Union-of-Experts: Neurons in Mixture-of-Experts are Secretly Routers
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Abstract

Mixture-of-Experts (MoE) models rely on an
external router to assign tokens to experts. This
design inherently separates the routing decision
from each expert’s internal capabilities, leading
to suboptimal performance. In this work, we
address this limitation with Union-of-Experts
(UoE), an MoE variant that performs “expert-
autonomous routing”. The core mechanism
of UoE is to pre-designate a minute fraction
of neurons within each expert as routing neu-
rons. Experts autonomously select relevant to-
kens by comparing the activation intensity of
these neurons, aligning routing decisions with
each expert’s functional profile. To prevent
the waste of activations from unselected ex-
perts, we aggregate all routing neuron outputs
and sum them into the final layer output. This
aggregation acts as a novel virtual shared ex-
pert whose parameters are distributed across
the individual experts, and improves overall pa-
rameter efficiency. We pre-train UoE models
with up to 3B parameters, demonstrating that
they outperform traditional MoEs with matched
efficiency. Furthermore, our analysis of the
routing neurons provides valuable insights into
expert-autonomous selection and advances the
understanding of MoE routing.

1 Introduction

Mixture-of-Experts (MoE) has emerged as a cen-
terpiece of language model research. A series of
LLMs built on the MoE architecture have been
proposed (DeepSeek-Al et al., 2025; OpenAl,
2025; Jiang et al., 2024; Muennighoff et al., 2025),
demonstrating competitive performance across a
wide range of downstream tasks. MoE-based Trans-
formers replace the traditional feed-forward net-
work (FFN) with an ensemble of expert modules,
utilizing a router to dispatch the input tokens to
a select subset of experts. Such sparse activation
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mechanism enables the scaling of models to tril-
lions of parameters while maintaining manageable
overhead (Team et al., 2025), establishing MoE as
a cornerstone of modern LLM landscape.

However, a limitation persists in MoE router
design: routing decisions are decoupled from ex-
pert execution. As router operates in isolation, it
lacks direct access to the experts’ weights and re-
mains unaware of their capabilities. When tokens
are inappropriately routed, experts are forced to
accommodate mismatched inputs, leading to ineffi-
cient trial-and-error learning. To address this, the
concept of “expert autonomy” was proposed (Lv
et al., 2025), wherein all experts process each to-
ken and those with the largest activation norm are
selected. While this is conceptually sound, it incurs
a prohibitive computational overhead, particularly
as the number of experts continues to scale.

In this paper, we introduce Union-of-Experts
(UoE), an MoE framework designed to reconcile
the benefits of expert autonomy with affordable
computational overhead. Figure 1 provides a com-
parative overview of our UoE against the tradi-
tional MoE architecture. Specifically, we designate
a select subset of Vs neurons within each expert
to serve as a proxy for its global activation level.
Routing weights are then allocated given the acti-
vation intensity of each token across these “routing
neurons", thereby enabling expert autonomy with-
out the high cost of full-expert execution across the
entire hidden dimension D. The learned routing
strategy uncover a surprising finding: only a minute
fraction of neurons is required to parameterize the
routing function. This scales down the computa-
tional cost of expert autonomy to Ng/D, where
N is much smaller than the hidden dimension D,
achieving a significant reduction in overhead. By
simply pre-designating the first N neurons in ex-
pert’s weight matrix as routing neurons, their acti-
vations spontaneously exhibit high correlation with
those of the entire weight matrix. Through an anal-
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Figure 1: Schematic comparison of token routing between MoE and UoE, with inactive modules shaded in gray.
(a) Traditional MoE dispatches tokens to experts with the highest routing logits using an external router. (b) UoE
routes tokens to the experts whose routing neurons are top-activated. Hatching denotes the routing neurons in each

expert, which collectively form a virtual shared expert.

ysis of model weights, we further interpret how this
expert autonomy ability emerges and is encoded in
the routing neurons during pre-training.

Routing neurons endow UoE with expert auton-
omy and obviate the challenges of accurate acti-
vation intensity calculation. We provide both em-
pirical and theoretical evidence that UoE is more
efficient than AoE, the state-of-the-art expert au-
tonomy practice. However, pre-computing the
routing neurons for each expert still incurs over-
head. Since unselected routing neurons will ter-
minate early within the computation graph, their
pre-computation leads to redundant activations and
wasted FLOPs. To address this, we propose to
reuse these neurons and treat them as a conceptual
shared expert. Specifically, we perform a reduction
across all routing neuron outputs and integrate this
aggregate into the final weighted sum of experts.
This behaves equivalent to packing routing neurons
from all experts to recover a standard shared expert.
Figure 1 provides an illustration, and we refer to
this architecture a virtual shared expert. While this
design was intended to improve computational effi-
ciency, we find these units can function comparably
to a vanilla shared expert design. More empirical
evidence can be found in the subsequent sections.

We refer to our routing design the Union-of-
Experts (UoE). This nomenclature draws an anal-
ogy in which routing neurons serve as representa-
tives for experts, while the virtual shared expert
functions as a labor union to facilitate autonomous
selection and collective synergy.

We pre-train UoE with up to 3B parameters,
achieving superior performance over both MoE
and AoE, while keeping the inference cost on par

with vanilla MoE. We also investigate the behavior
of UoE with properties of general interest, such as
load balancing. Additionally, we provide a post-
hoc analysis into the routing neurons to provide
an explanation for how expert autonomy emerges
within UoE models. We hope this finding serves
as a catalyst for future research and can help in-
form the future design of MoE routing. Our code
is available at https://github.com/ericshwu/
Union-of-Experts.

2 Background and Notation
2.1 Mixture-of-Experts (MoE)

Following mainstream MoE designs (Dai et al.,
2024; Jiang et al., 2024), we adopt the Gated Linear
Unit (Shazeer, 2020) as the expert module. The
i-th expert is parameterized by three matrices:

W, e R W} € RP*,

R¥P and W' ¢
with its forward pass defined as:
Ei(z) = (SiLU(aW}) © (W) Wi (1)

The MoE FFN layer consists of [V experts, with K
experts activated per input token x. Following (Dai
et al., 2024), we incorporate a shared expert E; that
processes all tokens. The output of an MoE FFN
layer is the sum of two components: the output of
a shared expert and a weighted sum of the selected
expert outputs. The weights for the latter are given
by a router parameterized by matrix R € R¥>/V:

G(x) = softmax (:r;R)
)+ 6@ Eie). @

zGTopK(G( ))

FFN(x)
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Figure 2: An overview of the AoE model is presented on the left. We contend that AoE faces an efficiency bottleneck
inherent to its factorization scheme; specifically, for any rank r, the model is bounded by either computational or
memory overhead. The plot on the right characterizes these theoretical costs as a function of r.

2.2 Autonomy-of-Experts (AoE)

AoE (Lv et al., 2025) resolves the discrepancy be-
tween token routing and expert execution by en-
coding the routing logic into the expert parame-
ters. The grounded insight is that experts inherently
“know" their domain of expertise; specifically, an
expert’s intermediate activations signals its align-
ment with a given input token.

Few studies have investigated similar solutions
to this problem (Pham et al., 2024; Lv et al., 2026).
While Pham et al. (2024) propose using experts’
output activations as distillation labels for router
logits, this approach requires full expert computa-
tion, rendering it computationally prohibitive. AoE
factorizes ng into two low-rank matrices to miti-
gate the computational overhead:

Wipwn € R and Wi, € R™P,

To maintain a parameter budget consistent with the
baseline MoE, the dimension D’ is given as:

,  3Dd —dr
or+2d

Each token is multiplied by all Wéown matrices,
and the L?-norms of the resulting N activations
(each of dimension ) are used for expert selection.
Experts with the top-K activation norms continue
forward computation, while unselected experts ter-
minate early. The routing function G and the for-
ward pass for selected experts are defined as:

G(x) = softmax ([g1,92, - ,gn])

where g; = HaﬁWéownH’

Ei(z) = (SiLU(@W,,,, W) © (W) W

While AoE’s expert autonomy leads to better model
performance than MoE, it introduces computa-
tional and memory overhead. The inefficiency
arises because all experts compute activations, but
only a fraction are used in the output. Therefore,
this paper focuses on achieving autonomous selec-
tion with an efficiency comparable to MoE.

2.3 Efficiency Dilemma of AoE Factorization

AoE employs factorization of W, to improve effi-
ciency; however, this design traps into a dilemma:
it contends with either substantial computational
overhead or excessive memory access. Conse-
quently, the factorization itself becomes the bot-
tleneck to further efficiency-wise advancement.
We conduct a breakdown analysis to elucidate
this dilemma theoretically. Specifically, AoE re-
quires additional FLOPs per token that increase
linearly with the rank r. Relative to an MoE of the
same parameter size, this increase is defined as:

AFLOPs =2-d-r- (N — K).

In addition to the computational cost, the per-token
memory overhead is increased by:

AMem = max (Nr, 4K(D' — D)) .

Details of the numerical derivation are provided in
Appendix A. The right panel of Figure 2 character-
izes AoE’s computational and memory overhead as
a function of . We argue that the efficiency of AoE
is bounded by either memory access or computa-
tional throughput. Although r € (48,80) offers
a more favorable trade-off between memory and
computation, it results in unstable AoE training for
wide models with larger d and D. This dilemma
calls for a new realization of autonomous expert
selection that is both practical and scalable.
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3 Methodology: Union-of-Experts

3.1 Motivation

Through extensive preliminary experiments, we
arrive at a surprising finding: a small subset of neu-
rons is sufficient to parameterize the routing func-
tion and this capability emerges naturally during
language model training. We term these elements
as “routing neurons" and provide an analysis in
Section 6, to uncover how this expert autonomy
emerges. We name the proposed architecture as
Union-of-Experts, where the union of routing neu-
rons governs the experts routing. Figure 3 presents
an overview of our UoE, with implementation de-
tails provided in the following sections.

3.2 Autonomous Expert Routing with
Routing Neurons Acceleration

Specifically, we reserve a fixed subset of neurons
within each expert for routing. For simplicity, we
pre-designate the first N neurons of each expert
weight matrix as routing neurons. These routing
neurons can be formulated as follows:

A/% i
W* xothers | »
~—~
Ns

Wi =

*

where W} € {W], W] W.T} denotes the weight
matrices of the i-th expert. The tilde notation W:
identifies the routing neurons, as they are a sub-
component of the weight matrix. We also trialed
with more flexible neurons selection strategy but
found no consistent gain. We therefore just adopt
the straightforward setup aforementioned. More
empirical trials can be found in Appendix B.

Prior studies (Lv et al., 2025; Geva et al., 2021)
suggest that higher activation magnitudes corre-
spond to better input-module alignment. Building
on this insight, UoE performs autonomous expert
selection for any input by computing the L? norm
of the routing neurons. Formally, the routing func-
tion G in UoE is refined as:

: 7gN])7
where g; = [|SiLU(@ W) © (xW)]].

G(z) = softmax (TopK [g1, g2, - -
3)

Since no factorization is applied, each expert in
our model is parameterized identically to that in a
vanilla MoE. This allows UoE to share the same
forward computation with MoE (Equation 1).
Moreover, UoE dispenses with the routing mod-
ule by leveraging routing neurons, mirroring the

—
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1
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Notes:
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4.
from the L% norm.

Figure 3: An overview of UoE.

router-less architecture of AoE. We further demon-
strate a strong correlation between the activation
intensity of these routing neurons and that of the
overall expert activation. This awareness of expert
capability helps UoE for improved expert routing.
Detailed discussion can be found in Section 6.

3.3 Virtual Shared Expert Design

In the UoE framework, routing neurons are acti-
vated for every input token. While designed for
autonomous expert routing, these neurons hap-
pen to parallel the pattern of a shared expert de-
sign. Given that, we propose a bold idea to al-
lows routing neurons to additionally function as
a shared expert. This avoids the waste of pre-
computation in unselected routing neurons and fur-
ther improves the computational utilization. De-
spite being distributed across discrete experts, these
neurons constitute a unified block and serve as a
shared expert conceptually. Specifically, we set
Ny = round(D/N) routing neurons per expert,
matching the parameter count of a shared expert.
This abstract shared expert can be formulated as:

W= |WwW! whN|,
~—~ N——
N N

where W} € {W;, W/Iﬁ, WiT}. In the UoE work-
ing pipeline, expert-wise routing weights are first
computed with individual W;, Wg parameters, as
defined in Equation 3. Subsequently, W/ are acti-
vated and reduced across all experts, serving as a
shared expert output. We also provide a naive Py-
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Model | Num. | ARC-E  PIQA HELLA SCIQ WINO MNLI QNLI RTE | AVG.
MoE | 8 | 6254 68.88 36.74 81.60 52.49 3278 51.04 49.46 | 54.44
AoE 8 64.60  69.59 36.62 8330 5122 3413 50.01 48.86 | 54.79
UoE 8 63.09  69.64 37.07 82.40 52.88 33.89 50.05 51.50 | 55.07
MoE | 4 | 6145 6752 35.27 77.10 5075 3325 49.83 4645 | 52.70
AoE 4 61.57  68.61 36.07 82.40 52.01 33.12 49.80 50.30 | 54.24
UoE 4 62.25  68.66 35.67 81.70 5470  33.62 50.20 4898 | 54.47

Table 1: Main validation results on 1B parameter models. We compare performance across different activated
experts setups. Colored cells highlight improvements over MoE baseline, while bold values mark the best results.

Torch implementation of our UoE in Appendix C.3
to better illustrate the workflow.

The conceptual shared expert was primarily de-
signed to boost UoE’s efficiency via activation
reuse. Ablation studies in Section 5 further con-
firm that it delivers performance comparable to the
traditional shared experts. A more comprehensive
analysis of this shared expert design is provided in
the subsequent sections.

4 Experiment

4.1 Main Results and Analysis

General Setup. We evaluate UoE against two
primary baselines: the vanilla MoE and AoE. To
verify the effectiveness of UoE, we pre-train lan-
guage models with 1B parameters from scratch
based on the Torchtitan framework (Liang et al.,
2025). Our language model consists of 8 Trans-
former layers with a hidden dimension of d = 1024
and an intermediate dimension of D = 512. For
each Transformer layer, we employ the multi-head
attention mechanism with 8 attention heads. We
substitute all FNN layers with MoE layers and each
MoE layer has N = 64 routed experts. The MoE
baseline is configured with a shared expert follow-
ing the setup in (Dai et al., 2024). Please refer to
Appendix C for further implementation details.
We pre-train all models with 100B tokens from
Fineweb-Edu datasets (Penedo et al., 2024). For op-
timization, we employ the AdamW optimizer with
(B1,P2) = (0.9.0.95), a gradient norm clipping
threshold of 1, and weight decay as 0.1. We use
a learning rate of 1 x 103 with 1000 steps linear
warmup, followed by a cosine decay scheduler.
We evaluate these language models across 8
widely used benchmarks, including ARC (Clark
et al., 2018), PIQA (Bisk et al.,, 2020), Hel-
laSwag (Zellers et al., 2019), SCIQ (Welbl et al.,

273 — MoE
AoE
272 UoE

NLL Loss

18000 19000 20000 21000 22000 23000 24000
Step

Figure 4: Pre-training loss comparison. UoE exhibits
improved convergence over MoE and AoE baselines.

2017), Winogrande (Sakaguchi et al., 2019),
MNLI (Wang et al., 2018), ONLI (Wang et al.,
2018) and RTE (Wang et al., 2018). All evalua-
tions are performed using the LM Evaluation Har-
ness (Gao et al., 2024). The first five tasks are
evaluated zero-shot. For the remaining three tasks,
we report their average performance under 0-shot,
3-shot and 5-shot to reduce randomness.

Experimental Results. Table 1 summarizes the
main results for the 1B-parameter models pre-
trained under different configurations of active ex-
perts. UoE consistently outperforms both MoE
and AoE models, demonstrating the effectiveness
of the proposed architecture. Notably, the perfor-
mance advantages of UoE are pronounced at lower
expert activation ratio, with more significant im-
provements observed when activating 4 experts
activated compared to 8. This improvement can be
attributed to UoE’s ability to optimize token-expert
matching with the pool of routed experts grows
larger. As modern MoE architectures trend towards
higher sparsity, UoE demonstrates promise for in-
creasingly sparse configurations. Figure 4 plots the
pre-training loss for UoE under this configuration.
UoE achieves lower training loss compared to both
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| Entlload Ent120ad Entli)())ad Entﬁ)ad EntlE:)ad Entﬁ)ad Entﬁ)ad Entﬁ)ad
MoE 3.45 3.23 3.29 3.14 3.57 3.76 3.66 3.42
UoE 3.70 3.62 3.71 3.71 3.88 3.84 3.66 3.31

Table 2: Load Entropy of expert selection. Higher entropy indicates more balanced expert loads.

MOoE and AoE, suggesting superior training effi-
ciency. We report the standard errors for Table 9 in
Appendix to demonstrate that the improvements of
UoE are statistically reliable.

Load Balancing. Prior study shows that AoE
achieves better load balancing (Lv et al., 2025).
We compare UoE with MoE baseline to investigate
whether it achieves enhanced load balancing in the
absence of an auxiliary loss. Expert load statis-
tics are examined using a calibration set of 1,000
instances from Wikitext-2 (Merity et al., 2016).
Specifically, we take the load entropy Ent;,.q as
the metric. For the i-th layer, the load entropy
Entj,.q 1s defined as:

N
Entj,.q = — sz‘ log pi,

i=1
where p; = softmax([g1, 92, , gn])-
where the routing weights g; for UoE and MoE are
given in Equations 2 and 3. Table 2 compares the
layer-wise load entropy of MoE baseline and UoE
to highlight their differences. Except for the final
layer, UoE consistently exhibits lower load entropy,
suggesting a more balanced distribution. To pro-
vide a more intuitive comparison of load balancing,
we also visualize the expert load distribution f; for
UoE alongside MoE in Figure 6. The visualization
align with our observation regarding the load en-
tropy. Further analysis and implementation details
can be found in Appendix D.

We currently attribute the enhanced load balanc-
ing of UoE and AoE to expert autonomy. We regard
this as a favorable side effect of expert autonomy
and leave it for future work to investigate how this
routing mechanism optimizes expert utilization.

4.2 Efficiency Analysis of UoE

In this section, we analyze the efficiency of UoE in
comparison with the baseline methods, focusing
primarily on (1) training efficiency metrics and (2)
the end-to-end inference performance.

Training Efficiency of UoE. We begin by con-
ducting a comparative analysis of the training ef-
ficiency of UoE, MoE, and AoE. Table 3 reports
the achieved training throughput and peak memory
usage across the evaluated methods. UoE achieves
a 19.8% improvement in training throughput over
AoE while maintaining competitive downstream
performance. Notably, UoE also surpasses the
MoE baseline in end-to-end training throughput,
despite a marginal increase in computation. We
attribute this unexpected efficiency gain to the su-
perior load-balancing of UoE, consistent with our
earlier analysis in previous section.

Metric MoE AoE UoE
TP. (K/s) \ 604.00 509.00 610.00
Mem. (GB) \ 63.93 71.51 63.96

Table 3: Training Throughput and Memory comparison.

We also provide a theoretical analysis of the com-
munication overhead in UoE. We contend that the
virtual shared expert design incurs identical com-
munication costs to standard shared experts in MoE
architectures. During the training phase, the for-
ward pass requires an All-Gather operation on the
routing neurons of the virtual shared expert, which
is functionally analogous to the parameter synchro-
nization in a parameter-sharded router module. We
leave the empirical validation of this efficiency in
large-scale settings for future work.

Configuration TP. (token/s)/ Mem. (GB)
Model BS 1024 4096
MoE 1 35.84 (2.15) 35.81 (2.15)
UoE 35.98 (2.15) 35.89 (2.15)
MoE 4 141.38 (2.21)  141.37 (2.21)
UoE 141.00 (2.21) 141.46 (2.21)
MoE 16 560.93 (2.48) 559.97 (2.48)
UoE 551.39 (2.47) 551.93 (2.47)

Table 4: TP. and Mem. comparisons at inference time.
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Config | ARC-E PIQA HELLA SCIQ WINO MNLI QNLI RTE | AVG.

© UoE | 63.09 69.64 37.07 8240  52.88 3389 50.05 51.50 | 55.07
\ Virtual shared expert variants

@ Ablation 53.83 66.21 33.80 75.80  50.36 3393 50.27 51.50 | 51.96

@ Ablation 62.42 69.48 37.16 81.90  52.09 3376 49.86 51.74 | 54.80

©) Ablation 64.56 69.10 36.78 81.70  53.67 3393  50.78 50.82 | 55.04
\ Expert selection variants

@ xW,, 63.72 70.08 36.69 82.50 51.70 3295 50.00 50.18 | 54.73

® xW, 63.97 69.21 37.25 80.70  52.09 33.62 51.06 49.58 | 54.69

® SiLU(xW,) 63.51 69.48 36.76 8240  53.35 33.73 4958 49.22 | 54.75
\ Routing neurons selection variants

@  double N, | 63.72 68.28 36.58 84.20  51.30 3411 4997  50.66 | 54.85

Table 5: Ablation studies of UoE design variants.

End-to-end Generation Comparison. To eval-
uate the inference efficiency of UoE we develop
an evaluation pipeline built on the Huggingface
GenerationMixin library (Wolf et al., 2020). We
conduct a comprehensive breakdown of efficiency
by benchmarking both generation throughput and
peak memory footprints. The results in Table 4
confirm that UoE incurs a computational overhead
nearly identical to that of a standard MoE.

5 Ablation Studies

We perform ablation studies on our pre-trained UoE
to evaluate the effectiveness of several designs.

Ablation of the Virtual Shared Expert. We de-
vise ablation studies to validate the effectiveness of
virtual shared expert. Three variants are designed
to characterize the shared expert’s contribution:

D Abl. We deactivate the virtual shared expert
during inference and use only the routed experts.
@ Abl. We restrict routing neurons to simply per-
form expert routing and pre-train it from scratch.
3 Abl. We extend @ with an additional standard
shared expert and pre-train UoE from scratch.
Table 5 presents the ablation results, from which
we draw the following observations:

(1) The virtual shared expert is critical to overall
model performance and behaves similarly to the
standard shared expert design;

(2) The virtual shared expert indeed acquires
abilities that are not presented in the routed experts;

(3) The reuse of routing neurons attains perfor-
mance comparable to a conventional shared expert
and reduce the overhead.

Taken together, the virtual shared expert design
improves activation utilization and provides an effi-
cient alternative to the standard shared expert.

Ablation of Expert Selection Criteria. By de-
fault, we employ the activation intensity of experts
for routing (Equation 3). For Configuration @ to ©,
we explore using alternative nodes in the compu-
tation graph as routing criteria. While the training
overhead for these variants is nearly identical, they
underperform the default setup (SiLU(xW,) ®
xW,). Consequently, we adopt activation intensity
as our default routing criteria.

Ablation on the Selection of V,. We conduct an
ablation study on the number of routing neurons,
N;. Specifically, we double the value of N; to
examine its impact. The results in Table 5 indicate
no performance gain and even a slight degradation.
We do not explore larger settings further, as they
would lead to a disproportionately high number of
shared experts, compromising model efficiency.

6 Toward a Mechanistic Understanding
of Routing Neurons

In this section, we present a post-hoc analysis to
elucidate the mechanistic emergence of expert au-
tonomy within the routing neurons. Our spectral
analysis of model parameters uncovers an intrigu-
ing property of these neurons, which provides a
preliminary understanding of the observed phe-
nomenon. We hope these findings provide insights
into the inner workings of UoE and inspire the com-
munity to design more powerful MoE models that
leverage expert autonomy.
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Model | Act. | ARC-E PIQA HELLA SCIQ WINO MNLI QNLI RTE | AVG.
Uog | Neurons | 63.09  69.64 3707 8240 5288 3389 50.05 5150 | 5507
Expert | 6149 6872 3649 8210 5154 3425 50.16 5030 | 54.38

Table 6: Performance change when using experts’ activation intensity instead of routing neurons.

Routing neurons function as proxies for global
expert activation. Our analysis is motivated by
a key insight: routing neurons act as proxies that
closely track the overall activation profiles of indi-
vidual experts. To validate this, we conduct a pilot
experiment on pretrained UoE model, wherein the
top-K experts are selected with the highest activa-
tion intensities of experts rather than routing neu-
rons. Table 6 presents the results, showing only a
marginal performance drop when the original acti-
vations are substituted. This provides empirical ev-
idence of the functional alignment between routing
neurons and their corresponding expert activations.

Routing neurons converge toward the princi-
pal singular vector of the expert parameters.
We first derive a mathematical derivation in Ap-
pendix E, showing that the principal right singular
vectors dominate the activation intensity of any in-
put « under the matrix W,. Given that, we plot the
similarity between the principle right singular vec-
tors of W, and W.,. Figure 5 visualize the results,
for routing neurons of the j-th expert at layer i, the
similarity term S;” is given by:

Si — 12-Norm (< U, U,[0] >’?j) :
the measure for router weights is defined as:
SiJx = L2-Norm << R U.,[0] >i’j> .

Appendix E provide further details on the defini-
tions. As shown in Figure 5, the principal singu-
lar vectors exhibit a marked similarity, whereas
no such correspondence is observed in the MoE
models. While not entirely formal, this provides a
heuristic mechanistic explanation for how routing
neurons emerge as proxies for expert activations.
We tentatively attribute this phenomenon to the use
of expert-autonomous routing in UoE. We hope
these findings provide insights to the community
and catalyze further research into MoE routing.
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7 Scalability Analysis: Scaling Potential
of UoE to Larger Model Scale

To evaluate the scaling potential of UoE, we in-
crease the model capacity by pre-training both UoE
and baselines at a 3B-parameter scale. The pre-
training protocol follows most of the configuration
used for our 1B-parameter models. Detailed hyper-
parameters regarding the model architectures are
provided in Appendix C.1. As the model capac-
ity increases, we expand evaluation to benchmarks
more challenging than those for 1B models, includ-
ing SociallQa (Sap et al., 2019), OpenbookQA (Mi-
haylov et al., 2018), CommonsenseQA (Talmor
et al., 2019) and MMLU (Hendrycks et al., 2021).
We exclude the GLUE tasks (MNLI, QNLI and
RTE) due to inconsistent performance scaling rela-
tive to model size.

Table 7 presents the comparative results. UoE
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| ARC-E ARC-C PIQA HELLA SCIQ WINO SIQA OBQA CSQA MMLU | AVG.
MoE | 63.64 3148 7062 3952 8940 5122 4170 31.00 3497 2721 | 5039
AoE | 6444 3157 7024 4034 88.80 5335 4324 33.60 3817 3047 | 5153
UoE | 69.07 3311 7318 4196 87.10 52.80 43.40 3420 37.76 30.54 | 52.51

Table 7: Downstream performance comparison for 3B-parameter pretrained models. Colored entries highlight
improvements of UoE over the MoE baseline, while bold text indicates the best results across all models.

consistently outperforms both MoE and AoE base-
lines at larger parameter scales, with the perfor-
mance gap widening as model capacity increases.
This highlights the scaling potential of the UoE,
indicating that UoE can effectively leverage in-
creased model size to achieve superior performance.
We hope to empirically validate the effectiveness
of UoE at a larger scale, given the availability of
additional computational resources

8 Related Work

Expert Autonomy. Lv et al. (2025) first iden-
tified the separation between router decision and
expert execution. To address the issue, they pro-
pose Autonomy-of-Experts, a new MoE paradigm
as solution. In the AoE framework, experts com-
pute activations for each input and perform token
routing with their activation norms. While promis-
ing, this architectural design is constrained by an
efficiency dilemma and faces scalability challenges
as the number of experts increases. UoE addresses
the efficiency bottlenecks of AoE by reformulat-
ing its routing paradigm with neurons. A virtual
shared expert design is further proposed to exploit
activation utilization and improve efficiency.

Few studies have explored alternative paradigms
to achieve expert autonomy. Pham et al. (2024)
uses the norms of experts’ final output as distilla-
tion labels to supervise router logits. This requires
computing the outputs of all experts during train-
ing, which is computationally prohibitive. A more
recent study (Lv et al., 2026) devise an auxiliary
loss to couple expert and router, thereby enabling
expert autonomy. This work provides valuable in-
sights, encouraging researchers to rethink expert
autonomy from router-centric rather than token-
centric perspective. We hope our work, alongside
prior studies, will inspire further studies into this
long-overlooked challenge in MoE routing.

Shared Expert. Modern MoE models face chal-
lenges regarding expert redundancy and functional
overlap. To address the issues, Dai et al. (2024)
introduce a shared expert design to capture gen-
eral knowledge and facilitate expert specialization.
In this paper, we propose a virtual shared expert
design to reuse the activation of routing neurons.
While this was primarily designed to improve com-
putational efficiency, we surprisingly find that it
perform competitively with a vanilla shared ex-
pert in empirical evaluations. We hope to uncover
deeper mechanistic insights into the dual-role na-
ture of these neurons in future work.

9 Conclusion

We introduce UoE, an MoE variant that performs
expert autonomy routing. UoE pre-designates a
specific subset of neurons for each expert and uti-
lizes their activation norms to guide token routing.
To minimize pre-computation overhead from unse-
lected routing neurons, we propose a virtual shared
expert design. Furthermore, we analyze several
properties of UoE and provide a preliminary expla-
nation for the emergent expert autonomy. We hope
our findings inform future MoE routing designs.
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Limitations

Due to current hardware constraints, this work is re-
stricted to specific model sizes. We aim to evaluate
UoE at a broader scale in future work to systemati-
cally observe its scaling behavior and performance
under expanded computational budgets. Further, a
practical limitation of UoE is the requirement for
from-scratch pre-training. The lack of a direct con-
version path from vanilla MoE checkpoints to UoE
remains a constraint; developing such a transition
is still a promising direction for future work.
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A Breakdown of the Computational and
Memory Overhead

We present the mathematical derivations for the
computational overhead and memory consumption
for both AoE and MoE as functions of the rank r.
For a vanilla MoE layer, the total FLOPs involves
three matrix multiplication of Wy, W), and W,:

FLOPS)1,z = 3-TK (2D - d),

where 7' is the sequence length and the routing cost
is omitted for simplification. The FLOPs for an
AoE layer comprises two parts: (i) W, and W,
for the £ selected experts; (i1) W goup, across all N
experts, and the total FLOPs are formualted as:

FLOPsgop = 2-TK(2D'-d) + TK (2D’ - 1)
+TN(2d-1),

where D’ is the FFN hidden size of AoE to ensure
the same number of parameters:

~3.D-d-d-r

DI
r+2-d

We substitute D’ and complete the reduction. Com-
pared with MoE, the change of FLOPs is:

AFLOPs =2T-d-r- (N -K). O

We further analyze the memory overhead of UoE
compared to vanilla MoE. UoE incurs additional
memory usage in two stages:

1. The computation of all Wy, necessitates a
memory increase proportional to 7" - Nr ;

2. The increased D’ leads to a larger intermedi-
ate hidden size, expand the experts’ activation
cache by a factor of T'- 4K (D' — D).

Given that, the change of memory overhead is:

AMem = max (T - Nr,T -4K (D' — D)). O

B Exploratory Trials on Routing Neuron
Selection within Experts

This section describes our early explorations and
provides the rationale for assigning routing neurons
to the initial IV, positions. Our original goal was to
isolate key neurons per expert that reflect the global
activation pattern. We diverged from this line of
exploration for two reasons:

(1) we have to iterate over the expert matrices to
identify neurons, leading to inefficient training;

(2) the initial implementations of dynamic selec-
tion were unable to match the performance of our
straightforward methods.

Given that, we designate a subset of neurons to
serve as routing function. As these routing neurons
are trained from scratch, selecting different neu-
rons from the expert weights would only change
the weight initialization. Since these routing neu-
rons are trained from scratch, selecting different
indices from the expert weights would merely re-
sult in a different weight initialization. To stream-
line the implementation, we simply assign the first
contiguous Ny neurons to perform expert routing.

C Implementation Details of UoE
C.1 Hyper-parameters of Model Architecture

Table 8 presents details on the architecture hyper-
parameters used across our experiments.

Hyper-Parameters | 1B | 3B
hidden size 1024 1280
MOoE layers 8 20

FFN hidden size 512 512
attention heads 8 20
key-value heads 8 20
routed experts 64 64
vocab size | 128,256 | 128,256
ROPE theta | 500,000 | 500,000

Table 8: Hyper-parameters of model architecture.

C.2 Training setup details for UoE

We provide supplementary details regarding
the training framework for UoE. The train-
ing pipeline is built upon TorchTitan frame-
work (Liang et al., 2025). We employ Py-
Torch’s native FSDP (Fully Sharded Data Paral-
lel) for distributed training (Zhao et al., 2023),
and all models are trained on NVIDIA AS800-
SXM4-80GB GPUs. Specifically, we use Py-
Torch’s scaled_dot_product_attention for atten-
tion (Paszke et al., 2019), and MegaBlocks MLP
for efficient MoE implementation (Gale et al.,
2022). More details can be found in our code.

C.3 Pseudo Code Implementation

Figure 7 presents a naive PyTorch implementation
of UoE. At inference time, we repack the routing
neurons into layout of the MoE shared expert. This
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Figure 6: Expert Loading Distribution of UoE and MoE.

prevents non-contiguous parameter and improves
UoE’s compatibility with MoE deployments.

D Expert Loading Distribution of UoE

Figure 6 visualizes the expert loading for our pre-
trained UoE and MoE. The load distribution f; for
the ¢-th expert on a batch of 7" tokens is defined as:

£ — % "1 {i € argTopk (G (x))}
xeB
Except for the final layer, UoE achieves consis-
tently better load balance, with far fewer cases of
the imbalance observed in the shallow layers of
MoE. These results are in agreement with the ob-
servations in Table 2, offering additional support
for the claim that UoE improves load balance.

E Protocol for Interpretability Studies

This section provides a theoretical explanation for
how routing neurons can reflect expert activation.
Specifically, we measure the activation of input x
at weight matrices W, using the L2-Norm:

L2-Norm (xW,) = \/zW. W, x T,

where W, € {W,, W,,}. Given the SVD of W,
we can expand the equation into:

L2-Norm (zW,) = \/2U,X,2U =7,

where W, =U, 2, V.".

In a similar manner, the activation magnitude of
the input token x relative to W, is defined as:

L2-Norm (a:W*) = \/mUIEfUITﬂ?T?
where W, = ursrvrer,

As the expert weights in MoE are intrinsically
low-rank (Lv et al., 2025; Gu et al., 2025), the
L2-Norm(xW,) is dominated by a small portion
of the principle singular vectors. Specifically, we
compute the similarity between U] and U, [0], the
principal singular vectors of W, with the largest
singular value across experts. Figure 5 visualizes
the results, where the similarity term Sy’ of the
j-th expert at layer ¢ is defined as:

ShI = 12-Norm << U;,U.[0] >i’j) .

We also visualize the similarity term between router
weight R"7 and U, [0] for comparison:

S4I% = L2-Norm (< R U, 0] >i’j) .

Notably, the principal singular vectors of the rout-
ing neurons in UoE exhibit a higher degree of align-
ment with the expert weight matrices. Similar phe-
nomenon is not observed in baseline MoEs. This
offers initial insights into how expert autonomy
emerges, as seen through a weight-analysis lens.
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Model | Num. | ARC-E  PIQA HELLA SCIQ WINO MNLI QNLI RTE
MoE | 8 | 001 0.01 0.004 0.01 0.01 0.004  0.006 0.03
AoE 8 0.01 0.01 0.005 0.01 0.01 0.005 0.007 0.03
UoE 8 0.01 0.01 0.005 0.01 0.01 0.005 0.007 0.03
MoE | 4 | 001 0.01 0.005 0.01 0.01 0.005 0.007 0.03
AoE 4 0.01 0.01 0.005 0.01 0.01 0.005 0.007 0.03
UoE 4 0.01 0.01 0.005 0.01 0.01 0.005 0.007 0.03

Table 9: Standard errors for the results reported in Table 1.

class MoE(nn.Module):
def __init__(self, args):
super (). __init__()
self.N, self.d, self.D, self.N_s, self.K = args.N, args.d, args.D, args.N_s, args.K

assert self.N * self.N_s == self.D # Section 3.3

# experts.wg / wp / wo: nn.Parameter (shape: (N, D, d))
self.experts = ParallelMLP(args)

# shared_expert.wg / wp / wo: nn.Parameter (shape: (D, d))
self.shared_expert = MLP(args)

def create_virutal_shared_expert_params(self):
for param_name in ["wg", "wp", "wo"]:
src_param getattr(self.experts, param_name)

tgt_param getattr(self.shared_expert, param_name)
reshaped_param = src_param[:, :self.N_s, :].reshape(self.D, self.d)
tgt_param = reshaped_param

def shared_experts_forward(self, x):
expert_acts = F.silu(self.shared_expert.wg @ x) * (self.shared_expert.wp @ x)
out = self.shared_expert.wo.transpose(-1,-2) @ expert_acts
routing_logits = torch.norm(expert_acts, p=2, dim=-1) # Eq.3
expert_weights, top_experts = torch.topk(routing_logits, k=self.K, dim=-1)
expert_weights = expert_weights.softmax(-1)
return out, expert_weights, top_experts

def forward(self, x):
self.create_virutal_shared_expert_params ()

out, expert_weights, top_experts = self.shared_experts_forward(x)

return out + self.experts(x, expert_weights, top_experts)

Figure 7: Pseudo code for UoE implementation in PyTorch.
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