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Abstract

Sparse Mixture of Experts (SMoE) improves
the efficiency of large language model train-
ing by directing input tokens to a subset of
experts. Despite its success in generation tasks,
its generalization ability remains an open ques-
tion. In this paper, we demonstrate that current
SMoEs, which fall into two categories: (1) To-
ken Choice ;and (2) Expert Choice, struggle
with tasks such as the Massive Text Embedding
Benchmark (MTEB). By analyzing their mech-
anism through the lens of competitive learn-
ing, our study finds that the Token Choice ap-
proach may overly focus on irrelevant experts,
while the Expert Choice approach risks dis-
carding important tokens, potentially affecting
performance. Motivated by this analysis, we
propose Unified Competitive Learning SMoE
(USMOoE), a novel and efficient framework de-
signed to improve the performance of existing
SMokEs in both scenarios: with and without
training. Extensive experiments across various
tasks show that USMoE achieves up to a 10%
improvement over traditional approaches or re-
duces computational inference costs by 14%
while maintaining strong performance.

1 Introduction

Sparse Mixture of Experts (SMoE) models have
achieved notable success in natural language pro-
cessing (NLP) and visual representation learn-
ing tasks (Du et al., 2022; Fedus et al., 2022;
Riquelme et al., 2021a; Shen et al., 2023). These
advancements build on the Transformer architec-
ture (Vaswani et al., 2017) and its variants (Child
etal., 2019; Dai et al., 2019b), which leverage large
datasets and significant compute resources. How-
ever, training large Transformer models can be pro-
hibitively expensive, requiring extensive compute
hours (Kaddour et al., 2023). To overcome this is-
sue, SMoE models activate only a subset of experts
for each input, reducing inference time compared
to dense models (Shazeer et al., 2017a; Zoph et al.,
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USMoE 53.2% 23.8% 58.2% 56.5% 31.0%

MoEE 46.7% 18.8% 56.0% 51.7% 30.0%

Expert Choice 50.3% 19.5% 47.2% 34.5% 25.5%

Token Choice 50.7% 20.0% 50.5% 44.0% 25.0%

Router 42.3% 15.0% 49.5% 43.2% 27.0%

Figure 1: We compare the performance of USMoE
(ours) with the Expert Choice and Token Choice ap-
proaches on the Massive Text Embedding Benchmark
(MTEB). The results demonstrate that our method out-
performs traditional approaches across six tasks using
OLMOoE-7B (Muennighoff et al., 2024) without addi-
tional training.

2022; Artetxe et al., 2022; Krajewski et al., 2024).
The SMoE architecture can be categorized into two
variants: Token Choice, which assigns experts to
each token (Dai et al., 2024; Team, 2024; Muen-
nighoff et al., 2024; Jiang et al., 2024a), and Expert
Choice, which assigns tokens to each expert (Zhou
et al., 2022b). The advantage of Token Choice
lies in its ability to dynamically select experts for
each token, while Expert Choice ensures a more
balanced token distribution across experts.

Despite their promising results, SMoE models have
several limitations. The Expert Choice approach
suffers from token dropping (Zhou et al., 2022b),
while the Token Choice approach struggles with
unbalanced expert loading (Shazeer et al., 2017b).
Additionally, both approaches are prone to repre-
sentation collapse, where either a few experts dom-
inate the routing or all experts learn similar rep-
resentations (Chi et al., 2022a; Chen et al., 2022).
Recent research has explored improving router poli-
cies (Chi et al., 2022b; Chen et al., 2023a; Do et al.,
2023a) to mitigate these issues. However, existing
methods face two key challenges: (1) the use of
auxiliary losses requires balancing router loss and
task loss, leading to trade-offs, and (2) they still
struggle with the fundamental limitations of either



the Token Choice or Expert Choice approach.
Which approach is better for SMoE - Token Choice
or Expert Choice - in terms of generalization
across multiple tasks, both with and without train-
ing?

In this paper, we address this question by reex-
amining SMoE through the lens of Competitive
Learning (Rumelhart and Zipser, 1985; Kaski and
Kohonen, 1994; Srivastava et al., 2013; Pham et al.,
2024a). From this perspective, Token Choice can
be seen as horizontal competitive learning, where
the most similar expert is selected for each token,
while Expert Choice represents vertical competi-
tive learning, where each expert selects the most
similar tokens. This viewpoint reveals a key trade-
off: Expert Choice risks dropping important tokens,
whereas Token Choice must process both relevant
and irrelevant tokens.

Building on this analysis, we propose Unified
Competitive Learning SMoE (USMoE), a robust
and efficient framework comprising two key com-
ponents: (1) Unified Competitive Score and (2)
Unified Competitive Mechanism. These compo-
nents enable the SMoE model to dynamically prior-
itize tokens or experts while ensuring the selection
of the most similar token-expert pair, enhancing
both robustness and effectiveness. To demonstrate
the effectiveness of our approach, we evaluate US-
MOoE across multiple scenarios, including pretrain-
ing and both fine-tuned and non-fine-tuned settings.
USMOoE consistently outperforms baseline meth-
ods across these scenarios, with particularly strong
gains in tasks that require deep input understanding,
such as semantic textual similarity, classification,
and clustering. Extensive experiments across vari-
ous benchmarks show that USMoE achieves up to
a 10% improvement over traditional approaches or
reduces inference computational costs by 14%, all
while maintaining high performance.

In summary, this paper makes the following key
contributions:

* We introduce a Competitive Learning per-
spective on SMoE, highlighting the weak-
nesses of existing approaches.

* We propose USMOE, a robust and efficient
framework that addresses the limitations of
both Token Choice and Expert Choice.

* We theoretically demonstrate that USMoE
effectively mitigates representation collapse,
outperforming baseline methods.

* We conduct extensive experiments on large
language models, covering pretraining and
both fine-tuned and non-fine-tuned settings,
providing a detailed analysis of USMoE’s per-
formance and effectiveness.

2 Related Work

Sparse Mixture of Experts (SMoE). Sparse Mix-
ture of Experts (SMoE), an extension of the Mix-
ture of Experts framework (Jacobs et al., 1991;
Jordan and Jacobs, 1994), has gained traction with
large language models and has since been applied
in various domains, including computer vision and
speech recognition (Zhou et al., 2022c; Riquelme
et al., 2021b). The SMoE architecture consists of
two main variants: Token Choice, where experts
are assigned to each token (Shazeer et al., 2017b;
Fedus et al., 2022; Jiang et al., 2024b; Do et al.,
2024b), and Expert Choice, where tokens are as-
signed to specific experts (Zhou et al., 2022b).
Token Choice treats all tokens equally, which has
raised concerns among researchers (Wu et al., 2021;
Hou et al., 2022; Lin et al., 2025), while Expert
Choice suffers from token-dropping issues. Addi-
tionally, SMoE faces the challenge of representa-
tion collapse, where experts produce similar out-
puts. Various solutions have been proposed, such
as XMoE, which employs low-dimensional rout-
ing scores (Chi et al., 2022b), and SMoE-dropout,
which gradually activates more experts (Chen et al.,
2023a). Other approaches, including HyperRouter
(Do et al., 2023a) and StableMoE (Dai et al.,
2022a), focus on enhancing router stability and
robustness. Although these advancements have
improved SMoE models, representation collapse
remains a persistent issue (Pham et al., 2024a; Do
et al., 2024a). Our approach addresses this by opti-
mizing the alignment between tokens and the most
suitable experts, expanding expert specialization
and mitigating collapse.

Competitive Learning. Competitive learning is
an unsupervised learning approach where compu-
tational units compete to respond to a given in-
put, enabling feature discovery (McClelland and
Rumelhart, 1987; Andersen et al., 1969; Stefanis
and Jasper, 1969). Inspired by the biological brain,
this concept has recently been leveraged to en-
hance the efficiency of Large Language Models
(LLMs) (Cai et al., 2024; Zhao et al., 2024). Fur-
thermore, competitive learning has been shown to
enhance the efficiency of Mixture of Experts (MoE)
models (Ahn and Sentis, 2021; Cai et al., 2023).



The most relevant work to our work is CompeteS-
MOoE (Pham et al., 2024b), which frames competi-
tion through expert outputs and employs a router
trained to predict competition outcomes in a sched-
uled manner. However, it shares a key limitation
with traditional competitive learning frameworks,
activating all experts, which becomes infeasible
for large-scale models with millions of parameters.
In contrast, we redefine competition among expert
embeddings into two categories: Token Choice
SMOoE, which represents horizontal competitive
learning, and Expert Choice SMoE, which rep-
resents vertical competitive learning. Building on
this perspective, we introduce two novel scoring
methods and mechanisms - Unified Competitive
Score and Unified Competitive Mechanism - that
enhance traditional SMoE in both performance and
efficiency.

3 Methodology

We introduce Unified Competitive Learning SMoE
(USMOoE), a novel and efficient Sparse Mixture of
Experts framework designed to address the limi-
tations of both Token Choice and Expert Choice
through a unified competitive learning mechanism.
As shown in Section 3.2, our approach consists of
two key components:

* Unified Competitive Score — a scoring func-
tion that balances expert selection.

* Unified Competitive Mechanism — a struc-
tured routing strategy that ensures efficient
and effective expert allocation.

3.1 Preliminaries

Sparse Mixture of Experts. The Sparse Mixture
of Experts (SMoE) is typically a transformer ar-
chitecture that replaces the multi-layer perceptron
(MLP) layers in standard transformers with Mix-
ture of Experts (MoE) layers, inspired by (Shazeer
et al., 2017a). Given x € R*? as the output of
the multi-head attention (MHA) layer, the result
of the SMoE with n experts is a weighted sum of
each expert’s computation, F;(x), weighted by the
router function S(z):

fomon() = S(x); - Ei(x) (1)
i=1

Where S(x) is computed by T'opK function as be-
low the Equation 2, and W, is a learnable experts
embeddings.

S(x) = TopK(softmax(W, - z), k)  (2)

v if v; is in the top k largest of v,

TopK(v, k) =
PK( ) {—oo otherwise.

3.2 Unified Competitive Learning SMoE
(USMOoE)

Unified Competitive Score. As illustrated in Fig-
ure 2, the Token Choice approach selects and pro-
motes the best expert by comparing the similarity
scores between a token and the available experts.
Given a representation x € R*/*?_ which is the
output of the multi-head attention (MHA) layer,
and a router matrix W, € R?*", where n repre-
sents the number of experts, the similarity score sy
in the Token Choice approach is computed as:

s¢ = softmax(W, - z,d = —1) 3)

where d denotes the dimension along which the
softmax function is applied. In contrast, the Expert
Choice approach selects and promotes the best to-
kens by comparing the similarity scores between
an expert and the available tokens. The similarity
score s in the Expert Choice approach is computed
as:

Se = softmax(W - x,d = 1) 4)

While Expert Choice ensures an equal distribution
of tokens across experts, Token Choice guarantees
that each token is fairly processed by the model. To
leverage the strengths of both approaches, we in-
troduce the Unified Competitive Score, a soft com-
bination of the Token Choice and Expert Choice
scores, defined as:

Su=0a-Se+ (1 —a)- s 5)

where o € [0, 1] is a tunable control parameter that
can be adjusted based on the data. In practice, we
find that o ~ 0.5 is an appropriate choice.

Unified Competitive Mechanism. Token Choice
selects experts using horizontal competitive learn-
ing, where each token is assigned to the most simi-
lar expert. This approach performs well when there
is a highly relevant expert for a given token. How-
ever, its effectiveness diminishes when the simi-
larity scores between the token and all experts are
low. In contrast, Expert Choice selects tokens using
vertical competitive learning, where each expert is
assigned the most similar tokens. This approach
is effective when the similarity score distribution
across experts is well-structured. However, this



condition is difficult to achieve due to the issue
of representation collapse (Chi et al., 2022b). As
a result, Expert Choice may either discard impor-
tant tokens or lead to multiple experts selecting the
same token. USMOE addresses these challenges by
introducing the Unified Competitive Mechanism,
which treats expert and token selection as a joint
(expert, token) pairing process. As demonstrated
in Algorithm 1, we first flatten the similarity ma-
trix and then select the top-/V highest-scoring pairs,
representing the most similar expert-token combi-
nations.

Let the ordered array (S}, S%,...,S%) represent
the top-NV token scores selected using the Token
Choice approach, where S§ < S§ < ... < §%.
Similarly, let (Sf,S5,...,S%;) denote the top-N
token scores selected using the Expert Choice ap-
proach, where ST < 55 < --- < S%;. Finally, let
(SY,S%,...,S%) represent the top-N token scores
selected using the Unified Competitive Score ap-
proach, where S}" < §§ < -.. < S!'. We derive
the following inequalities, with a detailed proof
provided in the Appendix A.1:

Si <S¢,
S8 < SY

Vi € [1,N]

Vi e [1,N] ©

Based on Inequality 6, the Unified Competitive
Mechanism ensures that the selected expert-token
pairs are at least as optimal as those chosen by the
Token Choice approach. Moreover, this mechanism
addresses the limitations of Expert Choice, which
may drop important tokens, and Token Choice,
which may select irrelevant tokens.

3.3 Theoretical Analysis for Representation
Collapse of Sparse Mixture of Experts

Following (Chi et al., 2022a) and (Do et al.,
2023b), we illustrate the representation collapse
issue using the Jacobian matrix approach. Specifi-
cally, the Jacobian matrix of the SMoE with respect
to z € R?*9 s given as:

JsnmoE = S(w)kJFFN + Z;'L:1 S(I)k ((Skj — Sj) .E(QZ)Z(B;r
n

= JsmMoE = S(x)kJFFN + che;r, @)
j=1

where ¢; = S(x) (0k; — SPL) E(z);. The first
part of Equation 7, S(x)xJ FNrepresents the
contribution from the input token and experts to
the final output. The second part, (2) 2?21 C; ejT
relates to learning an improved gating function
to minimize task loss. Furthermore, Equation 7

Algorithm 1 USMoE Layer

Require: X € RBXL*D router weights R €
RP*N experts, controlling factor o
Ensure: Output Y
1: Compute logits:
logits < X - R © Dot product Similarity
2: Compute token choice score:
tc_score < softmax(logits, axis = —1)
3: Compute expert choice score:
ex_score <— softmax(logits, axis = 1)
4: Compute unified score:
U < a-ex_score + (1 — ) - tc_score
5: Reshape score:
U <« reshape(U, B, —1)
6: Compute top-N indices and values:
topn_val, topn_idx <
TopK (U, topn, dim = 1)
7. Compute output using SMoE:
Y
SMoE( X, experts, topn_val, topn_idx)
8: return Y

should be updated as a linear combination of expert
embeddings. Due to n << d in practice, the above
equation illustrates the representation.

Given S(z) = ax Se(z)+ (1 —a) x S¢(x), where
Se(x) and S; () represent the similarity score func-
tions for expert choice and token choice, respec-
tively, the Jacobian matrix of USMoE with respect
to z € RP*9 is expressed as:

Ju = S@)d ™™+ Se(@)k (615 — Se(w);) E(x)re]
j=1

+ > Su@)k (O — Su(w);) E(x)re; -
j=1

= Ju=JA+) cje] +Y die] (8

j=1 j=1
where
Ji = S(x)p JN, )
Cj = Se(x)k ((Skj — Se(a;)j) E(x)kejT, (10)
dj = S¢(2)i (0 — Se(x);) E(x). (11)

Similar to the Jacobian matrix of SMoE as Equa-
tion 7, the Jacobian matrix of USMOoE also con-
sists of two terms: (1) J1, which depends on the
input token and experts for the final output; and (2)
Z?il oje;r indicates to learn better gating func-
tion to minimize the task loss. Since 2n >> n,
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Figure 2: An illustration of our USMoE framework, which enhances existing SMoE models through a Unified
Competitive Learning approach. The method first flattens the score matching between tokens and experts into a 1D
representation, then selects the Top-N best pairs, and finally maps the results back to the original 2D matching

scores. Best viewed in color.

USMOoE is more effective than SMoE in addressing
the representation collapse issue.

4 Experiments

We evaluate our method in two scenarios: (1)
without additional training and (2) with train-
ing. For the first scenario, inspired by (Li and
Zhou, 2024), we test our method as a plug-in
framework on well-trained SMoE models, includ-
ing OLMoE-1B-7B (Muennighoff et al., 2024):,
DeepSeekMoE-16B (Dai et al., 2024), Qwen1.5-
MoE-A2.7B (Team, 2024). We evaluate perfor-
mance on a subset of tasks from the Massive Text
Embedding Benchmark (MTEB) (Muennighoff
et al., 2023), which covers key downstream appli-
cations for sentence embeddings, including Classi-
fication, Clustering, Pair Classification, Re-ranking,
Retrieval, Semantic Textual Similarity (STS), and
Summarization. Following the MTEB evaluation
framework, we use Accuracy for Classification,
V-Measure for Clustering, Average Precision for
Pair Classification, Mean Average Precision for
Re-ranking, nDCG for Retrieval, and Spearman’s
correlation for STS and Summarization.

For the second scenario, we perform language
model pre-training on diverse datasets, includ-
ing Enwik8, Text8 (Mahoney, 2011), Wikitext-
103 (Merity et al.,, 2017), and One Billion
Words (Chelba et al., 2014). To assess perfor-
mance, we fine-tune the pre-trained models on var-
ious downstream benchmarks.

4.1 Experiment Setting

We evaluate our method against two conventional
SMOoE approaches: (1) the Token Choice approach
and (2) the Expert Choice approach, under three
different settings: (1) without additional training,
(2) pre-training, and (3) fine-tuning.

Without Training. We evaluate our approach
on three state-of-the-art Sparse Mixture of Ex-
perts (MoE) models: (1) OLMoE-1B-7B (Muen-
nighoff et al., 2024), which has 7B parameters,
16 layers, and 64 experts per layer; (2) Qwenl.5-
MOoE-A2.7B (Team, 2024), comprising 7B param-
eters, 24 layers, and 60 experts per layer; and
DeepSeekMoE-16B which consists of 16B parame-
ters, 28 layers, and 64 experts per layer. We evalu-
ate these models on the Massive Text Embedding
Benchmark (MTEB) without additional fine-tuning.
Additionally, we compare methods both with and
without prompts, including PromptEOL (Jiang
et al., 2024c). Inspired by (Li and Zhou, 2024),
we also compare our method with an approach that
uses the similarity score between router and expert
embeddings as the hidden representation, which we
refer to as "Router Embedding" or simply "Router"
Additionally, we evaluate against MoEE (Li and
Zhou, 2024), which leverages both Router Embed-
ding and the hidden representation of the SMoE
model as embeddings.

Pre-training. To assess the effectiveness of our
method, we compare USMoE with the Token
Choice approaches, including SMoE (Jiang et al.,
2024b), SMoE-Dropout (abbreviated as "SMoE-
DR"), XMoE (Chi et al., 2022b), and Stable-
MoE (Dai et al., 2022a), as well as the Expert



Choice approach (Zhou et al., 2022a) for pre-
training and fine-tuning tasks. We follow the
approach of Chen et al. (2023b) and use a base
Transformer-XL (Dai et al., 2019a) with four de-
coder layers. We train both base and large-scale
versions of Transformer-XL on four datasets (En-
wik8, Text8, Wikitext-103, and One Billion Words)
for 100k iterations, following the implementation
in (Chen et al., 2023b).

Fine-tuning. We fine-tune the pre-trained
weights for text classification tasks, including
SST-2 (Socher et al., 2013), SST-5 (Socher et al.,
2013), IMDB (Maas et al., 2011), and BANKING77
(Casanueva et al., 2020). More implementation
details and additional results are provided in the
Appendix A.

4.2 Without Training

Our method consistently demonstrates perfor-
mance improvements across a range of MTEB
tasks in two scenarios: (1) with PromptEOL (Jiang
et al.,, 2023) (denoted as "with prompts" for
brevity), as shown in Table 1, and (2) without
prompts, as shown in Table 2. Detailed results
for datasets under each task type are provided in
Appendix A. USMoE outperforms both the Expert
Choice and Token Choice approaches in most cases,
underscoring the complementary nature of these
two methods.

Figure 1 illustrates the effectiveness of our method
across various MTEB tasks using the OLMoE-1B-
7B model, in comparison to both the Expert Choice
and Token Choice approaches. For tasks eval-
uated with prompts, USMOoE achieves the high-
est average performance across models, show-
ing notable improvements of 4.2%, 9.1%, and
6.6% for OLMoE-1B-7B, Qwenl.5-MoE-A2.7B,
and DeepSeekMoE-16B, respectively, without re-
quiring any additional training, as detailed in Ta-
ble 1. Notably, DeepSeekMoE-16B demonstrates
a significant improvement from 50.1% (Token
Choice) to 64.3% (USMoE), reflecting a 14.2%
gain in the STS task.

For tasks evaluated without prompts, USMoE
proves even more effective at enhancing the Token
Choice approach, delivering notable gains of 9.3%,
7.0%, and 8.0% for OLMoE-1B-7B, Qwenl.5-
MoE-A2.7B, and DeepSeekMoE-16B, respectively,
across MTEB tasks without additional training.
Specifically, OLMoE-1B-7B achieves a remarkable
improvement from 24.1% (Token Choice) to 47.5%
(USMOoE), representing a 23.4% gain. This trend

Model Task Router TC EC MoEE USMoE
Classification 43.1 577 562 517 59.2
Clustering 162 248 269 232 30.5
PairClassification ~ 53.5 62.0 589 66.0 66.8
OLMOoE-1B-7B Reranking 417 513 51.0 532 54.7
STS 494 635 442 678 71.1
Summarization 256 289 297 304 30.9
Average 383 480 445 487 522
Classification 488 58.0 352 540 59.2
Clustering 143 342 292 30.1 35.8
PairClassification ~ 51.9  60.5 56.0 60.3 63.4
Qwenl.5-MoE-A2.7B Reranking 41.0 46.6 450 51.1 53.7
STS 483  50.1 500 643 66.3
Summarization 27.0 230 219 273 48.4
Average 38.6 454 396 479 54.5
Classification 48.6 564 554 530 57.3
Clustering 178 290 203 285 31.9
PairClassification ~ 57.4  59.8 53.8 63.3 65.3
DeepSeekMoE-16B Reranking 438 457 409 506 52.1
STS 528  49.0 37.1 634 66.0
Summarization 29.1 244 257 292 30.9
Average 416 440 389 480 50.6

Table 1: Performance comparison of USMoE, Token
Choice (TC), Expert Choice (EC), and MoEE across
across MTEB Tasks with PromptEOL (Jiang et al.,
2023). The best result for each row is highlighted in
bold.

persists across Qwenl.5-MoE and OLMoE, where
USMOE consistently outperforms both the Token
Choice and Expert Choice approaches.
Interestingly, Router Embedding is less affected by
prompting on the Classification dataset, as shown
in Figure 3a, while Token Choice, Expert Choice,
and USMOoE (ours) achieve significant performance
improvements in the prompting setting. Figure 3a
also demonstrates that our method is not only more
effective but also more stable than the baselines,
as indicated by a lower standard deviation. Addi-
tionally, Figure 3b illustrates the distribution of our
method across MTEB tasks in both prompted and
non-prompted scenarios. Overall, our approach
outperforms the baselines in terms of performance
while exhibiting lower variance across multiple
tasks and different runs.

4.3 Pre-training Result

Base models training. Table 3 summarizes the
pre-training results across four datasets (enwiks,
text8, WikiText-103, and One Billion Words).
USMOoE consistently outperforms the expert choice
baseline and token choice routing methods such
as XMoE (Chi et al., 2022a) and StableMoE (Dai
et al., 2022b) on all four datasets. The strength of
USMBGE lies in its inference efficiency, achieved
by leveraging fewer experts. Notably, on texts,
USMOE surpasses SMoE while utilizing only one
and a half experts. Additionally, it outperforms
SMoE-Dropout (which employs two experts) on
One Billion Words, lowering perplexity from
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Figure 3: Illustration of comparing the performance of USMoE, Token Choice (TC), Expert Choice (EC), and
MOoEE across MTEB tasks and three SMoE models. Each benchmark is run 10 times, reporting both the mean and
standard deviation to highlight the performance and stability of our method compared to the baselines.

Model Task Router TC EC MoEE USMoE
Classification 412 434 449 418 47.0
Clustering 137 147 120 145 16.9
PairClassification 453  39.1 355 457 50.1
OLMOoE-1B-7B Reranking 375 374 353 395 43.1
STS 399 241 182 399 47.5
Summarization 284 209 21.1 298 30.8
Average 343 299 278 352 39.2
Classification 438 503 255 477 51.2
Clustering 13.6 274 232 252 26.7
PairClassification 459 469 434 515 53.1
Qwenl.5-MoE-A2.7B Reranking 39.6 453 41.6 485 48.2
STS 388 380 356 518 54.8
Summarization 28.3 134 151 312 29.7
Average 350 369 307 426 43.9
Classification 434 46.6 447 444 46.8
Clustering 134 181 135 1738 219
PairClassification 455 409 37.1 46.1 519
DeepSeekMoE-16B Reranking 385 389 351 422 45.7
STS 377 263 233 402 459
Summarization 249 220 185 244 28.4
Average 339 321 287 359 40.1

Table 2: Performance comparison of USMoE, Token
Choice (TC), Expert Choice (EC), and MoEE across
MTEB Tasks without prompts and models. The best
result for each row is highlighted in bold.

Transformer-XL(20M) Enwik8 Text8 WikiText-103 Imlb
USMOoE (Topk=2) 1.18  1.20 29.20 56.90
(Topk=1.5) 1.19 128 30.67 57.55
SMoE 120  1.29 30.16 58.00

TC (Toph=2) SMoE-DR  1.56 1.56 58.37 93.17
XMoE 121 1.28 30.34 58.33

StableMoE  1.20  1.28 29.97 58.25

EC (Topk=2) 1.18  1.24 29.83 58.60

Table 3: Performance comparison of USMoE, Token
Choice (TC), and Expert Choice (EC) across multiple
datasets, with BPC on the Enwik® and Text8 test sets,
and perplexity on the WikiText-103 and One Billion
Word test sets. Lower values are better, with the best
results highlighted in bold.

93.17 to 57.55 with the same reduced expert count.
Furthermore, with only one and a half experts, US-
MoE reduces FLOPs by 14% compared to SMoE
and SMoE-Dropout, which rely on two experts, all

while maintaining strong performance.

Large models training. USMOoE not only deliv-
ers strong performance in base model training but
also remains highly competitive at a large scale.
Table 4 presents perplexity (PPL) results on the
WikiText-103 and One Billion Words datasets
using a large Transformer-XL model with /5 SMoE
layers, 16 experts, and 420M parameters. The per-
formance gap between USMOE and the baselines
becomes even more pronounced at this scale, high-
lighting its strong scalability with increasing model
complexity. Regardless of backbone size or the
number of activated experts, USMOoE consistently
outperforms all baselines, demonstrating its effec-
tiveness in scaling up large language models.

Transformer-XL(420M) WikiText-103 Im1b
Topk TC EC USMoE TC EC USMoE

1 31.70 3552 2548 58.65 6543 56.90
2 2242 2330 22.06 4456 4339 4053
4 23.57 23.60 22.65 4552 4370  40.90
8 2420 2437 22.88 4636 4422 4324

Table 4: Large Scale performance comparison of
USMOoE, Token Choice (TC), and Expert Choice
(EC) across multiple datasets, with perplexity on the
WikiText-103 and One Billion Word test sets. Lower
values are better, with the best results highlighted in
bold.

4.4 Fine-tuning Result

Fine-tuning. We report the results of the fine-
tuning experiment on the SST-2, SST-5, IMDB, and
BANKING77 datasets in Table 35, using Transformer-
XL pre-trained on enwik8. Overall, USMoE con-
sistently achieves higher accuracy compared to
other baselines across all datasets. The results
demonstrate that our method is not only effective
for pre-training tasks but also performs effectively
on existing pre-trained models.



Transformer-XL(20M) FLOPs(x10') SST-2 SST-5 IMDB BANKING77

USMOoE (Topk=2) 7.7620 815 40.1 88.5 87.8
(Topk=1.5) 6.6753 838 396 883 83.0
SMoE 77.1 351 844 69.2

TC (Toph=2) SMoE-DR 77620 78.6 344 835 66.7
XMoE 76.7 353 833 67.4

StableMoE 777 343 839 60.8

EC (Topk=2) 7.7620 815 393 88.0 75.6

Table 5: Accuracy performance comparison of USMoE,
Token Choice (TC), and Expert Choice (EC) after fine-
tuned on various datasets. Higher is better, best results
are in bold.

4.5 Ablation Studies

We investigate the effectiveness and robustness of
USMOE to the different hyper-parameter settings.

4.5.1 Competitive Learning Strategy

Comparison
Model Dataset TC EC USMOoE-Sequence USMoE-Batch
Emotion 27.4 26.5 27.8 274
DeepSeekMoE-16B  Toxic  60.4 58.1 60.1 59.2
Tweet 51.9 49.5 52.5 51.7

Table 6: Competitive Learning Strategy comparison of
USMOoE, Token Choice (TC), and Expert Choice (EC)
on the classification task. Higher values are better, with
the best results highlighted in bold.

The Unified Competitive Mechanism is imple-
mented using two approaches: (1) a sequence-
based method that compares all tokens within a
sequence (referred to as "USMoE-Sequence") and
(2) a batch-based method that compares all to-
kens within a batch or mini-batch (referred to as
"USMOoE-Batch"). We evaluate both approaches
on the Classification task, with results presented in
Table 6. The findings indicate that both methods
outperform the Expert Choice and Token Choice
approaches, demonstrating the effectiveness of our
method. Notably, the sequence-based approach
achieves superior performance in the Classifica-
tion task, as it ensures that no important tokens are
missed within a sequence - an assurance that the
batch/mini-batch implementation may not always
provide.

4.5.2 Robustness to the controlling factor «

The Unified Competitive Score (o) enables the
model to adjust its scoring mechanism, either fa-
voring a diverse set of experts per sequence or dis-
tributing experts more evenly across tokens. We
evaluate the robustness of the controlling factor «

Model Dataset «

00 03 05 07 09 10
Emotion 27.4 27.1 27.8 27.6 27.7 26.5

DeepSeekMoE-16B  Toxic 60.4 60.0 60.1 56.8 57.3 58.1
Tweet 519 53.2 52.5 53.3 52.9 495

Table 7: Performance comparison of DeepSeekMoE-
16B across different classification datasets with varying
« values. Higher is better; best results are in bold.

on the classification task using the DeepSeekMoE-
16B model, with results presented in Table 7. When
a = 0.0, the scoring mechanism aligns with Token
Choice, while at o = 1.0, it follows Expert Choice.
Overall, USMoE demonstrates strong effective-
ness within the range of a € (0.3,0.7), striking
a balance between expert diversity and token im-
portance. This range provides an optimal trade-
off between enforcing SMoE’s competition policy
and enhancing traditional approaches for the task,
leading to superior overall performance. Notably,
all tested « configurations outperform the Expert
Choice approach (o = 1.0).

Summary and hyper-parameter configuration
guidelines. Our experiments demonstrate that US-
MOoE not only excels in pre-training and transfer
learning but also achieves superior generalization
compared to traditional approaches, all without re-
quiring additional training. Ablation studies in Sec-
tion 4.5 indicate that USMOoE is highly effective
within the range of o € (0.3,0.7). This finding
provides a practical guideline for efficiently tuning
USMOE through cross-validation.

5 Conclusion

In this research, we reformulate Token Choice and
Expert Choice Sparse Mixture of Experts from a
competitive learning perspective, highlighting their
limitations. Building on this analysis, we introduce
Unified Competitive Learning SMoE (USMOoE) - a
novel and efficient framework that enhances SMoE
through a unified competitive learning approach.
We theoretically prove that USMoE achieves supe-
rior expert selection compared to traditional meth-
ods, effectively improving expert learning capacity
while mitigating expert collapse. As a result, US-
MOoE learns more robust expert representations and
overcomes the representation collapse issues com-
monly observed in conventional SMoE training.
Experiments across both training-free and training-
based settings (including pre-training and fine-
tuning) demonstrate that USMoE enables more effi-
cient and effective training and inference compared
to state-of-the-art routing strategies.



Limitations

Our study focuses on enhancing the efficiency and
effectiveness of Large Language Models (LLMs)
through SMoE. Our approach proves effective in
both training and non-training settings. While
the results are promising, our pre-training ex-
periments were constrained by computational re-
sources, limiting us to medium-scale datasets and
a base Transformer-XL model. Consequently, fur-
ther empirical evaluation is required to assess the
scalability of USMoE beyond 100B parameters and
compare it with other SMoE strategies in modern
LLM:s.

Ethics Statement

Despite encouraging results, training large-scale
LLMs remains highly resource-intensive, requiring
careful management of computational costs. Ad-
ditionally, our study relies on web-sourced data,
which is known to contain gender and racial bi-
ases, highlighting the need for further efforts to
mitigate these issues. Lastly, while our work rep-
resents a significant step toward advancing LLMs
development, it also emphasizes the importance of
robust regularization to prevent potential misuse in
harmful applications.
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A Appendix

Supplementary Material for
“Sparse Mixture of Experts as
Unified Competitive Learning”

This document is organized as follows: Ap-
pendix A.1 provides the theoretical proof support-
ing the discussion in Section 3.2. Following this,
Appendix A.3 offers a detailed analysis of the
SMOoE router and explains why our method out-
performs the baseline approaches. Appendix A.2
presents supplementary experimental results, and
Appendix A.4 describes the implementation details
in full.

A.1 Theoretical Proof for Section 3.2

Let 2 € RV*4 represent an input token embedding
and £ € R represent the expert embeddings,
where d is the dimension of the SMoE model and
n is the number of experts. The similarity score S
between the input token and the expert embeddings
is computed using a dot product:

S=z-€£. 12)

Since the softmax function is monotonic, the se-
lection of top-k values remains unchanged under
softmax transformation. Formally, we have:

TopK (softmax(S), k) = TopK(S, k). (13)
By setting k = 1, the top similarity score for a
given token using the Token Choice approach is:

S% = max(S),

Vke[l,n]. (14

Since this operation is performed independently for
each input token 7, we extend this to all tokens ¢ in
the batch:

12

Sjt» < max(Sq), Vke€[l,n], Vqel[l,N].
(15)
By definition, the Unified Competitive Mecha-
nism approach selects the highest similarity score
across all tokens and experts:

S¥ =max(Sy), Vke([l,n], Vqell,N]
(16)
Thus, we establish the first inequality:
Si <S¢,

Vi € [1, N]. (17)

Similarly, in the Expert Choice approach, each
expert selects the best matching token, leading to:

Sy <S¢, Viel[l,N]. (18)
Therefore, we conclude:
St<8¥, Se<S' Viell,N]l. (19

This completes the proof. [J

A.2 Additional Results

We provide a detailed evaluation of three state-
of-the-art SMoE models: OLMOoE-1B-7B (Ta-
ble 8), Qwenl.5-MoE-A2.7B (Table 9), and
DeepSeekMoE-16B (Table 10). Our results
demonstrate the effectiveness of our method across
various models and prompts, comparing its perfor-
mance against baseline approaches such as Token
Choice (TC) and Expert Choice (EC).

A.3 In-depth Analysis

We visualize the router behavior of USMoE in Fig-
ure 6 and contrast it with the router behaviors of the
Token Choice approach (Figure 4) and the Expert
Choice approach (Figure 5). Notably, the router in
the OLMoE-1B-7B model exhibits a strong pref-
erence for specific experts. For instance, in the
Emotion Classification task, Experts 8, 30, and
58 are consistently prioritized in both the Token
Choice and Expert Choice approaches. This bias
limits the model’s adaptability and effectiveness for
downstream tasks. USMOE tackles this challenge
by introducing the Unified Competitive Mecha-
nism, which promotes more balanced and diverse
expert selections, as illustrated in Figure 6. This
enhancement enables USMOoE to outperform the
baselines on the Emotion Classification task.
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Figure 4: Token Choice Router visualization for the OLMoE-1B-7B model on the Emotion Classification task.
The scores of selected experts are replaced with -70.0 (lower than the minimum score) to enhance visualization.
Best viewed in color.
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Figure 5: Expert Choice Router visualization for the OLMoE-1B-7B model on the Emotion Classification task.
The scores of selected experts are replaced with -70.0 (lower than the minimum score) to enhance visualization.
Best viewed in color.

We track the number of unique experts utilized  more robust than the Token Choice approach, as it
by the OLMOoE-1B-7B model for each sequence  effectively drops irrelevant tokens without compro-
in the Emotion Classification task as Figure 7a.  mising performance.

Our analysis reveals that the Expert Choice ap-

proach employs 11 out of 16 experts, indicatinga  A-4 Implementation Details

lower level of specialization among experts. In con-  For the Without Training experiments, we imple-
trast, both USMoE and the Token Choice approach  ment our method based on the publicly available
use an average of 0.9 to 1 expert per sequence,  MoEE implementation (Li and Zhou, 2024)". Due
demonstrating superior expert specialization. Fur- g resource constraints, we validate our method and
thermore, we analyze the token dropping behavior  the baselines using 4-bit quantization with a batch
of the Expert Choice approach and observe a sig-  sjze of 128. For the OLMoE-1B-7B model, we con-
nificant increase in dropping rates when scaling to duct experiments on a single H100 GPU, while for
larger datasets or models, such as pre-training the  the Qwenl.5-MoE-A2.7B and DeepSeekMoE-16B
Transformer-XL Large model on the One Billion models, we utilize two H100 GPUs.

Word dataset, as shown in Figure 7b. This increase  The base Transformer-XL. variant (Chen et al.,
in dropping rates may negatively impact model  2023b) comprises four Transformer decoder layers,
performance. In contrast, our method maintains a  each with an input dimension of 256. Each layer
consistently low dropping rate (<0.1), demonstrat-  jncludes a self-attention mechanism with eight at-

ing its superiority over the Expert Choice approach  tention heads, followed by a Feed-forward Neural
for scalability. Additionally, our method proves __
'https://github.com/tianyi-1lab/MoE-Embedding
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Figure 6: USMOoE Router visualization for the OLMoE-1B-7B model on the Emotion Classification task. The
scores of selected experts are replaced with -7/0.0 (lower than the minimum score) to enhance visualization. Best
viewed in color.
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(a) Number Experts per Sequence of USMoE, TC, (b) Token Dropping of USMoE, Token Choice (TC), Expert Choice
and EC on Emotion dataset. (EC) for Pre-training on One Billion Word dataset.

Figure 7: Comparison of the number of experts per sequence for USMoE, Token Choice (TC), and Expert Choice
(EC) on the Emotion dataset using the OLMoE-1B-7B model, along with a comparison of token dropping rates for
USMOoE, TC, and EC during pre-training on the One Billion Word dataset.

Network (FFN) that has an inner dimension of 512.  A.4.2 Fine-tuning Experiments

The dropout ratio is set at 0.1. We divide the FEN  To perform the fine-tuning experiments, we utilize
into 16 experts, each with the same dimensions.  the same model architecture as in the pre-training
For the larger variants, we scale the model up to phase. Table 12 presents the implementation details
twelve layers. for the fine-tuning experiments conducted across
Our experiments are based on the publicly avail-  four different datasets.

able SMoE-Dropout implementation (Chen et al.,

2023b)?. The pre-training experiments were con-

ducted using a single H100 GPU, while the fine-

tuning experiments were performed on a single

A100 GPU. It is important to note that parallel

training on multiple GPUs may produce different

results.

A4.1 Pre-training Experiments

We provide the USMoE implementation details for
pre-training our Transformer-XL base and large on
enwik8, text8, WikiText-103, and One Billion
Word in Table 11.

thtps://github.com/VITA—Group/
Random-MoE-as-Dropout
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Category Model Dataset Setting Router TC EC MoEE USMoE

Classification OLMOoE-1B-7B  Emotion None 24.1 245 263 25.1 28.2
Prompt 27.6 499 49.0 445 51.7

Toxic None 51.9 589 599 519 60.6

Prompt 523 652 613 534 66.6

Tweet None 47.7 46.8 483 484 52.1

Prompt 49.5 580 584 572 59.2

Clustering OLMOoE-1B-7B  Medrxiv None 15.0 176 148 174 21.2

Prompt 158 239 27.7 220 26.3
20Groups None 12.4 11.8 9.2 11.5 12.6
Prompt 167 257 262 244 34.6

Pair Classification OLMOoE-1B-7B  SemEval None 43.6 358 313 43.6 45.7
Prompt 45.7 46.7 409 538 54.2

URLCorpus  None 470 424 39.7 478 54.5

Prompt 61.4 774 769  78.2 79.5

Reranking OLMOoE-1B-7B  Ask None 413 410 39.0 414 424
Prompt 434 519 499 50.2 51.8
SciDocs None 455 463 469 50.8 59.9

Prompt 53.6 69.6 73.1 75.1 76.6
StackOver None 25.8 24.8 20.1 26.4 27.0
Prompt 28.1 32.5 300 343 35.6

STS OLMOoE-1B-7B Biosses None 39.3 13.6 7.7 29.7 45.4
Prompt 51.2 61.8 676 70.2 74.3

SickR None 50.3 46.3 264 53.0 55.1

Prompt 519 657 376 66.1 67.9

STS12 None 40.1 86 11.1 37.8 44.6

Prompt 51.3 538 375 63.6 67.1

STS13 None 40.5 21.1 182 434 49.8

Prompt 525 665 404 727 76.2

STS14 None 29.5 134 133 31.7 38.7

Prompt  41.1 56.8 339 0642 67.3

STS15 None 30.8 27.8 225 333 43.3

Prompt 46.4 69.3 384 664 71.7

STS16 None 46.5 389 289 458 51.7

Prompt 52.4 70.1 494  68.3 72.7

STSBen None 42.2 234 175 445 51.1

Prompt  48.6 63.6 489 70.7 71.4

Summarization OLMOoE-1B-7B  Medrxiv None 28.4 209 21.1 29.8 30.8

Prompt 256 289 29.7 304 30.9

Table 8: Performance comparison of USMoE, Token Choice (TC), Expert Choice (EC), and MoEE across MTEB
Tasks with OLMoE-1B-7B models. The best result for each row is highlighted in bold.
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Category Model Dataset Setting Router TC EC MoEE USMoE

Classification Qwenl.5-MoE-A2.7B  Emotion None 27.2 339 30.1 34.3 35.7
Prompt  37.0 485 474 472 49.9

Toxic None 53.0 61.1 213 529 61.4

Prompt 534 645 198 54.1 66.2

Tweet None 51.1 559 251 559 56.5

Prompt  56.1 61.1 38.6 60.7 61.5

Clustering Qwenl.5-MoE-A2.7B  Medrxiv None 15.3 233 21.3  23.0 234

Prompt 142 246 19.8 21.8 25.1
20Groups None 120 315 251 274 30.0
Prompt 144 438 38.6 384 46.4

Pair Classification Qwenl.5-MoE-A2.7B SemEval None 42.0 38.8 347 425 44.2
Prompt 47.0 524 463 524 54.1

URLCorpus  None 49.8 549 52.1 60.6 62.1

Prompt  56.7 687 658 68.2 72.7

Reranking Qwenl.5-MoE-A2.7B  Ask None 43.1 458 434 473 47.5
Prompt 433 483 49.1 495 514
SciDocs None 49.6 60.6 553 67.0 65.6

Prompt 50.9 60.1 558 68.7 73.0
StackOver None 26.2 29.5 26.2 31.1 314
Prompt  28.8 313 302 352 36.6

STS Qwenl.5-MoE-A2.7B Biosses None 33.8 325 347 49.6 52.6
Prompt  55.1 55.8 48.5 68.4 66.2

SickR None 51.0 555 404 610 63.6

Prompt  50.2 59.7 51.1 643 66.3

STS12 None 40.2 169 18.6 46.3 48.3

Prompt 493 250 318 59.2 61.4

STS13 None 38.1 429 442 56.7 61.8

Prompt 533 575 546 734 75.7

STS14 None 28.1 26.5 256 454 48.9

Prompt 404 388 40.7 60.0 62.7

STS15 None 348 405 384 46.1 48.0

Prompt  40.7 523 542 5838 62.5

STS16 None 476  51.0 48.1 58.1 59.6

Prompt 51.6 642 651 657 68.2

STSBen None 37.0 377 347 509 55.5

Prompt 45.6 478 545 645 67.3

Summarization Qwenl.5-MoE-A2.7B  Medrxiv None 28.3 134 151 312 29.7

Prompt 270 230 219 273 48.4

Table 9: Performance comparison of USMoE, Token Choice (TC), Expert Choice (EC), and MoEE across MTEB
Tasks with Qwenl.5-MoE-A2.7B models. The best result for each row is highlighted in bold.
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Category Model Dataset Setting Router TC EC MoEE USMoE

Classification DeepSeekMoE-16B  Emotion None 26.1 274 265 276 27.8
Prompt 379 483 46.1 464 48.8

Toxic None 533 604 581 531 60.1

Prompt 53.1 624 625 53.6 64.2

Tweet None 51.0 519 495 526 52.5

Prompt 549 584 575 58.9 58.9

Clustering DeepSeekMoE-16B  Medrxiv None 15.1 23.0 17.3 220 25.0

Prompt 170 257 209 240 25.8
20Groups None 11.7 132 9.7 13.7 18.7
Prompt 186 323 198 330 379

Pair Classification DeepSeekMoE-16B  SemEval None 446 402 326 435 46.0
Prompt 484 472 46.6 513 54.6

URLCorpus  None 46.4 4177 41.6 48.6 57.9

Prompt 665 724 61.1 754 75.9

Reranking DeepSeekMoE-16B  Ask None 417  41.1 40.1 423 45.0
Prompt 435 438 447 469 49.9
SciDocs None 482 506 447 57.1 61.9

Prompt 58.3 65.6 553 726 72.9
StackOver None 25.7 249 204 27.3 30.2
Prompt 29.7 276 226 323 33.6

STS DeepSeekMoE-16B  Biosses None 29.5 31.7 277 268 354
Prompt 47.0 40.1 415 57.6 55.3

SickR None 504 474 294 531 56.7

Prompt 560 619 387 658 67.7

STS12 None 44.0 43 139 450 46.9

Prompt 57.8 31.0 284 640 64.2

STS13 None 36.0 284 275 41.1 49.1

Prompt 553 56.0 412 709 75.2

STS14 None 254 120 13.0 282 37.3

Prompt 449 41.0 31.1 586 63.8

STSI15 None 348 339 256 387 40.7

Prompt 49.7 465 330 585 63.0

STS16 None 449 344 331 469 55.7

Prompt 567 58.0 442 645 69.7

STSBen None 36.6 183 158 421 45.6

Prompt 549 577 39.0 678 69.2

Summarization DeepSeekMoE-16B  Medrxiv None 249 220 185 244 28.4

Prompt  29.1 244 257 292 30.9

Table 10: Performance comparison of USMoE, Token Choice (TC), Expert Choice (EC), and MoEE across MTEB
Tasks with DeepSeekMoE-16B models. The best result for each row is highlighted in bold.
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Table 11: Implementation details for pre-training ex-
periments on enwik8, text8, WikiText-103, and One
Billion Word datasets.

Dataset Input length Batchsize Optimizer ~ Lr  # Iterations
enwik8 512 48 Adam  2.5e-4 100k
text8 512 48 Adam  2.5e-4 100k
WikiText-103 512 22 Adam  2.5e-4 100k
One Billion Word 512 11 Adam  2.5e-4 100k

Table 12: Implementation for fine-tuning experiments
on downstream tasks.

Dataset Input length  Batch size  Optimizer Lr  #Epochs
SST-2 512 16 Adam le-4 15
SST-5 512 16 Adam le-4 15
IMDB 512 4 Adam le-4 15

BANKING77 512 16 Adam le-4 15
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