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Abstract

Sparse Mixture of Experts (SMoE) architec-
tures reduce computational cost by activating
only a subset of experts per token, yet they
often retain large memory footprints and
exhibit significant redundancy, both within
and across layers. We propose GMoE, a
sparse MoE architecture designed to explicitly
address these inefficiencies.  Instead of
maintaining separate expert sets for each layer,
GMOoE uses Global Experts shared across all
layers and adds a Local Expert per layer for
layer-specific adaptation. This architecture
reuses Global Experts across layers, thereby
mitigating inter-layer redundancy while
substantially reducing model parameters. In
addition, we introduce a Global Router with
a GRU-based recurrent component shared
across layers and layer-specific routing heads
that propagate routing logits across layers.
This routing mechanism couples routing
decisions across layers, progressively refines
routing paths, and helps mitigate intra-layer
redundancy. Across diverse language modeling
corpora and downstream benchmarks, GMoE
remains competitive while using substantially
fewer parameters. Routing path analyses and
an ablation study show that GMoE reduces
cross-layer routing concentration and increases
path diversity, with the Global Experts, the
Local Expert, and the Global Router all con-
tributing to the gains. The code is available at
https://github.com/GEONWOOHONG/GMoE.

1 Introduction

In the era of large language models (LLMs), scal-
ing model parameters and training data in accor-
dance with scaling laws has yielded remarkable
performance improvements (Kaplan et al., 2020;
Hoffmann et al., 2022). However, as dense Trans-
formers scale, both training and inference costs in-
crease substantially. To address these issues, Sparse
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Mixture of Experts (SMoE) architectures activate
only a subset of experts per token, thereby reduc-
ing computational cost while maintaining strong
performance (Shazeer et al., 2017; Lepikhin et al.,
2021; Fedus et al., 2022).

In a conventional MoE architecture, a single
feed-forward network (FFN) in each Transformer
block is replaced with multiple experts, and a router
activates only a subset per token. An MoE with N
experts across L layers therefore admits a combi-
natorial routing space of up to N possible rout-
ing paths. However, recent studies suggest that
only a limited subset of these routing paths may
be exercised in practice (Cai et al., 2024; Yi et al.,
2025). Prior work has shown that MoE layers of-
ten suffer from intra-layer redundancy, where inde-
pendently parameterized experts within the same
layer may fail to sufficiently differentiate in prac-
tice (Chi et al., 2022; Do et al., 2025; Dai et al.,
2022). In parallel, dense Transformers are known
to exhibit substantial inter-layer redundancy, where
FFN blocks learn repeated or near-duplicate trans-
formations in different layers (Dalvi et al., 2020;
Dai et al., 2020; Pires et al., 2023). We hypothe-
size that, because conventional MoE architectures
instantiate separate expert sets at every layer, they
are susceptible to this behavior, potentially limiting
the diversity of realized computations across layers.
As a result, increasing the number of experts and
layers may primarily increase model parameters
rather than effective computational diversity.

Our analysis in Section 5 reveals that these two
forms of redundancy—intra-layer and inter-layer—
interact in conventional MoE architectures. Inde-
pendent routers can produce highly correlated and
concentrated routing behaviors across layers (Cai
et al., 2024), which shrink the effective routing ca-
pacity far below the theoretical N space. We use
the term compounded redundancy to denote the co-
existence of intra-layer and inter-layer redundancy,
where the model parameters disproportionately ex-
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Figure 1: Overview of the proposed GMOoE architecture. At each layer [/, the Transformer hidden representation
x() is processed by a layer-specific Local Expert, while a Global Router produces routing over Global Experts
shared across layers. The router, whose GRU-based recurrent component is shared across layers, updates the router
hidden state h(") from x(*) and the previous router hidden state h(~1). A layer-specific routing head then forms

~(1
routing logits e® by combining h") with a stop-gradient projection of the previous layer’s routing logits sg(f(

_1)).

Tokens are dispatched via top-1 routing to a Global Expert, and its output is added to the always-on Local Expert.

ceed its effective capacity—the diversity of expert
computations the trained model actually executes.
We quantify this effective capacity using path-level
routing statistics. In particular, we define path col-
lapse as a regime in which the empirical distribu-
tion over cross-layer routing paths is highly concen-
trated, so that most tokens are routed through only
a small set of repeated expert sequences. This con-
centrates traffic on a few experts and leaves much
of the combinatorial routing space underutilized,
thereby exacerbating compounded redundancy.

To address these issues, we propose Global Mix-
ture of Experts (GMoE), which replaces indepen-
dent per-layer expert sets with Global Experts
shared across all layers while retaining a Local
Expert per layer for layer-specific adaptation. The
Local Expert is conceptually inspired by shared
expert mechanisms in prior work (Dai et al., 2024;
Yang et al., 2024). By using Global Experts, GMoE
reuses them across layers, thereby reducing inter-
layer redundancy while significantly decreasing
model parameters.

This cross-layer reuse of Global Experts also
enables a new routing mechanism, which we term
logit propagation. To further reduce intra-layer
redundancy, we introduce a Global Router whose
GRU-based recurrent component (Cho et al., 2014)
is shared across layers, while the routing heads
remain layer-specific and propagate routing logits
across layers. At each layer [/, the routing head

takes the current router hidden state h(Y) and a stop-
gradient version of the previous layer’s routing
logits to produce routing logits over the Global
Experts. These logits are passed to layer [+1,
enabling progressive logit propagation. Because
Global Experts are reused across layers, logit prop-
agation is well-defined: logits from one layer can
be directly propagated to the next within the same
expert-index space. In contrast, conventional MoE
architectures with independent per-layer expert sets
do not provide a natural way to propagate logits
across layers, since expert indices no longer align.
This new routing mechanism encourages progres-
sive refinement of routing paths, thereby alleviating
path collapse and reducing intra-layer redundancy.

Our contributions are summarized as follows:

(1) We identify compounded redundancy—both
inter-layer and intra-layer—in MoE architectures,
and connect it to a concrete routing phenomenon
we call path collapse.

(2) We propose GMoE, which integrates Global
Experts shared across layers, a Local Expert per
layer, and a Global Router with a shared GRU-
based recurrent component and layer-specific rout-
ing heads.

(3) We demonstrate, through experiments and
analyses, that GMoE mitigates compounded redun-
dancy, yielding strong parameter efficiency while
maintaining competitive performance.
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2 Related Work

In this section, we first review prior MoE architec-
tures that aim to improve expert utilization. Repre-
sentative examples include Expert Choice Routing
(Zhou et al., 2022), which reverses the conven-
tional token-to-expert routing by letting each ex-
pert select its own top tokens, yielding strict load
balancing and higher training efficiency without
auxiliary balancing losses. HyperMoE (Zhao et al.,
2024) generates HyperExperts via shared hypernet-
works that transfer knowledge from unselected to
selected experts, thereby enhancing specialization
while preserving sparsity. SimSMoE (Do et al.,
2025) mitigates representation collapse by mini-
mizing inter-expert similarity through a centered
kernel alignment (CKA) loss, which promotes di-
versity and stable expert specialization. RMoE
(Qiu et al., 2025) introduces a layerwise recurrent
router that leverages a GRU to establish dependen-
cies between routing decisions across consecutive
layers, thereby improving cross-layer information
sharing.

Next, we review MoE architectures that improve
parameter efficiency. MoE-UT (Csordas et al.,
2024), a Universal-Transformer—style MoE with
layerwise parameter sharing, reduces model param-
eters and memory footprint under sparse activation
while maintaining competitive performance. Mix-
ture of Lookup Experts (MoLE) (Jie et al., 2025) re-
parameterizes trained experts into offloaded lookup
tables, reducing memory and communication over-
head during inference while preserving dense-like
decoding latency. MoNE (Zhang et al., 2026) per-
forms redundancy-aware structured pruning by re-
placing low-usage, highly correlated experts with
lightweight novices, resulting in more compact
MOoE models with minimal accuracy loss and, in
some cases, even accuracy gains.

Overall, while prior work often targets either ex-
pert utilization or parameter efficiency, GMoE is
designed to jointly improve both by reusing Global
Experts across layers and coupling routing deci-
sions across layers via logit propagation.

3 Methodology

3.1 Preliminaries

Mixture of Experts. An MOoE layer replaces a
standard FFN layer with N parallel expert net-
works and a trainable router that produces a dis-
tribution over experts (Jacobs et al., 1991; Jordan

and Jacobs, 1994). Modern sparsely gated vari-
ants activate only a subset of experts per token,
enabling high capacity without a proportional in-
crease in per-token compute (Shazeer et al., 2017).
Given a token hidden representation x € R, the
router produces routing logits £(x) = Wiouex and
.. . exp(l;

a softmax distribution p;(x) = ﬁ(}&m
experts. Let St(l) denote the indices of the top-k
experts selected for token ¢ at layer [. The layer
output is then computed as the weighted mixture

v =3 9B (). (1

over

In practice, top-2 routing and other routing variants
are commonly used to improve load balancing and
training efficiency.

Gated Recurrent Unit. To propagate router hid-
den states across layers, we employ a recurrent neu-
ral network (RNN) (Medsker et al., 2001), specifi-
cally the Gated Recurrent Unit (GRU) (Cho et al.,
2014). For a routing input x() at layer [ and the
previous router hidden state h(=1) the GRU com-
putes reset and update gates

rl) = o(W,x® + U h(D), )
7z — J(WZX(Z) + Uzh(l_l)), 3)

followed by the candidate state
h®) = tanh(th(l) + Uh(r(l) ® h(lfl))), 4
and the updated router hidden state

h® — (1— Z(l)) ohl=D 4720 on®.  (5)
This recurrent update propagates information
across layers.

3.2 Global Mixture of Experts

As illustrated in Figure 1, GMoE combines Global
Experts shared across layers with a layer-specific
Local Expert and a Global Router whose GRU-
based recurrent component is shared across layers,
while the routing heads remain layer-specific.

Global Experts and Local Expert. Conven-
tional MoE layers instantiate an expert set per layer,
so the identity of expert j at layer [ has no di-
rect relation to expert j at layer /+1. In contrast,
GMOoE defines Global Experts { £, ..., En} that
are shared across all layers. This design reuses
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Global Experts across layers, thereby reducing
inter-layer redundancy while requiring substan-
tially fewer model parameters. We further demon-
strate in Appendix A that despite this sharing, indi-
vidual layers in GMoE maintain high functional dis-
tinctiveness compared to baselines. Each layer also
includes a Local Expert El((f();al, structurally iden-
tical to a Global Expert, to capture layer-specific
components that are difficult to share globally. The
Local Expert is always active, and its output is
added to the routed output from the Global Experts.
Formally, for token ¢ at layer [:

l l ! ! l
yg) = Z plg,; EJ(XE)) +E1(02al(xg))7 (6)
jes®

where p\” = Softmax(£”) € RY is a distribution
over only the Global Experts and » j pgl; = 1. The
Local Expert does not participate in the routing
distribution.

Global Router with Logit Propagation. Rout-
ing is computed by a Global Router with a GRU-
based recurrent component shared across layers
and layer-specific routing heads. This design intro-
duces two complementary forms of sharing within
the router. First, the GRU-based recurrent com-
ponent of the Global Router is shared across all
MOoE layers, while the routing heads remain layer-
specific, allowing routing dynamics to remain con-
sistent across layers. Second, within the routing
process itself, each layer’s routing head receives
a stop-gradient projection of the previous layer’s
routing logits, enabling information sharing across
layers and iterative updates of routing decisions.
Let hgl) € R denote the router hidden state for
token ¢ at layer [. We concatenate it with a projec-
tion of the previous layer’s routing logits and feed
the result to a routing head:

h{) = GRUx", n{ 1),
) =Wl se@ )], O
pgl) = Softmax(ﬂgl)),

where Z,Elil) is a layer-normalized and linearly pro-
jected copy of the previous layer’s routing logits,
defined as 2, " = W, LN(€\'" V) with W, €
RPexN Wr(Qne e RVX(H+De) - and sg(-) denotes
the stop-gradient operator. Each token dispatches
to its top-1 Global Expert for computation, while

(@)

the full routing distribution p;~ is used only for

the balancing loss. Propagating stop-gradient rout-
ing logits across layers facilitates recurrent model-
ing of router hidden states: gradients do not flow
through the propagated routing logits, while the
Global Router is trained end-to-end via backprop-
agation. We empirically found that blocking gra-
dient flow through the propagated routing logits
stabilizes training and yields slight performance
gains compared to propagating full gradients.

4 Experiments

4.1 Tasks and Datasets

Language Modeling. Following prior works
(Xie et al., 2023; Su et al., 2025), we use The
Pile dataset (Gao et al., 2020) as our primary pre-
training corpus. The Pile is a large-scale, pub-
licly available dataset comprising 22 diverse do-
mains and over 825 GB of English text, designed
for language modeling. To assess generalization
performance, we additionally evaluate on held-out
subsets of the English portion of CC100 and Open-
WebText (Conneau et al., 2020; Gokaslan and Co-
hen, 2019), as well as the test set of WikiText-103
(Merity et al., 2017). These corpora cover a broad
range of linguistic styles, allowing a comprehen-
sive evaluation across varying text distributions.
Due to limited computational resources, all mod-
els are pre-trained on 50B tokens unless otherwise
specified.

Benchmark. We evaluate all models using the
Im-evaluation-harness framework (Gao et al.,
2024). We report zero-shot accuracy on ARC-C
and ARC-E (Clark et al., 2018), BLIMP (Warstadt
et al., 2020), HellaSwag (Zellers et al., 2019),
OBQA (Mihaylov et al., 2018), and PIQA (Bisk
et al., 2020), and 5-shot accuracy on RACE (Lai
et al., 2017).

4.2 Experimental Setup

All models follow a GPT-style decoder-only Trans-
former architecture (Radford et al., 2019). Fol-
lowing prior works (Fedus et al., 2022; Lepikhin
et al., 2021), we replace the FFN layer in each
Transformer block with an MoE layer, applied to
every other block for the baselines. In contrast,
GMOoE applies an MoE layer at every Transformer
block, as its logit propagation mechanism requires
uninterrupted routing across layers. To further in-
vestigate the scalability and parameter efficiency of
our approach, we introduce GMoE-32 and GMoE-
64, which increase the number of Global Experts to
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32 and 64, respectively. We further define GMoE-
Max as a variant that maximizes the number of
Global Experts without exceeding the parameter
budget of the corresponding baselines. For lan-
guage modeling, we set the maximum sequence
length to 1,024 and train for 95K steps. We employ
the GPT-2 tokenizer (Radford et al., 2019) imple-
mented via the tiktoken! library, with a vocabulary
size of 50,257. All models are optimized using
AdamW (Loshchilov and Hutter, 2019) with an ini-
tial learning rate of 3 x 10~ and a cosine decay
schedule. We employ the standard load balancing
loss from Switch Transformer (Fedus et al., 2022)
with a coefficient of a = 0.01, add a probe regular-
izer for numerical stability, and set the capacity fac-
tor to 1.25 unless otherwise specified. Additional
hyperparameters are provided in Appendix B.

We compare the proposed GMoE against six
baselines: Dense and five representative MoE archi-
tectures—Switch (Fedus et al., 2022), Switch-SE
(Switch augmented with an independent always-on
expert per layer, referred to as a shared expert),
GShard (Lepikhin et al., 2021), Hash (Roller et al.,
2021), and DeepSeek-MoE (Dai et al., 2024). For
DeepSeek-MoE, we follow the DeepSeek-MoE 2B
configuration: we reduce the expert hidden size
to 0.25x, increase the number of experts by 4x,
and use exactly one shared expert. Under this con-
figuration, Dense, Switch, and Hash have compa-
rable per-token compute. In contrast, Switch-SE,
GShard, DeepSeek-MoE, and GMoE incur higher
per-token cost because of the additional shared ex-
pert, top-2 routing, fine-grained expert partitioning
with a shared expert, and every-layer MoE with
a GRU-based router for logit propagation, respec-
tively. All experiments are performed on a single
node with eight NVIDIA RTX PRO 6000 Black-
well GPUs.

4.3 Results

Language Modeling. As summarized in Table 1,
we compare GMoE against selected baselines. Fol-
lowing prior work (Jie et al., 2025), we use the num-
ber of activated parameters as a proxy for per-token
FFN compute, calculated by summing the FFN pa-
rameters involved in the forward pass across all lay-
ers. Note that the number of activated parameters
can exceed the model parameters due to the reuse of
Global Experts. Across the Small, Base, and Large
models, MoE architectures consistently achieve

"https://github.com/openai/tiktoken

lower perplexity than Dense, with particularly pro-
nounced gains for the Small model. While consis-
tently outperforming Dense, GMoE distinguishes
itself from conventional MoEs by achieving com-
petitive perplexity with substantially fewer model
parameters. Furthermore, we observe that as the
number of Global Experts increases, GMoE demon-
strates consistent performance improvements with
only a moderate increase in model parameters. No-
tably, GMoE-Max achieved the best performance
across all model scales. These results indicate that
GMOoE delivers strong parameter efficiency, offer-
ing a viable lightweight alternative to conventional
MOoE models, as further evidenced by the mem-
ory efficiency analysis in Appendix C. Additional
controlled comparisons under matched model pa-
rameters and matched activated parameters further
support this conclusion: GMoE outperforms the
baselines under matched model parameters, while
GMOoE-Max remains competitive under matched
activated parameters despite using fewer model pa-
rameters, as shown in Appendix D.

Benchmark. As summarized in Table 2, we
compare the previously evaluated models across
seven downstream benchmarks. Overall, GMoE
achieves competitive accuracy while using sub-
stantially fewer model parameters. For the Small
model, GMoE achieves higher accuracy than all
baselines except Switch-SE while using only 0.57 x
the model parameters. For the Base model, GMoE
performs comparably to Switch with merely 0.37 x
the model parameters. Furthermore, the GMoE
variants highlight the architecture’s scalability, as
GMOoE-32 and GMoE-64 exhibit strong parameter
efficiency while achieving accuracy comparable to
or surpassing the baselines. Notably, GMoE-Max
consistently outperforms the baselines across all
model scales. In addition, comparison with the
recent fine-grained MoE architecture DeepSeek-
MoE further highlights the parameter efficiency of
GMOoE. For the Small and Base models, DeepSeek-
MoE underperforms GMoE despite using 1.76x to
2.73 x more model parameters, suggesting that fine-
grained routing may degrade parameter efficiency
in smaller, resource-constrained models. For the
Large model, while DeepSeek-MoE becomes com-
parable at larger scales, GMoE-Max still achieves
better accuracy under an equivalent parameter bud-
get.

Given that DeepSeek-MoE becomes comparable
in the Large model, a natural question is whether
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Model #Params  # Activated Params  # Experts ~ The Pile =~ CC100  OpenWebText  WikiText-103 Avg |
Small Model
Dense 45M 45M - 16.64 71.38 40.37 84.07 53.12
Switch 140M 45M 16 13.67 62.39 33.22 72.42 45.43
Switch-SE 152M 5IM 16 13.01 63.71 31.62 68.33 44.17
GShard 140M SIM 16 13.44 64.32 32.57 71.29 45.41
Hash 140M 45M 16 14.10 63.99 34.36 79.04 47.87
DeepSeek-MoE 141M 47™M 64 16.07 70.31 37.17 82.12 51.42
GMoE 80M 58M 16 13.98 64.97 33.88 74.14 46.74
GMOoE-32 114M S58M 32 13.04 60.69 31.35 68.70 43.45
GMOoE-Max 139M 58M 44 12.64 60.98 30.60 67.29 42.88
Base Model
Dense 124M 124M - 11.94 52.36 27.05 51.97 35.83
Switch 549M 124M 16 9.72 46.58 22.53 44.17 30.75
Switch-SE 606M 153M 16 9.26 46.32 21.29 41.82 29.67
GShard 549M 153M 16 9.50 47.49 22.03 41.69 30.18
Hash 549M 124M 16 10.11 50.62 23.65 48.12 33.13
DeepSeek-MoE 55TM 131M 64 10.18 65.65 23.29 48.29 36.86
GMOoE 204M 181M 16 10.39 50.16 24.15 48.58 33.32
GMOoE-32 280M 181M 32 9.87 48.17 22.83 44.96 31.46
GMOoE-64 432M 181M 64 9.38 49.38 21.67 44.36 31.20
GMOoE-Max 546M 181M 88 9.19 46.09 21.11 40.78 29.29
Large Model
Dense 355M 355M - 8.96 43.20 20.23 37.49 27.47
Switch 1.9B 355M 16 7.79 40.91 17.33 31.65 24.42
Switch-SE 2.1B 455M 16 7.62 40.15 17.15 3145 24.09
GShard 1.9B 455M 16 7.76 39.44 17.28 31.50 24.00
Hash 1.9B 355M 16 8.22 46.84 18.60 35.10 27.19
DeepSeek-MoE 1.9B 380M 64 7.90 43.22 17.62 34.57 25.83
GMoE 496M 556M 16 8.53 43.08 19.20 36.35 26.79
GMOoE-32 632M 556M 32 8.26 43.23 18.47 34.61 26.14
GMoE-64 903M 556M 64 7.96 42.11 17.74 32.85 25.17
GMOoE-Max 1.9B 556M 177 7.52 39.28 16.84 31.25 23.72

Table 1: Comparison of MoE architectures across Small, Base, and Large models using perplexity, evaluated on
held-out subsets of the English portions of The Pile, CC100, OpenWebText, and WikiText-103 test sets. The
# Params column reports model parameters, the # Activated Params column reports the number of parameters
activated during inference, and the # Experts column reports the number of routed experts per MoE layer. Lower
values indicate better performance. Top-1 results are shown in bold, and Top-2 results are underlined.

GMOoE is also compatible with fine-grained experts.
Since our earlier results suggest that fine-grained
routing is less effective in the Small and Base mod-
els, we restrict this additional experiment to the
Large model. Specifically, we adopt the same fine-
grained configuration as DeepSeek-MoE, and the
results are summarized in Table 3. As shown in the
table, applying this fine-grained variant improves
performance, indicating that the proposed GMoE
architecture is also compatible with fine-grained
experts.

5 Analysis

5.1 Ablation Study

We conduct ablation studies on various components
using the Base model, where GMoE achieves 10.39
PPL on The Pile, as shown in Table 4. First, to

evaluate the Local Expert, we reallocate its model
parameter budget to the Global Experts, increasing
their count from 16 to 28. To match per-token com-
pute, we apply top-2 routing over this expanded set.
Removing the Local Expert results in the largest
performance degradation to 11.52 PPL (+1.13),
confirming the necessity of layer-specific adapta-
tion. Second, we analyze the routing components.
Removing the cross-layer logit propagation path-
way leads to 11.34 PPL (+0.95), and disabling the
router hidden state results in 10.87 PPL (+0.48).
These results indicate that the path-aware routing
components of GMoE, namely maintaining router
hidden states across layers and explicit logit prop-
agation, are important to its performance gains.
Third, we investigate the impact of MoE layer fre-
quency. GMoE applies MoE layers at every block
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Model # Params # Activated Params ARC-C ARC-E BLiMP HellaSwag OBQA PIQA RACE Avg 1
Small Model
Dense 45M 45M 17.41 37.75 71.23 26.49 13.00 58.16 24.31 35.48
Switch 140M 45M 16.89 40.03 73.49 26.67 12.40 59.90 25.26 36.38
Switch-SE 152M 51M 17.58 39.56 73.95 27.13 12.60 59.47 26.79 36.73
GShard 140M 5IM 17.58 39.06 72.59 26.86 13.80 59.03 24.88 36.26
Hash 140M 45M 17.58 38.93 72.39 26.96 12.80 58.81 25.17 36.09
DeepSeek-MoE 141M 47M 18.94 39.14 72.51 26.98 12.80 58.87 25.17 36.34
GMoE 30M 58M 18.69 38.51 73.45 27.11 14.20 59.30 2431 36.51
GMOoE-32 114M 58M 17.92 40.03 74.26 27.22 13.20 59.74 27.08 37.06
GMOoE-Max 139M 58M 19.45 41.04 74.23 27.26 13.20 58.49 26.79 37.21
Base Model
Dense 124M 124M 18.26 42.51 75.44 27.59 12.60 61.43 27.46 37.90
Switch 549M 124M 18.94 45.45 79.45 28.73 14.20 62.24 27.85 39.55
Switch-SE 606M 153M 20.14 45.03 79.67 29.55 16.20 63.17 27.92 40.24
GShard 549M 153M 19.97 44.95 77.88 29.02 14.00 63.17 26.79 39.40
Hash 549M 124M 19.45 44.49 76.17 28.54 14.00 62.13 27.37 38.88
DeepSeek-MoE 557M 131M 20.14 44.28 77.53 28.96 14.80 61.70 27.37 39.25
GMoE 204M 181M 19.97 45.08 77.49 28.39 15.00 61.64 29.00 39.51
GMOoE-32 280M 181M 20.65 44.44 77.52 28.82 17.20 61.92 27.94 39.78
GMOoE-64 432M 181M 20.22 46.25 79.37 29.17 16.00 63.06 27.94 40.29
GMOoE-Max 546M 181IM 20.05 46.42 79.38 29.78 16.80 63.44 26.89 40.39
Large Model
Dense 355M 355M 19.88 47.73 79.96 30.12 14.80 63.76 30.14 4091
Switch 1.9B 355M 20.14 48.99 80.88 32.42 16.20 65.89 30.14 42.09
Switch-SE 2.1B 455M 21.25 49.10 81.15 32.60 17.00 66.05 30.45 42.51
GShard 1.9B 455M 21.16 48.78 81.61 32.48 17.80 65.89 30.33 42.58
Hash 1.9B 355M 20.65 50.25 79.92 31.06 17.20 64.85 29.76 41.96
DeepSeek-MoE 1.9B 380M 21.59 50.71 81.51 32.71 18.80 66.21 29.81 43.05
GMoE 496M 556M 21.84 48.78 80.74 30.85 15.60 65.34 29.47 41.80
GMOoE-32 632M 556M 21.50 49.20 81.24 31.54 15.20 64.91 29.95 41.93
GMOoE-64 903M 556M 21.08 48.70 81.76 32.13 17.20 66.43 29.86 42.45
GMOoE-Max 1.9B 556M 22.05 50.60 81.45 32.90 17.60 66.15 31.10 43.12

Table 2: Comparison of MoE architectures across Small, Base, and Large models using accuracy, evaluated on
seven downstream benchmarks. Higher values indicate better performance.

to maintain continuous routing dynamics. To verify
the necessity of this design, we evaluated a vari-
ant that applies MoE layers only to every other
block. This variant yields a perplexity of 10.94
(+0.55), indicating that continuous routing dynam-
ics are important for GMoE. This suggests that
the effectiveness of logit propagation relies on the
continuous refinement of routing decisions, and
that interleaving dense layers disrupts the propa-
gation of routing information across layers. Taken
together, these ablations indicate that the architec-
tural components enabling path-aware routing in
GMOoE are important to its overall efficacy.

5.2 Mitigating Path Collapse

GMOoE couples routing decisions across layers via
logit propagation, raising the question of whether
such coupling induces path collapse—a regime in
which a small number of cross-layer routing paths
dominate most tokens—or instead sustains diverse

routing. As discussed in Section 1, we interpret
path collapse as a manifestation of compounded re-
dundancy. Unlike weight similarity, which captures
static parameter redundancy, compounded redun-
dancy is a dynamic phenomenon best operational-
ized by the utilization of the combinatorial routing
space; when most tokens are funneled through a
small set of cross-layer routing paths, many ex-
perts are exercised under a limited range of routing
contexts, thereby limiting the model’s effective ca-
pacity.

Mechanistically, GMoE does not merely cou-
ple routing decisions across layers; it conditions
each routing decision on the previous layer’s router
hidden state. In conventional MoEs, routers at
each layer operate independently based only on the
current hidden representation, so tokens with simi-
lar hidden representations are likely to be mapped
to the same experts repeatedly, which can induce
path collapse. By contrast, in GMoE, the router
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Model # Activated Params ~ # Experts = ARC-C ~ ARC-E  BLiMP  HellaSwag = OBQA  PIQA RACE | Avg?
Large Model

GMoE 556M 16 21.84 48.78 80.74 30.85 15.60 65.34 29.47 41.80

+ Fine-grained 556M 64 22.29 50.58 81.19 31.00 17.60 65.59 28.72 42.42

Table 3: Comparison of the GMoE architecture and its fine-grained variant on the Large model using accuracy,
evaluated across seven downstream benchmarks. Higher values indicate better performance.

Model Perplexity A Perplexity
GMoE 10.39 -

w/o Local Expert 11.52 +1.13
w/o Logit Propagation 11.34 +0.95
w/o Router Hidden State 10.87 +0.48
MoE in Every Other Block 10.94 +0.55

Table 4: Ablation study on the Base model. We report
perplexity on The Pile and the change relative to GMoE.

computes routing logits conditioned on the previ-
ous layer’s router hidden state and the projected
previous-layer routing logits, as defined in Eq. (7).
Thus, even tokens with similar hidden represen-
tations at the current layer can be routed differ-
ently. This additional path-aware conditionality
helps break the symmetry that would otherwise fun-
nel many tokens into the same cross-layer routes,
thereby mitigating path collapse and encouraging
more diverse path exploration.

Accordingly, we analyze the empirical distribu-
tion of top-1 routing paths under the Base model.
For each token ¢, we record the top-1 expert index
at each MoE layer. Let £ = {l,...,ly} denote
the set of MoE layers under consideration. For
fair comparison with Switch and GShard, which
apply MoE to every other Transformer block, we
evaluate all models on the same six MoE layers
L£=1{0,2,4,6,8,10} and use the same subset for
GMOoE. The routing path of token ¢, denoted as r;,
is defined as the sequence of top-1 expert indices
selected across these layers, as formally defined
in Appendix E. Although GShard employs top-2
routing, we track only the primary (top-1) expert
at each layer to obtain a consistent path definition
across models.

Let {F;} X | denote the set of unique paths ob-
served in {r;}Z;, and let n(¥;) be the number
of tokens assigned to r;. Based on the empirical
distribution of these paths, we compute the path
entropy Hp,m and the corresponding effective num-
ber of paths Neffpath = 2Hpan To characterize path
concentration directly, we also report the cumula-
tive probability mass of the top-k£ most frequent

Model  #Unique  Nefrpan Top-1  Top-10
Switch 25,587 286.0 25.65% 49.50%
GShard 17,641 110.7  4555% 53.05%
GMOoE 81,561  1217.7 11.15% 43.16%

Table 5: Routing path statistics across six MoE layers
under top-1 routing. We report the number of unique
paths, the effective number of paths, and concentration
measured by the cumulative mass of the top paths.

paths, M, = Zle p(ry;) for k € {1,10}, where
[i] indexes paths sorted in descending order of p(-).

Table 5 summarizes routing diversity and con-
centration across models under identical evalu-
ation conditions. Overall, GMoE exhibits sub-
stantially lower path concentration than Switch
and GShard while realizing a much richer routing
space. In particular, GMOoE increases path entropy
to Hpath = 10.25 bits (Neff’path = 1217.7) and
reduces the Top-1 mass to 11.15%, compared to
25.65% for Switch and 45.55% for GShard. These
results are consistent with GMoE mitigating path
collapse, which we view as a manifestation of com-
pounded redundancy.

5.3 Path Specialization

While the analysis in Section 5.2 shows that GMoE
exploits a larger and more diverse set of routing
paths than the baselines, a critical question remains:
does this increased routing diversity reflect mean-
ingful specialization or merely stochastic routing
noise? If routing paths are semantically meaning-
ful, tokens assigned to the same cross-layer path
should share coherent semantic representations;
otherwise, tokens grouped within a path would be
semantically heterogeneous.

This specialization is also supported by the archi-
tectural design of GMoE. Because Global Experts
are shared across layers, the expert index space is
semantically aligned throughout the network, un-
like conventional MoEs where expert indices are
layer-specific and not directly comparable across
layers. As a result, the propagated routing log-
its remain semantically meaningful across layers.
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Combined with the recurrent router hidden state,
this turns routing into a sequential decision process
rather than a sequence of independent greedy as-
signments. Consequently, the router can learn to
select experts that functionally complement those
chosen in preceding layers, encouraging stable
multi-hop routing paths specialized for coherent
semantic patterns.

To investigate this question, we analyze the se-
mantic consistency of routing paths by treating the
set of tokens assigned to a specific path r as a clus-
ter in the representation space. We sample 1,000
tokens from each of the top-10 most frequent paths
and evaluate the resulting clustering structure. Let
Ci, be the set of tokens belonging to the k-th path
(k=1,...,K), with ng = |Cg|, and let p;, denote
the centroid of cluster C. The global centroid is
denoted by p. We quantify clustering quality us-
ing three complementary metrics, fully detailed in
Appendix E:

(1) kNN Purity: This metric measures the local
label consistency of clusters. For a sample x; with
path label y;, purity is the fraction of its k£ nearest
neighbors sharing the same label.

(2) Inter/Intra Ratio: To explicitly measure clus-
ter separation relative to compactness in the repre-
sentation space, we define the intra-cluster distance
Dintra and inter-cluster distance Djyeer Using cosine
distance, consistent with the geometry of the repre-
sentation space. We report the ratio Dinter/ Dintra a8
a single summary statistic. Higher values indicate
that path-induced clusters are compact internally
and well-separated from each other.

(3) Calinski-Harabasz Index (CHI): We also re-
port CHI, which evaluates the ratio of between-
cluster dispersion to within-cluster dispersion.

Quantitatively, GMoE achieves a kNN Purity of
0.9971, substantially exceeding Switch (0.8085)
and GShard (0.6628), which suggests markedly
stronger local semantic consistency. GMoE also
achieves the highest Inter/Intra Ratio of 5.2146 and
a CHI of 2565.7, indicating stronger cluster separa-
tion and global cluster structure than the baselines.

Figure 2 further examines the robustness of path
specialization by varying the number of top-k rout-
ing paths from k=2 to 100, using 200 sampled
tokens per path. Across this range, GMoE con-
sistently achieves higher kNN Purity, Inter/Intra
Ratio, and CHI, indicating that the observed path
specialization is robust to the choice of k rather
than being an artifact of a fixed evaluation setting.

Qualitatively, Figure 3 visualizes routing path

Inter/Intra Ratio Calinski-Harabasz
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Figure 2: Trends of path specialization metrics as the
number of top-k routing paths increases. We report
kNN Purity, Inter/Intra Ratio, and CHI while varying k
from 2 to 100, with 200 sampled tokens per path.

Switch

GShard GMoE

Figure 3: t-SNE visualization of token representations
grouped by their assigned routing paths among the top-
10 most frequent paths, where numbered labels indicate
the centroids of each path cluster.

clusters using t-SNE (van der Maaten and Hinton,
2008). Switch and GShard exhibit substantial over-
lap across different routing paths, with dispersed
and entangled clusters, suggesting less distinct rout-
ing patterns, where semantically similar tokens
may be assigned to divergent paths. In contrast,
GMOoE produces well-separated and compact clus-
ters, indicating that semantically similar tokens are
assigned to specialized cross-layer routing paths.

6 Conclusion

We identify compounded redundancy in conven-
tional MoE architectures, where independent per-
layer experts lead to inefficient parameter utiliza-
tion and path collapse. To address this, we pro-
pose GMoE, which employs Global Experts shared
across layers and a Global Router with logit propa-
gation. This design reuses Global Experts across
layers and couples routing decisions, helping mit-
igate both inter-layer and intra-layer redundancy.
Our experiments demonstrate that GMoE achieves
competitive performance relative to the baselines
while using substantially fewer model parameters.
Furthermore, our analysis shows that GMoE in-
duces diverse and semantically specialized routing
paths, suggesting meaningful expert specialization.
Consequently, GMoE represents a promising di-
rection for deploying efficient MoE architectures
in resource-constrained environments, potentially
including on-device/edge settings where conven-
tional MoE models are often impractical due to
their large memory footprint.
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Limitations

While GMoE demonstrates promising parameter ef-
ficiency and competitive performance, several limi-
tations remain. First, due to computational resource
constraints, our experiments were confined to mod-
els with up to 1.9B parameters trained on 50B to-
kens. Given that state-of-the-art LLMs are trained
at substantially larger scales, it remains important
for future work to verify whether the advantages of
GMOoE persist at larger model sizes and with much
larger training corpora, and whether they continue
to align with scaling-law trends. We provide ad-
ditional analysis of expert utilization across the
Small, Base, and Large models, measured by load
balance entropy, in Appendix F. Second, the core
mechanism of logit propagation relies on the contin-
uous evolution of router hidden states, necessitating
the placement of MoE layers in every Transformer
block. This design deviates from the conventional
practice of interleaving MoE layers (e.g., every
other block) and may increase routing overhead.
Future work should explore extending the architec-
tural flexibility of GMoE to non-continuous MoE
layer configurations while preserving its benefits.
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A Layer-wise Transformations

A defining feature of GMOoE is that the Global Ex-
perts are shared across all layers. While this de-
sign substantially reduces model parameters and
prevents inter-layer redundancy, it also raises a
potential concern: sharing the same FFN experts
across layers may blur functional layer boundaries
and weaken the functional role of individual lay-
ers. GMOoE is explicitly designed to mitigate this
risk. Each layer is equipped with a dedicated Lo-
cal Expert that remains layer-specific, and routing
decisions are coupled across layers through logit
propagation. In this section, we empirically ex-
amine whether these mechanisms are sufficient to
ensure that each layer still performs a nontrivial
transformation of its input, despite sharing Global
Experts across layers.

To this end, we analyze layer-wise representa-
tion changes using the Layer Effect Index (LEI),
which measures the dissimilarity between a layer’s
input and output representations. For layer [, LEI
is defined as:

i

I ||2 Iy lla

LEI®)

An LEI value close to zero indicates near-identity
behavior, whereas larger values indicate stronger
representational updates.

We observe clear layer-wise differences in LEI
for GMoE and the baselines. Despite sharing
Global Experts across layers, GMoE consistently
exhibits high LEI values throughout the network.
In several layers, LEI exceeds 1.0, which occurs
when the cosine similarity between input and out-
put representations becomes negative, indicating
strong reorientation in representation space. By
contrast, for the conventional baselines that ap-
ply MoE layers to every other Transformer block,
we observe a different pattern. MoE layers tend
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to exhibit lower LEI values, while the remaining
dense FFN layers show relatively higher LEI. No-
tably, although these dense layers are architec-
turally identical to those in Dense, Dense itself
displays uniformly low LEI across layers. Quanti-
tatively, GMoE achieves the highest average LEI
(1.09), followed by Hash (1.02), GShard (1.00),
Switch (0.95), and Dense (0.76). These results in-
dicate that sharing Global Experts in GMoE does
not weaken the functional role of individual layers;
rather, each layer continues to contribute meaning-
ful representational transformations.

B Experimental Setup Details

Hyperparameters Small Base Large
Embedding & Hidden Size 512 768 1,024
FFN Inner Hidden Size 2,048 3,072 4,096
Number of Attention Heads 8 12 16
Number of Transformer Blocks 6 12 24
Number of MoE Layers 3 6 12
Sequence Length 1,024

Batch Size 524K tokens
Optimizer AdamW
Weight Decay / Betas 0.1/(0.9,0.95)
Maximum Learning Rate 3e-4
Learning Rate Scheduler Cosine Decay
Total Training Steps 95K
Warm-up Ratio 0.1

Gradient Clip Norm 1.0

Capacity Factor 1.25
Load-Balance Loss 0.01

Table 6: Hyperparameter configurations for Small, Base,
and Large models.

Table 6 presents the detailed hyperparameter
configurations employed for pre-training the Small,
Base, and Large model variants used in our experi-
ments.

C Memory Efficiency Analysis

In this section, we analyze the memory efficiency
of the proposed architecture, which is a critical fac-
tor for deploying LLMs in resource-constrained en-
vironments. To ensure a rigorous comparison, peak
memory usage was measured on a single NVIDIA
A100 GPU using bfloat16 precision with a fixed
batch size of 64.

As shown in Table 7, GMoE maintains a mem-
ory footprint comparable to Dense across all scales,

Model  Peak Memory Usage
(GB) |
Small Model
Dense 1.15
Switch 1.68
GShard 1.69
Hash 1.69
GMoE 1.26
Base Model
Dense 1.81
Switch 4.20
GShard 4.19
Hash 4.19
GMoE 1.98
Large Model
Dense 3.58
Switch 12.03
GShard 12.03
Hash 12.02
GMoE 3.63

Table 7: Peak memory usage analysis across Small,
Base, and Large models. Values represent the peak
allocated GPU memory, excluding the reserved cache.

effectively mitigating the high memory cost typ-
ically associated with MoE architectures. The
disparity in memory usage becomes particularly
pronounced as the model scale increases. For
the Large model, while the memory consumption
of conventional MoE baselines surges to approxi-
mately 12.03 GB, GMoE remains highly efficient
at 3.63 GB——closely tracking the 3.58 GB footprint
of Dense. This result confirms that GMoE success-
fully decouples the model’s effective capacity from
its physical memory requirements, offering a prac-
tical solution for deploying high-capacity models
within limited VRAM budgets.

D Additional Results

D.1 Matched Model Parameters

Table 8 further evaluates the models under matched
model parameters. We downscale the baselines by
reducing the FFN inner hidden size to 731 so that
their model parameters align with those of GMOoE,
and perform this comparison for the Base model.
Under these matched model parameters, GMoE
achieves lower perplexity than the baselines, indi-
cating more effective utilization of model param-
eters. These results provide additional evidence
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Model #Params  #Experts ThePile  CC100  OpenWebText  WikiText-103 Avg |
Switch 204M 16 10.77 52.83 2521 48.92 3443
GShard 204M 16 10.91 52.32 25.66 51.43 35.08
Hash 204M 16 11.26 54.18 26.47 54.69 36.65
GMoE 204M 16 10.39 50.16 24.15 48.58 33.32

Table 8: Comparison of MoE architectures under matched model parameters using perplexity. Lower values indicate
better performance. All baselines are scaled to match the model parameters of GMoE by reducing the FFN inner

hidden size to 731.

Model ARC-C  ARC-E  BLiMP  HellaSwag  OBQA PIQA RACE | Avg?
Switch 20.48 43.94 76.49 27.73 14.60 60.94 26.32 38.64
GShard 17.92 43.56 76.66 28.09 15.00 60.99 27.08 38.47
Hash 19.54 43.31 77.56 27.76 14.20 61.48 27.37 38.75
GMoE 19.97 45.08 77.49 28.39 15.00 61.64 29.00 39.51

Table 9: Comparison of MoE architectures under matched model parameters on downstream benchmarks using

accuracy. Higher values indicate better performance.

that GMoE mitigates compounded redundancy and
improves parameter efficiency.

Table 9 reports downstream benchmark perfor-
mance under the same matched-parameter setting.
Under this setting, GMoE consistently achieves ei-
ther the top-1 or top-2 accuracy across all evaluated
benchmarks. These results further demonstrate that
the parameter efficiency of GMOE translates into
effective downstream generalization, rather than
being limited to language modeling performance.

D.2 Matched Activated Parameters

To further examine whether the performance gains
of GMOE stem merely from increased per-token
compute (i.e., higher activated parameters), we con-
ducted a controlled comparison under a matched
activated parameter setting. We selected two strong
baselines, Switch-SE and GShard, and upscaled
their FEN inner hidden size to 4,096. This adjust-
ment aligns their activated parameters with those
of GMoE-Max.

Model # Params  # Activated Params  Avg |
Switch-SE 776M 181M 29.22
GShard 700M 181M 29.74
GMoE-Max 546M 181M 29.29

Table 10: Comparison of MoE architectures under
matched activated parameters using average perplexity
on the Base model. To match the activated parameters
of GMoE-Max, the baselines are upscaled by increasing
the FFN inner hidden size to 4,096.

As presented in Table 10, GMoE-Max achieves
competitive perplexity compared to the upscaled
baselines. Notably, GMoE-Max matches Switch-

SE within a small margin while using only 0.70x
the model parameters. Moreover, GMoE-Max
attains lower perplexity than GShard with fewer
parameters, using only 0.78 x the model parame-
ters. This suggests that even when the activated-
parameter budget is equalized, the architectural ad-
vantages of Global Experts and logit propagation
enable more efficient parameter utilization. Over-
all, these results indicate that the effectiveness of
GMOoE stems primarily from its architectural design
rather than simply increased activated parameters.

E Analysis Metrics Details

In this section, we provide the formal definitions
and mathematical formulations for the metrics used
in Section 5.

For a set of MoE layers £ = {l1,...,lx}, the
routing path of token ¢ is formally defined as:

(1) (l2) N

ry = (e; ¢ e(lM))

<y €y

; ®

where eg) € {1,..., N} denotes the top-1 expert
index at layer I. Let {F;}/<, denote the set of
unique paths observed in {r;}7_;, and let n(¥) be
the number of tokens assigned to ry. This yields
the empirical distribution:

_ n(f'k)
p(Ty) = =K - O (10)
2 k=1 M(Tw)
and the corresponding path entropy:
K
Hyon = — Y p(Fx) logy p(rx), (1)
k=1

where K is the number of unique paths.
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To evaluate the semantic consistency of routing
paths, we utilize three complementary metrics. Let
Cy, be the set of tokens belonging to the k-th path
(k=1,...,K), with ny, = |Cg|, and let p;, denote
the centroid of cluster C. The global centroid is
denoted by .

kNN Purity. This metric measures the local la-
bel consistency of clusters. For a sample x; with
path label y;, purity is the fraction of its k£ nearest
neighbors sharing the same label:

ZZ

= x5 EN( x,)

Purity = =y;), (12)

where Ny (x;) denotes the set of k nearest neigh-
bors.

Inter/Intra Ratio. We define the intra-cluster dis-
tance Dinyna and inter-cluster distance Diyeer using
cosine distance:

Dintra = T Z Z (1 — cos(x, py)), (13)

XECk
2

Din r —
KK —1)

1<i<j<K
(14)

We report the ratio Dinter/Dintra s @ single sum-
mary statistic.

Calinski-Harabasz Index (CHI). CHI is defined
as:
Tr(Bxg) T-K
CHI = 15
W) < K-1 1Y

where T is the total number of samples, By =

Zszl ng(pg — ) (g, — )7 is the between-group
; . . K

dispersion matrix, and W =3, > o (x

) (x — py)7 is the within-group dispersion ma-

trix.

F Load Balancing Analysis

To further examine the scalability of GMoE from
the perspective of expert utilization, we report addi-
tional load balancing analysis across Small, Base,
and Large model configurations. Since GMoE
shares a set of global experts across layers, an im-
portant question is whether expert utilization re-
mains well-balanced as the model scale increases.
To study this, we quantify how uniformly routing
probability is distributed across experts.

Z (1- COS(Nz‘aﬂj)) :

Model Load Balance Entropy 1
Small Model
Switch 2.32
Switch-SE 2.22
GShard 2.21
GMoE 2.56
Base Model
Switch 2.36
Switch-SE 248
GShard 2.27
GMoE 2.60
Large Model
Switch 2.50
Switch-SE 2.62
GShard 2.58
GMoE 2.69

Table 11: Comparison of Load Balance Entropy across
Small, Base, and Large models. Higher values indicate
better expert utilization, and the theoretical maximum
with 16 experts is approximately 2.77.

We quantify expert utilization using Load Bal-
ance Entropy. For each MoE layer [, we first com-
pute the average routing probability of expert ¢
across tokens:

(16)

ZPW

(@)

where p, ; denotes the routing probability assigned
to expert ¢ for token ¢ at layer /. We then define the
layer-wise load balance entropy as

N
_(D) . (1
— Z pg ) In pl(» ).
i=1
Finally, we report the average across MoE layers:

ZH

leL

(17)

(18)

Higher values indicate better expert utilization. In
our setting with 16 experts, the theoretical max-
imum for each layer is approximately In(16) ~
2.77. For GMOE, this entropy is computed over
the Global Experts only, excluding the always-on
Local Expert.

Table 11 shows that GMoE consistently achieves
higher Load Balance Entropy than the baselines
across all model sizes. Notably, in the Large model
setting, GMoE reaches an entropy of 2.69, which is
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close to the theoretical maximum of approximately
2.77. These results suggest that GMoE maintains
well-balanced expert utilization as the model scales
within the evaluated range.

G Expert Count Scaling

In this section, we clarify a fundamental scaling
difference between conventional MoE architectures
and GMOoE. In conventional MoE architectures, ex-
perts are instantiated independently at each layer.
Therefore, if each layer contains Fper.jayer €Xperts
and the model has L layers, the total number of
experts scales as

Ntotal =L x Eper—layer- (19)

In contrast, GMoE decomposes the expert mod-
ule into layer-specific Local Experts and Global
Experts shared across layers. Under this design,
the total number of experts scales as

Niotat = L X Ejgcal + Eglobal; (20)

where Ejocq denotes the number of Local Experts
assigned to each layer, and Fgjoba denotes the num-
ber of Global Experts shared across all layers.

This design leads to a fundamentally different
scaling behavior. In conventional MoE architec-
tures, the total number of experts grows proportion-
ally with both the number of layers and the number
of experts per layer. In GMoE, by contrast, only
the Local Experts scale with the number of layers,
while the Global Experts are instantiated once and
reused across layers. As a result, GMoE can in-
crease expert capacity while requiring substantially
fewer model parameters.

For example, when L = 100, Ejocq1 = 1, and
Egobat = 1,000, GMOE contains a total of 1,100
experts. Under a conventional MoE design with
1,000 experts at each layer, the total number of
experts would instead be 100,000. This example
illustrates how sharing Global Experts across layers
changes the scaling property of the architecture.
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