35000
#Test Samples 30 30 500 674 100 500 164 164 ∼ 500
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