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Abstract

Transformer-based large language models of-
ten suffer from inter-layer parameter redun-
dancy, where functional transformations are
redundantly learned across network depths. We
propose CS-MoE, a novel Transformer archi-
tecture featuring cross-layer expert sharing to
address this inefficiency. Deviating from the
widely used Mixture-of-Experts (MoE) archi-
tecture that terminates each Transformer block
with layer-isolated experts, CS-MoE combines
layer-independent experts with concurrent ac-
cess to a centralized, globally shared expert
pool. This Global Experts Sharing mecha-
nism enables elastic control over token-level
parameter activation and computational con-
sumption (FLOPs). Experiments demonstrate
that CS-MoE achieves lower perplexity than
equal-scale dense Transformers while activat-
ing only 55% of parameters. Furthermore, its
performance scales monotonically with an in-
creased number of activated experts and ap-
proaches MoE counterparts that consume more
FLOPs by expanding the shared pool without
increasing FLOPs. CS-MoE also establishes a
flexible Pareto frontier between computational
cost and model capacity, offering an efficient
alternative for computation-constrained envi-
ronments.

1 Introduction

The proliferation of Transformer-based architec-
tures has catalyzed the success of Large Lan-
guage Models (LLMs), but scaling toward trillion-
parameter regimes yields diminishing marginal re-
turns in efficiency (Dai et al., 2024; Muennighoff
et al., 2025). Empirical inquiries into weight prun-
ing, model compression (Shazeer et al., 2017; Lep-
ikhin et al., 2020), and activation dynamics sug-
gest that dense networks suffer from significant
activation redundancy, wherein a substantial por-
tion of Feed-Forward Network (FFN) parameters

*Equal contributions.
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Figure 1: PPL of MoE models with random expert
replacement and deliberate expert replacement based on
CKA analysis.

contributes negligibly to the final output for any
given input token (Contributors, 2025). This la-
tent underutilization leads to a suboptimal ratio of
information density to computational expenditure
during inference.

The Mixture-of-Experts (MoE) paradigm has
emerged as a standard solution, substituting dense
layers with sparse experts and selectively activating
a subset (Top-K) per token to decouple total model
capacity from active computation (FLOPs) (Yun
et al., 2024; Jiang et al., 2024). However, conven-
tional MoE designs rely on layer-isolated experts,
introducing parameter redundancy by preventing
the network from exploiting functional recurrence
across different depths (Jin et al., 2024; Wen et al.,
2025; Yang et al., 2024). To investigate this, we
conduct a pilot study replacing deep-layer experts
with functionally equivalent shallow counterparts
identified via Centered Kernel Alignment (CKA)
(details in Appendix B). As illustrated in Figure 1,
this CKA-based expert substitution incurs only
moderate perplexity degradation and substantially
outperforms random replacement, indicating that
experts are largely interchangeable across depths.

Based on these insights, we propose CS-MoE, a
novel Transformer architecture that bypasses layer
isolation via a Global Experts Sharing mechanism.
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First, a Fixed Path comprising a small set of In-
dependent Experts is unconditionally activated at
each layer to capture depth-specific features such as
hierarchical syntax. Additionally, a Dynamic Path
grants all layers concurrent access to a global ex-
pert pool. By employing a layer-specific router to
select proportional experts from this global reposi-
tory, CS-MoE preserves the hierarchical integrity
of the Transformer while maximizing parameter
reutilization.

In experiments, we validate the efficacy of CS-
MoE across model scales ranging from 0.6B to 12B
parameters. Extensive results demonstrate its three-
fold advantages: 1) CS-MoE achieves superior pa-
rameter efficiency, outperforming dense baselines
in perplexity while requiring only 55% active pa-
rameters. 2) Its performance scales monotonically
with the expert activation count (K), leveraging
the capacity of the shared pool; 3) The architecture
offers a flexible Pareto frontier, providing a highly
efficient alternative in FLOP-constrained environ-
ments equivalent to the performance of standard
MoE by scaling the shared experts pool.

2 Methodology

2.1 Formalization and Topology
We formalize the Transformer Feed-Forward Net-
work through a generalized Mixture-of-Experts
(MoE) framework. In this view, a standard dense
Transformer represents a constrained instance of
this topology with a single, active expert (N =
1,K = 1) per layer. A sparse MoE Transformer
scales parameter capacity via a larger pool of ex-
perts (N > 1) while restricting active computation
to a small subset (K ≪ N ). CS-MoE generalizes
these paradigms into a dual-tier topology. It an-
chors a localized set of experts to specific layers to
capture depth-dependent features, while providing
a centralized, shared expert pool accessible across
all layers. This design allows individual experts
to participate in multiple stages of the network,
bypassing traditional layer isolation to maximize
parameter utility and computational efficiency.

2.2 CS-MoE Architecture
As illustrated in Figure 2, CS-MoE restructures
each Transformer layer l ∈ {1, . . . , L} into a dual-
path execution model: a Fixed Path consisting of
layer-specific Independent Experts and a Dynamic
Path drawing from a global Shared Expert Pool.
The total expert set available to the network is par-
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Figure 2: Overview of Transformer architectures: MoE
(upper left), dense (upper right), and our CS-MoE
(lower). The dashed box indicates a virtual router.

titioned as follows:

Etotal =
(

L⋃

l=1

E(l)
indep

)
∪ Eshared

where E(l)
indep = {e(l)1 , . . . , e

(l)
N } contains N inde-

pendent experts private to layer l, and Eshared =
{s1, . . . , sM} is a large, centralized repository of
M experts accessible by every layer in the Trans-
former stack. In this configuration, the execution
logic for each layer follows two distinct principles:

• Routing-free Fixed Path: Each layer l activates
its own N Independent Experts (E(l)

indep) uncondi-
tionally for every token. This ensures a baseline
of depth-specific transformation capacity without
the overhead of routing, effectively maintaining
the reliability of dense architectures.

• Sparse Dynamic Path: The routing mechanism
in CS-MoE is exclusively restricted to the Shared
Expert Pool. For each token at layer l, a layer-
specific router selects and activates k experts
from Eshared. Crucially, because the shared pool
is universal, a specific shared expert sj may be
activated simultaneously across multiple layers
for the same or different tokens, allowing for
extreme longitudinal parameter reuse.

Consequently, the total computation of a sin-
gle layer is composed of N independent experts
and k routed shared experts, resulting in a total of
k+N activated experts per layer. This hybrid struc-
ture allows CS-MoE to simulate the capacity of an
ultra-wide MoE while maintaining a lean physical
parameter footprint.

52377



2.3 Hybrid Activation and Routing Strategy
The execution of a CS-MoE layer is defined by
the simultaneous processing of these two paths.
Given a token representation hl ∈ Rd, the routing
mechanism manages only the dynamic path (the
shared pool).

Shared Path Routing: The layer-specific router
Rl computes scores sl for the M shared experts:

sl = Wr,lhl

where Wr,l ∈ RM×d. We then apply a Top-K
gating function to select the most relevant shared
experts:

gl = Softmax(TopK(sl,K))

Output Aggregation: The final output of the
layer, ol, is the sum of the dense independent ex-
perts and the sparsely activated shared experts:

ol =

Nindep∑

j=1

Expert(l)e,j(hl)

︸ ︷︷ ︸
Fixed Path

+
∑

i∈TopK

gl,i · Experts,i(hl)

︸ ︷︷ ︸
Dynamic Path

This design ensures that every token benefits
from Nindep specialized parameters tailored to the
current layer’s depth, while simultaneously draw-
ing from K experts in the global pool. By adjusting
K and M , the architecture can precisely tune the
ratio of compute-to-parameters, effectively break-
ing the linear relationship between model depth
and parameter count.

2.4 Layer-wise Load Balancing
To prevent the shared pool from suffering from
expert collapse - where a few experts dominate the
routing across all layers - we implement a layer-
wise auxiliary load-balancing loss L(l)

aux. This loss
is calculated specifically for the shared expert pool
at each layer to ensure diverse utilization.

For a batch of T tokens, the balancing loss is
defined as:

L(l)
aux = M

M∑

i=1

fl,i · Pl,i

Where fl,i is the fraction of tokens in the batch that
selected shared expert i at layer l, and Pl,i is the
average routing probability assigned to that expert.
The total objective function is:

Ltotal = LLM + α
L∑

l=1

L(l)
aux

where α is the balancing coefficient. This en-
sures that the shared pool remains a robust, multi-
functional resource throughout the training process.

3 Experiments

3.1 Experimental Setup
We evaluate the efficiency, scalability, and struc-
tural convergence of CS-MoE across scales rang-
ing from 0.6B to 12B parameters using the Qwen3
architecture (Yang et al., 2025) as our experimental
backbone. Detailed architectural dimensions and
layer allocations are provided in Appendix C.

Efficiency Metric To quantify parameter reuse
within our dual-path design, we define the Expert
Utilization Ratio (EUR) (ρ):

ρ =

∣∣∣
⋃L

l=1 Sl

∣∣∣
min(M, δ)

,

where M is the physical capacity of the shared
pool, Sl is the set of shared experts activated at
layer l, and δ =

∑L
l=1 |Sl| is the cumulative ex-

pert query volume. The term min(M, δ) ensures
normalization across different allocation budgets.

3.2 Architectural Efficiency and Scalability
Our pre-training workflow utilizes an integrated
high-quality corpus of WuDao (Yuan et al., 2021)
and DCLM (Li et al., 2024b) for 12,500 steps with
an effective batch size ≈ 1M tokens. Perplexity
(PPL) is used to trace training dynamics.

Parameter Expansion vs. Dense Baselines We
compare CS-MoE directly against Dense Trans-
formers under matched parameter and FLOP bud-
gets. As illustrated in Figure 3, CS-MoE consis-
tently achieves lower pre-training perplexity across
all model scales (exact numerical values in Ap-
pendix D.1, Table 7). Crucially, CS-MoE exhibits
a strong “Parameter Expansion” effect: an 8B
CS-MoE model activating only 55% of its phys-
ical parameters per forward pass outperforms a
fully activated 8B Dense baseline (PPL 9.55 vs.
9.75), demonstrating that cross-layer expert reuse
expands effective representational capacity without
increasing active FLOPs.

Dynamic Compute Allocation In Figure 4, we
evaluate the scaling behavior of CS-MoE by in-
creasing the Top-K activation count while keeping
the parameter count fixed. The results demonstrate
monotonic perplexity reductions as active compute
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(a) PPL of 0.6B Models. (b) PPL of 1.7B Models. (c) PPL of 4B Models. (d) PPL of 8B Models.

Figure 3: Comparison between CS-MoE and Dense models.

(a) PPL of 0.6B-AxB Models. (b) PPL of 1.7B-AxB Models. (c) PPL of 4B-AxB Models.

Figure 4: Comparison among CS-MoE models with varying activations.

(a) PPL of 8B-A4B Models. (b) PPL of 12B-A4B Models.

Figure 5: Comparison between CS-MoE and Sparse
MoE models with equal activations.
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Figure 6: Efficiency analysis of CS-MoE models.

increases (e.g., 0.6B-A1.7B reaches 13.11 PPL vs.
13.48 for 0.6B-A0.6B). Unlike rigid dense models,
CS-MoE allows dynamic FLOP scaling at infer-
ence time by tuning the routing budget into the
centralized pool.

Convergence to Sparse MoE Baselines In Fig-
ure 5, we strictly align both the total parameter foot-
print (HBM storage) and active FLOPs between
CS-MoE and standard MoEs with layer-isolated
experts. CS-MoE achieves lower perplexity (9.65
vs. 9.70 at 8B scale, 9.19 vs. 9.40 at 12B scale).
As depicted in Figure 6, expanding the shared pool

Table 1: Downstream benchmark accuracy (%) on
C-Eval and AQuA across training checkpoints.

Steps 0.6B / -A0.9B 1.7B / -A4B 4B / -A8B

Dense CS-MoE Dense CS-MoE Dense CS-MoE

C-Eval (Multi-discipline Chinese Evaluation)
2,500 28.2 31.5 30.1 31.7 29.3 29.8
7,500 35.1 39.3 36.4 40.1 35.6 41.0
12,500 37.5 41.9 38.6 42.3 40.7 43.2

AQuA (Multi-step Algebraic Reasoning)
2,500 22.4 26.1 21.8 28.5 27.2 33.6
7,500 29.1 34.0 29.8 34.3 36.1 37.2
12,500 31.2 36.4 32.6 37.8 39.1 40.5

size (M ) drives the EUR (ρ) toward 1.0, asymp-
totically recovering the capacity upper bound of
standard MoEs while maintaining flexible parame-
ter sharing.

3.3 Evaluation on Downstream Benchmarks
We evaluate cross-scale downstream generaliza-
tion on C-Eval (Nguyen et al., 2024) (a compre-
hensive Chinese benchmark spanning 52 domains)
and AQuA (Ling et al., 2017) (multi-step alge-
braic reasoning). As summarized in Table 1, CS-
MoE consistently surpasses the Dense baseline
across all evaluated parameter scales and interme-
diate checkpoints. Crucially, the performance ad-
vantage is most pronounced under severe param-
eter constraints at the 0.6B scale, delivering final
gains of +4.4% on C-Eval and +5.2% on AQuA;
this highlights that concurrent access to a central-
ized shared pool effectively compensates for the
restricted capacity of smaller models. Furthermore,
CS-MoE exhibits substantially accelerated conver-
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Table 2: Downstream performance comparison at 8B
scale after full-scale pre-training on 4.5 trillion tokens.

Benchmark 8B Dense Baseline 8B-A8B CS-MoE (Ours) Diff (∆)

BBH (Suzgun et al., 2023) 0.2867 0.7507 +0.4640
CMMLU (Li et al., 2024a) 0.7417 0.7942 +0.0525
ARC (Clark et al., 2018) 0.6875 0.7300 +0.0425
GSM8K (Cobbe et al., 2021) 0.9400 0.9450 +0.0050
C-Eval (Huang et al., 2023) 0.6996 0.7038 +0.0042
IFEval (Zhou et al., 2023) 0.4300 0.4005 -0.0295
MATH (Hendrycks et al., 2021) 0.7930 0.6660 -0.1270

gence dynamics, matching or exceeding the Dense
baseline’s final performance (12,500 steps) within
merely 5,000 to 7,500 training steps, confirming
that cross-layer expert sharing expedites knowledge
acquisition throughout the pre-training lifecycle.

To evaluate long-term convergence and scaling
stability, our 8B CS-MoE model is subjected to
full-scale pre-training across a 4.5-trillion-token
corpus expanded with Ultra FineWeb (Wang et al.,
2025) (details in Appendix C). The models were
evaluated zero/few-shot across seven diverse bench-
marks spanning multi-step reasoning (BBH (Suz-
gun et al., 2023), GSM8K (Cobbe et al., 2021)),
domain knowledge (CMMLU (Li et al., 2024a),
C-Eval (Huang et al., 2023), ARC (Clark et al.,
2018)), instruction following (IFEval (Zhou et al.,
2023)), and complex mathematics (Competition
Math (Hendrycks et al., 2021)).

As shown in Table 2, CS-MoE achieves substan-
tial improvements over the Dense baseline on com-
plex reasoning (BBH +0.4640), world knowledge
(CMMLU +0.0525, ARC +0.0425), and mathe-
matical problem-solving (GSM8K +0.0050). We
observed steady convergence with zero expert col-
lapse throughout the 4.5T-token trajectory. Minor
trade-offs observed on Competition Math and IFE-
val can be attributed to raw pre-training alignment
sensitivity, which is typically addressed during tar-
geted supervised fine-tuning.

3.4 Ablation Studies
To isolate the contributions of individual architec-
tural choices, we conducted systematic ablation
experiments under strictly controlled parameter
and activation budgets at the 4B scale, as summa-
rized in Table 3. First, evaluating the independent
expert allocation reveals that anchoring at least
one layer-private expert (Nindep = 1) is essential
for capturing depth-specific syntactic representa-
tions; eliminating it entirely (Nindep = 0) causes
severe performance degradation (10.32 vs. 10.08
PPL), while allocating additional private experts
(Nindep = 2) yields diminishing returns due to

Table 3: Ablation results of architectural components
under matched 4B parameters and 4B activations.

Ablation Setting PPL ↓ C-Eval ↑ AQuA ↑

1. Independent Expert Allocation (Nindep)
Nindep = 0 (Shared pool only) 10.32 41.8 39.5
Nindep = 1 (Default) 10.08 43.2 40.5
Nindep = 2 10.11 43.0 40.3

2. Router Architecture
Centrally Shared Router 10.29 41.9 39.6
Layer-Specific Router (Default) 10.08 43.2 40.5

3. Load Balancing Coefficient (α)
α = 0.0 (No balancing / Collapse) 10.35 41.4 39.2
α = 0.01 (Default) 10.08 43.2 40.5
α = 0.1 10.13 42.8 40.1
α = 0.5 10.12 42.0 39.6

4. Cross-Layer Parameter Tying Paradigm
Static Parameter Tying (ALBERT-style) 12.74 38.4 37.6
Standard Dense (Untied Baseline) 10.45 40.7 39.1
CS-MoE Dynamic Sharing (Ours) 10.08 43.2 40.5

shrinking the shared pool capacity. Second, our
layer-specific routing policy markedly outperforms
a globally shared router (10.08 vs. 10.29 PPL),
demonstrating that different network depths re-
quire customized gating decisions to process hi-
erarchical abstractions. Third, tuning the auxil-
iary load-balancing coefficient demonstrates that
while omitting balancing loss (α = 0) triggers ex-
pert collapse (10.35 PPL), an intermediate penalty
(α = 0.01) effectively balances pool utilization
without over-constraining the model’s natural rout-
ing preferences. Finally, benchmarking against
classical cross-layer parameter tying illustrates the
fundamental advantage of our design: while rigid
ALBERT-style weight sharing severely impairs rep-
resentational capacity (12.74 PPL), CS-MoE’s dy-
namic routing reuses weights adaptively across lay-
ers, surpassing even the standard untied Dense base-
line (10.45 PPL) while maintaining high parameter
efficiency.

4 Conclusion

We presented CS-MoE, a Transformer architecture
featuring cross-layer expert sharing. By coupling
depth-localized independent experts with a glob-
ally shared expert pool, CS-MoE breaks inter-layer
parameter isolation while preserving hierarchical
representation. Extensive evaluations across model
scales and training regimes demonstrate its lower
perplexity, higher parameter utilization, and supe-
rior downstream task performance compared to
dense and sparse baselines.
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Limitations

While CS-MoE demonstrates superior parameter
efficiency and promising scaling properties, sev-
eral limitations and open challenges remain to be
addressed in future work:

• Generalization at Ultra-Large Model Scales:
Due to constrained computational and hardware
resources, our empirical validation is conducted
up to the 12B scale. The scaling dynamics, rout-
ing stability, and Pareto efficiency of CS-MoE
on ultra-large regimes (e.g., 70B+ parameters)
remain to be rigorously verified.

• Distributed Infrastructure and Acceleration:
The architectural topology of CS-MoE funda-
mentally departs from both dense Transformers
and standard layer-isolated MoEs. Current main-
stream distributed frameworks (e.g., standard Ex-
pert Parallelism and Pipeline Parallelism) are not
tailored for a centralized, cross-layer shared ex-
pert pool. While CS-MoE possesses significant
untapped potential for training throughput and in-
ference acceleration via cross-layer weight reuse
and caching, fully unlocking these speedups re-
quires dedicated system-level infrastructure, such
as custom communication primitives and opti-
mized routing kernels.

• Training Paradigms and Adaptation Tech-
niques: This study strictly evaluates CS-MoE
trained under the supervision of next-token pre-
diction. The behavior and efficacy of cross-layer
expert sharing under post-training alignment
pipelines (e.g., RLHF, DPO, or test-time rein-
forcement learning) have not yet been established.
Additionally, downstream parameter-efficient
fine-tuning (PEFT) strategies (e.g., LoRA) war-
rant specialized study, as naively adapting or
tying shared experts across different network
depths may require depth-aware adaptation mech-
anisms.
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A Related Work

A.1 Mixture-of-Experts Transformers
Mixture-of-Experts (MoE) has emerged as the lead-
ing paradigm for scaling Transformer capacity
while maintaining constant computational costs
per token. Foundational works established the
sparsely-gated MoE layer (Shazeer et al., 2017)
and demonstrated its scalability to hundreds of
billions of parameters through automatic shard-
ing (Lepikhin et al., 2020). The Switch Trans-
former (Fedus et al., 2022) further optimized this
via Top-1 routing, significantly improving training
efficiency over dense baselines. Recent innova-
tions have focused on refining routing granular-
ity and expert specialization. DeepSeekMoE (Dai
et al., 2024) and DeepSeek-V2 (Shao et al., 2024)
introduced fine-grained expert segmentation and
shared experts to better capture common knowl-
edge, while Mixtral (Jiang et al., 2024) validated
the efficacy of Top-2 routing for open-weight mod-
els. Further architectural refinements include OL-
MoE (Muennighoff et al., 2025), which provides
open-source scaling insights, and MoE++ (Jin et al.,
2024), which utilizes zero-computation experts to
reduce FLOPs. Efficiency is further pushed by X-
MoE (Yang et al., 2024) through threshold-based
routing and Seqtopk (Wen et al., 2025), which
shifts from token-level to sequence-level routing to
minimize communication overhead. Most recently,
MiMo-V2-Flash (Team, 2026) has optimized ultra-
sparse designs specifically for agentic workflows.
Despite these diversities in routing and granular-
ity, existing MoE architectures share a fundamental
constraint: layer-wise isolation. Experts are strictly
confined to their respective depths, preventing the
exploitation of cross-layer semantic redundancies.
Our proposed CS-MoE addresses this limitation
by enabling longitudinal expert reusability, thereby
maximizing parameter utility across the entire net-
work hierarchy.

A.2 Parameter Sharing in Transformers
Parameter sharing has long served as a vital mech-
anism for enhancing model generalization and ef-
ficiency, with early research focusing on weight
tying between embedding and output layers (Press
and Wolf, 2017) in Transformers. This evolved
into the full cross-layer parameter sharing intro-
duced by ALBERT (Lan et al., 2020), though its
reliance on uniform sharing at every depth inher-
ently limits the model’s ability to learn specialized
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representations. While subsequent investigations
in DeBERTa (He et al., 2021) and PaLM (Chowd-
hery et al., 2023) identified functional similarities
across layers, and Universal Transformers (De-
hghani et al., 2019) proposed recurrent sharing,
these approaches often introduce sequential bot-
tlenecks that compromise parallelization. Within
the Mixture-of-Experts (MoE) domain, most archi-
tectures maintain strict layer-wise isolation of ex-
perts (Shazeer et al., 2017; Lepikhin et al., 2020; Fe-
dus et al., 2022). DeepSeekMoE (Dai et al., 2024)
attempted to bridge this gap with "shared experts,"
yet these remain restricted to intra-layer application
and do not exploit the longitudinal redundancies
observed in recent analyses like MoE++ (Jin et al.,
2024). CS-MoE addresses these fundamental con-
straints by implementing a dual-tier hierarchy that
balances independent, depth-specific experts with
a global shared pool. Unlike the rigid uniformity
of ALBERT or the static recurrence of Universal
Transformers, CS-MoE utilizes per-token dynamic
routing to enable genuine inter-layer allocation,
thereby achieving superior parameter efficiency
while preserving the essential hierarchical capacity
of deep Transformer networks.

B Pilot Study

B.1 Implementation Details
We conducted our analysis using a pre-trained
Qwen3-MoE-4B model, which features 36 Trans-
former layers and 4 experts per layer (N = 4, Top-
K = 1). The study was performed on a held-out
validation set of 50,000 tokens sampled from the
DCLM corpus to ensure statistical significance in
activation patterns.

Representational Similarity Analysis. To
quantify the functional overlap between experts
without being misled by the permutation invari-
ance of neural weights, we employed Centered
Kernel Alignment (CKA). Unlike Cosine similar-
ity, CKA is invariant to orthogonal transformations
and isotropic scaling, making it the standard for
comparing internal representations.

For two expert weight matrices W (l)
i and W

(l′)
j

from layers l and l′, we computed the linear CKA
score as follows:

CKA(K,L) =
HSIC(K,L)√

HSIC(K,K)HSIC(L,L)

where K = XXT and L = Y Y T are the Gram ma-
trices of the activations produced by the respective

Table 4: Validation perplexity increase (+∆ PPL) under
targeted CKA vs. random expert substitutions.

Substitution Type Direction +∆ PPL (ESR=5%) +∆ PPL (ESR=20%)

Targeted (CKA) Shallow → Deep +1.22 +3.45
Targeted (CKA) Deep → Shallow +1.54 +3.98

Random Swap Shallow ↔ Deep +4.20 +12.80
Random Control Arbitrary Layer Swap +4.15 +15.30

experts, and HSIC is the Hilbert-Schmidt Inde-
pendence Criterion. A high CKA score (> 0.85)
between a shallow-layer expert and a deep-layer ex-
pert served as our primary indicator of longitudinal
redundancy.

Zero-Shot Expert Substitution Protocol. To
verify the interchangeability of experts, we imple-
mented a greedy substitution algorithm:

1. Selection: For each expert in the target “Deep”
layers (layers 24-32), we identified a “Source”
expert from the “Shallow” layers (layers 1-8)
that maximized the CKA score.

2. Replacement: We performed a direct parameter
swap, replacing the weights of the Deep expert
with the weights of its Shallow counterpart.

3. Inference: We measured the change in model
perplexity on the validation set without any gra-
dient updates or fine-tuning.

4. Baseline: As a control, we performed random
substitutions of equal magnitude.

The moderate increase in perplexity (under 15
within the acceptable region) during targeted sub-
stitution, compared to a sharp divergence in the
random baseline, empirically justifies the feasibil-
ity of the shared expert pool proposed in CS-MoE.

B.2 Extension: Bidirectional CKA and
Random Swaps

To rigorously test cross-layer functional equiva-
lence, we expanded the pilot study on Qwen3-MoE-
4B to include bidirectional substitutions (Deep →
Shallow) as well as randomized control swaps
under Expert Sharing Ratios (ESR) of 5% and
20%. As shown in Table 4, targeted CKA swaps in
both directions incur minimal perplexity increases,
while random permutations lead to severe degrada-
tion. This demonstrates that functional redundancy
is symmetric and structured across network depths.

C Training Details & Hyperparameters

All standard pre-training runs were conducted us-
ing customized Megatron-LM on an 8× NVIDIA
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Table 5: Detailed model hyperparameters. *: Top-K activated experts include independent experts of each layer.

Model Type Total Params Activated Params Layers (L) dffn dexp Nindep Shared Pool (M ) Top-K∗

Dense 0.6B / 1.7B / 4B / 8B Same 16 - 36 3,072 - 12,288 - - - -
CS-MoE 0.6B 0.6B 0.6B / 0.9B / 1.7B 28 3,072 768 1 84 4 / 10 / 21
CS-MoE 1.7B 1.7B 1.7B / 4B 28 6,144 1,536 1 84 4 / 13
CS-MoE 4B 4B 4B / 8B 36 9,728 2,432 1 108 4 / 10
CS-MoE 8B 8B 4B 36 9,728 2,432 1 324 4
CS-MoE 8B 8B 8B 36 12,288 3,072 1 324 4
CS-MoE 12B 12B 4B 36 9,728 2,432 1 540 4

Table 6: Unified Training Hyperparameters.

Hyperparameters Settings

Optimizer AdamW (β1 = 0.9, β2 = 0.95, ϵ = 1e-8)
Peak Learning Rate 3e-4
Weight Decay 0.01
Batch Size 512 (effective token count ≈ 1M)
Warmup Steps 1,000
Total Steps 12,500 (Base) / 4.5T tokens (Scaled)
LR Schedule Cosine Annealing to 0.1× LRmax

Context Length 2,048
Aux Balancing α 0.01

Table 7: Final pre-training perplexity corresponding to
Figure 3 (CS-MoE vs. Dense across scales).

Model Scale Dense Baseline CS-MoE (Ours) Reduction (%) ↓
0.6B Scale 13.62 13.48 1.03%
1.7B Scale 11.30 11.12 1.59%
4B Scale 10.45 10.08 3.54%
8B Scale 9.75 9.55 2.05%

Table 8: Final pre-training perplexity corresponding to
Figure 4 (CS-MoE with varying activation counts K).

Model Scale Activation Configuration Final Perplexity (PPL)

0.6B Scale
0.6B-A0.6B 13.48
0.6B-A0.9B 13.18
0.6B-A1.7B 13.11

1.7B Scale 1.7B-A1.7B 11.12
1.7B-A4B 10.82

4B Scale 4B-A4B 10.08
4B-A8B 9.95

H200 GPU node. Hyperparameters are detailed
in Table 6. For the scaling run on the 4.5T-token
corpus, gradient accumulation was scaled across
32 nodes with identical learning rate schedules.

Table 5 details the structural hyperparameters
across all model scales evaluated.

D More Results

D.1 Exact Numerical PPL Tables
To complement the curves presented in Figures 3,
4, and 5, we report the exact final pre-training per-
plexity (PPL) values below.

Table 9: Final pre-training perplexity corresponding to
Figure 5 (CS-MoE vs. Standard MoE under double-
aligned total and active parameters).

Configuration Standard MoE CS-MoE (Ours) Reduction (%) ↓
8B-A4B 9.70 9.65 0.52%
12B-A4B 9.40 9.19 2.23%

Table 10: Mean and standard deviation over 3 indepen-
dent training runs at 4B scale.

Model Pre-train PPL C-Eval (%) AQuA (%)

4B Dense Baseline 10.25 ± 0.04 40.8 ± 0.3 39.0 ± 0.5
4B CS-MoE (Ours) 10.06 ± 0.03 42.3 ± 0.2 40.5 ± 0.4

D.2 Statistical Significance and Seed Variance
To ensure observed performance gains are statisti-
cally robust, we conducted 3 independent training
runs with distinct random seeds at the 4B scale
(12.5k steps). As shown in Table 10, CS-MoE’s
performance gains consistently exceed the standard
deviations across all evaluation metrics.

D.3 Hardware Profiling & Latency Analysis
We profiled the computational and memory over-
head on an 8× NVIDIA H200 (141GB HBM3e)
GPU cluster.

Routing Computational Cost For hidden dimen-
sion d = 4096 and shared pool M = 324, the
gating projection matrix has 4096× 324 ≈ 1.3M
parameters. Computed at each layer, gating opera-
tions account for less than 0.1% of the total FLOPs
per forward pass.

Inference Latency with Expert Caching Be-
cause adjacent layers frequently access overlapping
subsets of shared experts, active weights can be re-
tained in GPU L2/SRAM cache across sequential
layer executions. Table 11 reports latency measure-
ments at batch size 1.

With cache optimization, CS-MoE approaches
the inference speed of Dense models and outper-
forms standard MoEs due to a 45% reduction in
unique memory traffic per token.
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Table 11: Real-world latency profiling at 8B model scale
on 8× NVIDIA H200 GPUs.

Model Configuration Prefill (ms) Decoding (ms/tok)

Dense 8B 12.5 14.2
Standard Sparse MoE 8B 14.1 16.5
CS-MoE 8B (Default) 13.8 15.8
CS-MoE 8B (with Cache Optimization) 13.1 14.9

D.4 Expert Routing Dynamics across Layers
We analyzed the routing patterns across all L = 36
layers of the fully-trained 8B CS-MoE model:

• Layer-wise Active Overlap: The overlap ratio
of the top-10% most frequently activated shared
experts between adjacent layers (l and l + 1) is
68.4%, gradually decaying to 42.1% between
distant layers (l and l+5). This confirms smooth
longitudinal semantic transitions.

• Expert Specialization (Gini Index): The av-
erage Gini coefficient of expert activation fre-
quencies across layers is 0.28 (where 0 indicates
perfectly uniform global usage and 1 indicates
single-layer isolation). This confirms that shared
experts are globally utilized rather than confined
to specific depths.
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