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Abstract

Mixture of Experts (MoE) dynamically routes
inputs to specialized expert networks, en-
abling large language models to scale capacity
with low inference overhead. To further im-
prove MoE’s parameter efficiency in resource-
constrained scenarios, LORA-MOoE integrates
LoRA for lightweight adaptation while pre-
serving MoE’s specialization. Despite these
benefits, the effectiveness of LoRA-MOoE still
hinges on balanced expert utilization, where
certain experts dominate activations while most
remain underutilized. Existing balancing strate-
gies focus on constraining the final distribu-
tion of expert usage, but overlook the rout-
ing decisions made at each layer. As a re-
sult, imbalances gradually accumulate across
the routing hierarchy. To address this chal-
lenge, we propose LayerMoE, a novel three-
stage framework that leverages process-level re-
wards to guide balanced expert routing. Specif-
ically, to overcome the limitation of focus-
ing only on final losses and ignoring inter-
mediate routing, we introduce Monte Carlo
Tree Search (MCTS)-based sampling that de-
composes outcome-level supervision into layer-
wise reward signals, guiding expert choices
throughout the routing process. For efficiency,
we organize Transformer layers into groups,
which constrain the search space of MCTS and
keep exploration overhead tractable while re-
taining the hierarchical structure. Extensive ex-
periments on representative datasets (e.g., ARC,
RACE, OBQA) show that applying LayerMoE
consistently improves the performance of state-
of-the-art LORA-MoE baselines, yielding an
average accuracy gain of 1.39%. Notably, the
maximum improvement reaches 2.50%.

1 Introduction

Background. Mixture of Experts (MoE) (Lep-
ikhin et al., 2020; Zhu et al., 2024; Li et al., 2025a;
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Figure 1: Empirical analysis of LORA-MOoE expert ac-
tivations reveals a load-balancing issue, where expert
activation remains similar across different inputs, par-
ticularly in deeper layers, indicating limited expert spe-
cialization. The bottom (left to right) shows activations
for Layers 1-4, 17-20, and 29-32. (see Appendix C).

Ning et al., 2025; Zhang et al., 2025) is a scal-
able and parameter-efficient architecture for large
language models (LLMs). In MoE architecture,
only a subset of experts is activated for each in-
put, which reduces inference cost compared with
dense models. Recent studies combine MoE with
low-rank adaptation (LoRA) (Hu et al., 2022) to
achieve parameter-efficient training of LLMs, form-
ing LoRA-MoE models (Tian et al., 2024; Dou
et al., 2024; Wu et al., 2024) that leverage MoE’s
modular specialization and LoRA’s efficient task
adaptation. Despite these benefits, the effectiveness
of LoRA-MOoE models depends on balanced expert
utilization, which remains a challenge: certain ex-
perts are frequently selected whereas others are
rarely activated, reducing parameter efficiency. We
empirically examine this imbalance in LORA-MoE
models by analyzing expert activations across four
domains: mathematics, astronomy, medicine, and
commonsense reasoning (Figure 1). In all domains,
expert activations follow a similar pattern, with few
experts repeatedly chosen and the majority rarely
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engaged. This collapse of expert usage indicates
that current training fails to maintain balanced ex-
pert utilization, thereby limiting the intended ca-
pacity gains of LoORA-MoE.

Motivation. To address the load-balancing is-
sue, existing approaches introduce localized bal-
ancing constraints (Dou et al., 2024) or distribution
matching (Bai et al., 2024) in LORA-MOoE. These
methods implement an implicit load-balancing con-
straint operating at the outcome level (Cobbe et al.,
2021b; Hosseini et al., 2024; Setlur et al., 2024).
These approaches can be understood by analogy
to reinforcement learning (RL), where MoE rout-
ing resembles a sequential decision process: each
router makes a layer-wise choice of experts. When
balancing is enforced only at the outcome level,
errors occur in individual routing steps, such as the
repeated activation of certain experts. Similar to
the Outcome Reward Model (ORM) in RL, balanc-
ing is optimized solely at the outcome level. By
contrast, Process Reward Model (PRM) provides
feedback at each decision step, suggesting the need
for layer-wise balancing to prevent progressive ac-
cumulation of imbalance across layers. In light of
the transition from ORM to PRM, we propose a
layer-wise balancing mechanism, LayerMoFE, that
shifts focus from outcome-level optimization to a
process-level. By formulating expert selection as a
sequential decision process, rewards are assigned
at each routing step. With such process-oriented
perspective, LayerMoE facilitates balanced expert
utilization throughout the routing hierarchy.

Our Approach. We propose LayerMoE, a three-
stage framework for PRM-guided LoRA-MoE
training that integrates Monte Carlo Tree Search
(MCTYS) (Li et al., 2025b; Zhao et al., 2023; Wu
etal., 2025) to guide expert routing decisions. First,
the Transformer layers are partitioned into non-
overlapping groups, and experts within each group
are aggregated into macro-experts. This grouping
reduces the search complexity of MCTS and im-
proves efficiency by restricting the action space
during routing. Second, expert selection is for-
mulated as a sequential decision-making process.
MCTS explores the routing space by iteratively
selecting experts based on the upper confidence
bound (UCB) criterion and expanding unexplored
nodes. It then simulates full routing paths and
back-propagates the corresponding rewards. The
back-propagated rewards are used during training
to update the parameters governing path-selection

strategies. Finally, we use MCTS-derived scores
as process-level reward signals under the PRM for-
mulation. These signals are combined with router
outputs to form the final gating scores, enabling
efficient and interpretable expert allocation.

Our Contributions. This work makes three main

contributions:

* We identify and characterize the expert col-
lapse phenomenon in LoORA-MoE models,
where a small subset of experts dominates
activation while others remain unused.

* We propose a novel MCTS-based hierarchical
guidance mechanism that shifts from ORM-
style outcome-level balancing to PRM-style
process-level balancing, introducing a sam-
pling phase that enforces load balancing at
each layer without additional training cost.

* We evaluate LayerMoE on 8 datasets across
5 domains, showing it outperforms baselines
with better expert diversity and accuracy.

2 Method

We present a three-stage framework for reward-
guided training of Mixture-of-Experts (MoE) mod-
els augmented with LoRA and MCTS. Our ob-
jective is to learn an LoORA-MoE Transformer fy
whose routing decisions combine router outputs
with MCTS-derived expert scores, while achieving
efficiency through a group-wise routing strategy.

2.1 Preliminaries

Task Definition. Let Dyyn = {(z, %)},
denote the training data, where z; € X and
yi € Y. We consider a k-layer Transformer
T = {r',...,7%}, where each layer 7! con-
tains an LoRA-MoE submodule with E experts
Al ..., AL Bach expert is parameterized as a low-
rank adaptation applied to the shared feed-forward
transformation.

E
i) = Fl(zi) + > ghla) - Af(as) (1)

=1

where ¢'(x;) € AF~1is the gating distribution.
Formally, the training objective is

min B ) py, [£(fo(2),y)] 2)

where fy denotes the LoORA-MoE Transformer pa-
rameterized by 6, and L is a supervised loss.
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Figure 2: Overview of LayerMoE framework. The arrows indicate the direction of data flow.

MCTS. MCTS incrementally constructs a search
tree through four steps: selection, expansion,
simulation and back-propagation. A decision
path 7 explored by MCTS can be represented as
W:{al,...,ak}, al e A 3)
where a' denotes the action selected at step [, and
Al is the candidate action set at that step. In the
search tree, each node h corresponds to a state
in the decision process. For each state—action
pair, MCTS maintains statistics including: Q(h, a),
N (h), N(h,a), R(h, a) representing action-value
estimate, the visit count of node h, the visit count
of edge (h,a), and cumulative reward, respec-
tively. Each state h can be represented by a triplet
p = {A(h),N(h), Q(h, A)}. In our framework,
to shift from outcome-level to process-level model-
ing in MoE routing, we employ MCTS to formulate
expert selection as a sequential decision process.

2.2 Grouping-based Layer Instantiation

LoRA-MOoE parameterization. Each expert in
the LORA-MOE is implemented as a LoRA adapter
on top of a shared base weight. Let W' ¢ R4x¢
denote the backbone weight at layer [. The j-th
expert is parameterized via low-rank adaptation

AW! = aBL A
l] djl d (4)
AleR™, B eR™, r<d

where A! is shared across experts within the same
layer and Bé- is expert-specific. The effective
weight applied to input x; under routing distribu-

tiong = (g1,...,9g) is

E
Weg=W'+ Z ngW} ©)
j=1

Here, the expert corresponds to the LoRA adapter
AW;, with the backbone weight T/! unchanged.

Layer grouping. We partition the full set of k
layers into a sequence of non-overlapping groups,
each treated as a decision step a' in the routing pro-
cess, which reduces the complexity of the Monte
Carlo search tree and lowers the computational
overhead.

S=DB,...,By1,

By ={7%%,..., rloths—1y ©
where S denotes the set of layer groups, B, rep-
resents the g-th group containing s consecutive
layers indexed from 79% to 7(9+1)s—1 and G =
[k/s] denotes the total number of groups. Each
group B, is associated with a set of macro-experts
Ey=1{&41,...,&y,E}, where E denotes the num-
ber of macro-experts per group. This grouping
reduces the complexity of the routing search space
by enabling shared routing decisions within group.

Output of Stage #1. The process produces
a grouped mixture-of-experts backbone fy aug-
mented with LoRA parameters, where each group
B, is associated with a corresponding macro-expert
set &;. This grouped structure defines the action
space A for the subsequent MCTS, enabling effi-
cient exploration of expert paths across groups.
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2.3 MCTS-based Expert Sampling

We formulate expert routing as a sequential
decision-making problem, transforming it from an
outcome-level to a process-level representation, and
employ MCTS to guide the exploration of the rout-
ing space 7.

Selection. To apply MCTS to the MoE routing
process, we treat each decision step a as choosing
a expert for a group of consecutive layers. At step
t, the next expert ay is selected based on the Upper
Confidence Bound (UCB) criterion:

ar —
In N(hy—1)
arg aejzl(aé_l) [Q(ht—ba) +w N(ht_ha)]
(7

where Ay (h;_1) denotes the set of candidate ex-
perts for group B, given partial state h; 1, and
w > 0 is a hyperparameter controlling the balance
between exploration and exploitation.

Expansion. Expansion grows the routing deci-
sion path 7 by sampling candidate experts &, at
each step:
b
{e"Yil c & (®)

where b indexes the sampled candidate experts for
the current expansion step. These sampled experts
define the new child nodes to be added to the search
tree, incrementally building the routing path 7.

Simulation. A complete routing path 7; is gen-
erated by a rollout procedure, which sequentially
samples candidate expert £, for each group B,.
This path defines a full expert routing for the input
x; and produces a corresponding reward R;:

loss; = L(fo(xi;mi),vi),

0
;’;i = { ’
—loss;,

where -y is a threshold introduced to prevent ex-
cessive losses at the early stages of training from
dominating the reward signal, thereby mitigating
cold-start instability.

if loss; > )

otherwise

Back-propagation. The reward R; from a roll-

out is propagated backward along the routing path

i, updating the corresponding states in the search
tree:

Q(ht,a) = Q(ht—1,a) + IR;,

N(hy) < N(h—p) + 1,

N(hg,a) « N(hy—q,a) + 1

(10)

where ¢ € (0,1) is a smoothing factor controlling
the update rate of Q(hy, a).

proposition 1 (Efficiency of MCTS-Guided Rout-
ing). Let 11 be the routing space and suppose
each node h admits actions A(h) with expected re-
wards {{ih,a}ac A(n)- For each non-optimal action
a # ay, define the gap Ap, o = Ph,a; = Bha > 0.
Then the cumulative regret of UCT selection at
node h after T visits satisfies

CInT
Ra(T) < 3 N
a#aj
which is sublinear in T. In contrast, greedy or
random policies can incur QU(T) regret.

Proof Sketch. The UCT rule is equivalent to
UCBI1 at each node, inheriting its logarithmic re-
gret bound, while greedy lacks exploration and
random lacks exploitation.

(11

Output of Stage #2. The process produces
a set of accumulated triplet statistics p =
{A(h),N(h), Q(h, A"} for each macro-expert
&,. These statistics are used for optimizing expert
routing in subsequent stages.

2.4 MCTS-Guided LoRA-MoE Training

We incorporate the statistics collected from Stage
#2 into the gating mechanism of the LoORA-MoE
model, formulating expert selection as a process-
level decision problem. This integration applies
process-level modeling to MoE routing via MCTS-
driven sampling, enabling reward-informed expert
selection that balances learned gating with explo-
ration.

Reward-regularized gating. The gating score
for expert Eé at layer [ for input x; is defined as a
convex combination of the standard gating output
gé- (2;) and the MCTS-derived score:

35(@i) = Agh(z:) + (1 = N UCB,  (12)

where A € [0, 1] controls the interpolation ratio.
Here, UCB denotes the exploration—exploitation
score defined in Eq.7. This reward-regularized
gating allows the routing policy to adapt dynam-
ically by combining the learned gating function
with MCTS search statistics.

Final objective. The training objective integrates
the modified gating scores into the standard super-
vised learning loss:

J(0,{A%},{B}) =

y (13)
E(Ivy)"‘plmin [E(fe,{AF},{BP} (x7 g] (a;‘))? y)]
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where fg (rc},(re} () denotes the LoRA-MoE
model parameterized by the base model param-
eters 6 and the expert-specific LoRA factors { A€}
and {B°}.

Output of Stage #3. Stage #3 uses MCTS
to incorporate process-level modeling into MoE
routing, producing a trained LoRA-MoE model
fo.{Ac},(Be} With reward-regularized, interpretable
gating and efficient specialization across layer

groups {By}.
3 Experiment

3.1 Datasets and Settings

Datasets. We evaluate our model on a diverse set
of tasks spanning five key domains. For language
understanding and reasoning, we use the ARC-
Challenge and ARC-Easy datasets (Clark et al.,
2018). For reading comprehension, the model is
trained and evaluated on RACE-high and RACE-
middle (Lai et al., 2017). For code generation, we
use HumanEval (Chen et al., 2021). For closed-
book question answering, we consider OBQA (Mi-
haylov et al., 2018) and BoolQ (Clark et al., 2019).
For mathematics, we use GSM8K (Cobbe et al.,
2021a). During fine-tuning, the hyperparameter
settings are: lora rank = 8, lora heads = 4, training
epochs = 3, batch size = 8, learning rate = le-5, and
dropout rate = 0.05. All experiments are conducted
on 1 x L.20 (48GB) GPUs. We adopt LLaMA3.2-
1B and LLaMA3-8B (Dubey et al., 2024) as the
base models.

Baseline. We apply our LayerMoE framework
to the following MoE-based SFT methods for
LLMs. Hydral.oRA (Tian et al., 2024) adopts
an asymmetric LORA structure that shares a global
low-rank matrix while learning task-specific com-
ponents, effectively balancing parameter sharing
and specialization. LORAMOE (Dou et al., 2024)
augments frozen backbones with multiple LoRA
experts and a routing network, mitigating catas-
trophic forgetting during continual fine-tuning.
MoSLoRA (Wu et al., 2024) incorporates sparse
gating with LoRA, updating only a small subset of
experts to achieve parameter-efficient adaptation
across tasks. MixLoRA (Li et al., 2024) combines
LoRA experts through mixture strategies, enabling
adaptive expert selection and improved transfer
across heterogeneous datasets. MoLA (Gao et al.,
2025) introduces modular LoRA adapters that can
be dynamically composed, enhancing flexibility in

multi-domain fine-tuning. GMoE (Bai et al., 2024)
leverages global gating signals to coordinate expert
activation across layers, improving efficiency and
consistency in large-scale MoE fine-tuning.

3.2 Main Results

In our main experiments, we conduct MoE-based
SFT on LLaMA3.2-1B and LLaMA3-8B. We
present the results on NLU, NLG, QA tasks and
STEM-related domains (Code, Math) in Table 1.

Firstly, incorporating our MCTS-based inter-
layer optimization yields consistent improvements
across both small and large backbones. On
LLaMA3.2-1B, HydraLoRA improves its aver-
age score from 36.96% to 39.38% (2.42%), while
LoRAMOE increases from 37.69% to 40.19%
(2.50%). At the 8B scale, HydraLoRA gains 2.33%
(66.23% to 68.56%) and GMoE 1.38% (67.55% to
68.93%). These representative cases illustrate that
the benefit of MCTS holds across both weak and
strong baselines.

Secondly, the magnitude of improvement varies
with model capacity and task type. Weaker
backbones tend to benefit more: for instance,
HydraLoRA-1B shows 6.71% gain on Hu-
manEval pass@10 (27.44% to 34.15%), whereas
HydralLoRA-8B achieves a smaller but still notable
3.42% gain (35.36% to 38.78%). A similar pat-
tern is observed in math reasoning, where GSM8K
improves by 3.03% on 1B (26.46% to 29.49%)
versus 2.20% on 8B (48.82% to 51.02%). This
trend suggests that MCTS-guided path exploration
is especially helpful when the backbone or expert
routing is relatively weak.

Thirdly, our framework generalizes across do-
mains, with particularly strong effects on reasoning-
heavy benchmarks. On RACE-m, MoSLoRA-1B
improves substantially from 57.87% to 63.02%
(5.18%), while HydraLoRA-8B improves from
59.47% to 67.83% (8.36%). In contrast, on eas-
ier classification-style datasets such as BoolQ, the
gains are modest (e.g., HydraLoRA-8B improves
only 0.36%). This contrast highlights that our ap-
proach contributes most in tasks requiring multi-
step reasoning rather than shallow classification.

3.3 Analysis Experiments

Effect under Different Sampling Size. To exam-
ine the impact of the sampling size in our MCTS-
based MoE routing, we analyze performance under
varying batch sizes from 2 to 32. As shown in Fig-
ure 3, the baseline accuracy of 8B model increases
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| NLU NLG Code QA Math
Method Avg.
‘ ARC-e ARC-c RACE-m RACE-h HumanEval OBQA BoolQ GSMBK
LLaMA3.2

HydraLoRA-18 55.01 22.35 49.44 30.16 13.78/27.44 23.60 61.25 26.46 36.96
w/ MCTS 54.42 26.02(3.671) 51.95(2.511) 29.87 13.29/34.15(6.717) 28.60(5.07) 60.52 29.49(3.031) 39.38(2.421)

LoRAMOE-18 56.64 22.35 41.92 30.16 14.51/31.10 22.20 65.41 31.77 37.69
w/ MCTS 56.44 24.917(2.567 44.36(2.447) 31.76(1.607) 13.23/36.58(5.487) 26.20(4.0 66.42(1.017) 34.87(3.107) 40.19(2.507)

MoSLoRA-18 54.63 26.11 57.87 31.19 17.13/31.10 25.20 60.03 26.16 39.04
w/ MCTS 56.02(1.47) 25.85 63.02(5.187) 32.48(1.291) 18.78(1.657) /32.31(1.217) 27.60(2.41) 60.52(0.497) 28.13(1.971) 40.74(1.701)

MixLoRA-1B 56.73 29.09 61.56 43.37 12.74/21.95 49.80 63.88 28.51 44.36
w/ MCTS 61.32(4.591) 35.41(6.327) 61.84(0.287) 43.34 14.63(1.897) /23.78(1.837) 50.60(0.87) 63.30 29.80(1.291) 46.17(1.811)

MoLA-18 62.03 33.02 59.81 44.40 12.93/24.39 50.20 63.42 26.61 45.49
w/ MCTS 62.88(0.857) 35.01(1.991) 60.19(0.387) 44.77(0.371) 13.54(0.617) /26.22(1.837) 50.80(0.607) 63.73(0.317) 25.54 46.14(0.651)

GMOoE-18B 60.44 29.27 57.80 42.02 13.41/21.34 48.60 58.44 26.38 43.04
w/ MCTS 61.66(1.227) 31.91(2.647) 58.64(0.847) 41.80 14.63/22.56(1.2271) 47.40 61.80(3.367) 27.75(1.371) 44.19(1.151)

LLaMA3

HydraLoRA-88 72.94 71.59 59.47 55.23 35.36/70.12 78.20 73.43 48.82 66.23
w/ MCTS 75.55(2.617) 69.80 67.83(8.367) 61.35(6.127) 38.78(3.421) /72.56(2.447) 76.60 73.79(0.367) 51.02(2.207) 68.56(2.337)

LoRAMOoE-8B 76.09 74.49 76.25 61.84 34.76/68.90 78.20 73.55 51.02 70.04
w/ MCTS 78.87(2.787) 76.62(2.137) 80.15(3.901) 57.09 31.10/70.73(1.837) 79.60(1.407) 74.13(0.587) 50.49 70.96(0.927)

MoSLoRA-8B 74.83(3.497) 70.31 80.78 52.83 34.15/71.34 71.60 70.73 53.90 69.04
w/ MCTS 78.32 72.10(1.791) 81.69(0.917) 54.66(1.837) 37.20(3.057) /73.78(2.447) 75.80 69.85 54.20(0.307) 70.05(1.017)

MixLoRA-8B 85.65 75.68 72.49 58.60 36.59/72.56 81.40 69.85 52.77 71.13
w/ MCTS 83.25 77.13(1.451) 73.54(1.051) 56.38 32.95/76.22(3.667) 80.00 70.55(0.707) 52.99(0.221) 71.26(0.137)

MoLA-88 83.41 76.19 78.69 61.26 24.39/65.24 82.40 71.04 45.26 70.44
w/ MCTS 84.34(0.937) 75.09 77.92 59.87 23.78/70.73(5.497) 83.00(0.67) 70.73 47.08(1.821) 71.1000.667)

GMOoE-8B 81.06 76.96 66.85 58.55 32.32/62.80 80.20 68.59 45.41 67.55
w/ MCTS 82.11(1.057) 78.41(1.457) 68.94(2.091) 56.52 29.88/66.46(3.667) 82.20(2.07) 68.84(0.257) 47.99(2.581) 68.93(1.387)

Table 1: Comparison of performance on 8§ datasets in NLU, NLG, Code, QA and Math tasks (accuracy, %). Bold
and underline indicate the best and second-best scores, respectively. More results see Appendix D and E
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Figure 3: Effect of different sampling sizes on model
performance. Bars (left y-axis) show the accuracy im-
provement (Inc) of MCTS over the baseline; lines (right
y-axis) show accuracies (Acc) for MCTS and baseline.

from 76.83% at batch size 1 to 85.86% at batch
size 16, after which it plateaus around 85%. Our
MCTS-based sampling method similarly peaks at
batch size 16 with 87.13%, but consistently out-
performs the baseline across all batch sizes. The
relative improvement grows with batch size, rang-
ing from +0.11% at batch size 1 to +1.27% at batch
size 16, suggesting that larger batches provide more
informative probability distributions for MCTS ex-
ploration and enable more effective expert routing
while maintaining robustness across configurations.

Effect under Different Exploration Parameter.
To examine the impact of the exploration param-
eter in our MCTS-based MoE routing, we con-
duct experiments using the LLaMA3-8B model and
LLaMA3.2-1B on several QA datasets. We vary
the exploration coefficient w in the UCB formula

(a) Acc in MixLoRA-1B (b) Acc in MoLA-1B
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Figure 4: Effect of different exploration parameters
on model performance. The y-axis represents model
accuracy under varying exploration settings.

from 0.1 to 2.5 and measure model performance in
terms of accuracy. As shown in Figure 4, the accu-
racy improve as w increases up to 1.4, indicating
that moderate exploration helps the agent find more
effective expert paths. However, overly large val-
ues of w can lead to suboptimal routing due to ex-
cessive exploration. This demonstrates that tuning
the exploration parameter is crucial for balancing
exploitation and exploration in our MCTS-based
expert selection.

Effect under Different Group Size. To assess
the influence of the group size s in the layer group-
ing scheme, we vary s from 2 to 16. Table 2 shows
the accuracy of the LLaMA3-8B model with differ-
ent group configurations. Smaller groups increase
the action space for MCTS and can potentially im-
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RACE-h
Time Acc

2 3:13:41 42.62
4 2:53:33 43.34
8
1

OBQA

Time Acc

0:20:17  50.60
0:19:33  50.20
0:19:31  49.40
0:18:57 48.20

BoolQ
Time Acc

0:24:56  63.17
0:23:17  63.30
0:22:56  62.13
0:22:13 6091

2:37:16  39.42
6 2:32:20 38.62

Table 2: Effect of different group sizes on model per-
formance. Time (in hours:minutes:seconds) indicates
fine-tuning duration; Acc denotes accuracy (%).
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Figure 5: Effect of different expert number on model
accuracy across datasets. AE: ARC-Easy, AC: ARC-
Challenge, HS: HellaSwag, OQ: OBQA, BQ: BoolQ.

prove routing flexibility with higher computational
cost, while larger groups reduce complexity but
may limit routing granularity. Our experiments
indicate that a group size of 4 provides a good
trade-off between efficiency and performance.

Effect under Different Number of Experts. Fi-
nally, we study how the number of experts E per
MOoE layer affects performance. We train models
with E ranging from 2 to 10 and evaluate on mul-
tiple datasets. Figure 5 shows that increasing the
number of experts generally improves accuracy, as
it provides richer representations and more flexibil-
ity in expert routing. However, the marginal gain di-
minishes beyond a certain point, suggesting that an
appropriate number of experts balances model ca-
pacity and efficiency. These results confirm that our
MCTS-guided MoE routing effectively leverages
multiple experts to improve model performance.

4 Case Study

To further validate the effectiveness of Layer-
MoE with MCTS, we conduct a case study cov-
ering two representative reasoning settings: (1)
cross-domain reasoning, which requires integrat-

Expert Weight Norm Expert Diversity
GSM8K-Base
GSMB8K-MCTS 0.175
OBQA-Base
25 OBQA-MCTS, "/

| ~_ A\ / \
:
i

GSM8K-Base
GSMBK-MCTS
OBQA-Base
0.150 OBQA-MCTS

Expert Weight Norm

0 2 4 8 1

6 0 8 10 12 14
Layer Index

4 6
Layer Index

Figure 6: Static parameter analysis in a case study with
OBQA corresponding to cross-domain and GSM8K
corresponding to multi-step, where (a) expert weight
norm, (b) expert diversity, and (c) expert balance are
shown across layers (Details see Appendix F).

ing knowledge from heterogeneous fields, and (2)
multi-step reasoning, which involves sequential
sub-decisions and intermediate verification. We an-
alyze both the static parameter specialization and
the dynamic routing behaviors, providing quanti-
tative insights into how MCTS improves expert
coordination and interpretability.

Static Parameter Analysis. We first examine
the learned LoRA parameters and expert activation
patterns after training, with computation details
provided in the Appendix B. For the cross-domain
task (OBQA), as shown in Figure 6. the baseline
LoRA-MoE tends to concentrate activations within
a small subset of experts, leading to redundant spe-
cialization. With MCTS-guided routing, expert
usage becomes more balanced, improving both di-
versity and load balance: expert diversity increases
from 0.0506 to 0.0531 (+4.94%), and balance from
0.0215 to 0.0227 (+5.58%), while the overall ex-
pert weight norm remains stable (-0.3%). This
indicates that MCTS introduces a mild regulariza-
tion effect, encouraging more uniform activation
without disrupting learned representations.

For the multi-step reasoning task (GSM8K),
the difference is more pronounced. MCTS sub-
stantially enhances expert diversity from 0.0666
to 0.0988 (+48.35%) and balance from 0.0270 to
0.0402 (+48.89%), while the expert weight norm
slightly decreases (-0.6%), suggesting a more effi-
cient specialization. These results show that MCTS
exerts stronger influence on reasoning-oriented
experts, promoting clearer functional separation
across layers-early layers focus on retrieval and
parsing, while later layers activate computation-
oriented experts.
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Figure 7: A cross-domain case in biology, kinesiology,
and nutrition. Baseline shows static expert activation
while LayerMoE promotes diverse expert engagement.

Dynamic Inference Analysis. We conduct a case
study on cross-domain reasoning to illustrate how
MCTS-guided routing dynamically reallocates ex-
perts during inference. For the clinical query, the
baseline shows uniform activation across layers,
repeatedly relying on a narrow subset of experts
regardless of contextual variation. In contrast,
MCTS-guided LayerMoE exhibits higher activa-
tion counts and greater diversity across layers, in-
dicating that more experts are effectively involved
in the reasoning process.

This case illustrates that MCTS-guided Layer-
MOoE better captures the multi-disciplinary nature
of the query. As shown in Figure 7, while the
baseline model repeatedly invokes experts from a
single domain (e.g., genetics and heredity), MCTS
encourages broader participation across comple-
mentary domains such as physical activity and nu-
trition. This diversified activation pattern reflects
more balanced knowledge integration and aligns
with human reasoning behavior, where solving
complex cross-domain problems typically involves
combining insights from multiple expert perspec-
tives. Layer-wise activation heatmaps further con-
firm that MCTS smooths the activation distribution
and alleviates expert over-concentration, leading to
more balanced expert utilization (Figure 8).

(a) Cross-domain (Base) (b) Cross-domain (MCTS) (c) Multi-step (Base) (d) Multi-step (MCTS)

]
3
2
S
o

Layer Index Layer Index Layer Index Layer Index

Figure 8: Case study of expert activation: LayerMoE
enhances activation diversity in cross-domain (+2.17%)
and multi-step (+1.33%) reasoning.

5 Related Work

5.1 Mixture of Experts

Mixture of Experts (MoE) (He et al., 2025; Kong
et al., 2024; Jiang et al., 2024; Seo et al., 2025; Yu
et al., 2025; Liu et al., 2025) grows large language
models (LLMs) by selectively activating subnet-
works to increase compute efficiency without infer-
ence costs. Knowledge hybridity and knowledge
redundancy, where experts’ expertise dilutes spe-
cialization and underused parameters hinder learn-
ing, limit MoE designs. Recent studies propose
structural and training changes to address these
issues (Lu et al., 2024; Chowdhury et al., 2024;
Xie et al., 2024). DeepSeekMoE (Dai et al., 2024)
splits FFNs into more, smaller experts and applies
shared expert isolation and modularity, improving
performance compared to dense models. LLaMA-
MoE (Zhu et al., 2024) avoids full-scale retraining
by modularly splitting and pretraining dense mod-
els like LLaMA-2 into MoE structures, conserving
prior knowledge and fostering expert specialisation.
MoE-LLaVA (Lin et al., 2024) dynamically assigns
visual and textual tokens to modality-specific ex-
perts using soft routing to vision-language mod-
els (VLMs). Our work contributes to addressing
knowledge hybridity by introducing an explicit
Topic that enhances expert specificity.

5.2 Monte Carlo Tree Search.

Monte Carlo Tree Search (MCTS) (Coulom, 2006;
Kocsis and Szepesvari, 2006; Browne et al.,
2012) balances exploration and exploitation by
building search trees through randomized simu-
lations, enabling effective planning in large state
spaces. However, issues such as scalability to
high-branching domains and inefficiency of roll-
outs limit its broader adoption. Recent studies pro-
pose algorithmic augmentations to address these
challenges (Yao et al.,, 2023; Li et al., 2025c;
Hu et al., 2025). For example, Tree-of-Thoughts
(ToT) (Yao et al., 2023) introduces structured
look ahead and backtracking for LLM reasoning;
MCTS-Process (Li et al., 2025¢) leverages process
supervision with MCTS to improve reasoning trans-
fer; and MCTS-RAG (Hu et al., 2025) enhances
retrieval-augmented generation by guiding docu-
ment selection through search. In the vision do-
main, SOTA with Less (Wang et al., 2025) applies
MCTS-guided sample selection to achieve data-
efficient visual reasoning self-improvement. Our
work contributes to this line by leveraging MCTS

28838



as a sampling mechanism to enhance expert routing
in mixture-structured language model training.

6 Conclusion

This paper proposes LayerMoE, a training frame-
work that integrates MCTS with LoRA-MoE mod-
els through process-level rewards derived from
MCTS exploration to enable reward-regularized
and interpretable expert routing. This method en-
courages balanced expert utilization and mitigates
load-balancing during training, leading to more di-
verse and adaptive expert behaviors. Extensive ex-
periments across 8 datasets demonstrate that Layer-
MOoE consistently outperforms strong LoRA-MoE
baselines, achieving better accuracy, higher expert
diversity, and improved interpretability.

Limitation

Our experiments are conducted on models up to 8B
parameters due to limited computational resources.
While this scale is sufficient to demonstrate the
effectiveness of MCTS-guided routing and Layer-
MokFE’s interpretability, we acknowledge that larger
foundation models (e.g., LLaMA-70B or Mixtral-
12x7B) could further reveal the scalability and ro-
bustness of the proposed framework. Extending
to denser or hierarchical MoE architectures (e.g.,
multi-group or task-aware routing) would require
substantially more GPU memory and longer opti-
mization cycles, which were beyond our available
resources.
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A Datasets

Overview. We evaluate LAYERMOE on eight
datasets spanning five representative domains, cov-
ering reasoning, comprehension, and generation
abilities. Table 3 summarizes the dataset statis-
tics, task types, and evaluation objectives. All
datasets are publicly available and widely adopted
in prior literature. We follow the standard train-
ing—validation—testing splits provided by the origi-
nal benchmarks.

Domains and Tasks.

* Language understanding & reasoning:
ARC-Challenge and ARC-Easy (Clark et al.,
2018) test scientific and commonsense reason-
ing under multiple-choice settings.

* Reading comprehension: RACE-middle
and RACE-high (Lai et al., 2017) as-
sess long-context understanding through pas-
sage—question—answer triples.

* Closed-book QA: OBQA (Mihaylov et al.,
2018) and BoolQ (Clark et al., 2019) require
factual and Boolean reasoning without context
retrieval.

* Code generation: HumanEval (Chen et al.,
2021) measures functional correctness of
Python code generation tasks.

¢ Mathematical reasoning: GSM8K (Cobbe
et al., 2021a) evaluates multi-step arithmetic
reasoning over grade-school math problems.

Remarks. The chosen datasets collectively cover
both cross-domain (e.g., OBQA) and multi-step
reasoning (e.g., GSM8K) scenarios, which are cru-
cial for evaluating expert specialization and routing
dynamics in LAYERMOE. This diversity ensures
that the observed improvements in expert diversity
and balance are not confined to a specific task type
or modality.

B Calculation Metrics

To analyze the effects of MCTS-guided routing
on expert utilization, we perform a post-hoc static
analysis of the learned LoORA-MoE parameters
after training. Three complementary metrics are
computed: Expert Weight Norm, Expert Diver-
sity, and Expert Balance. All statistics are aver-
aged across 16 layers and 4 experts per layer (each
containing three LORA components: gate_proj,
up_proj, and down_proj).

B.1 Expert Weight Norm

The Expert Weight Norm quantifies the magnitude
or strength of each expert’s learned parameters.
For an expert e at layer [, let its LORA weight
matrices be (AL, B!). The effective expert weight
is AW! = B! AL, and its norm is defined as:

1AW 2 = > (AW! )2 (14)

6’/[/]
i?j

We compute the mean value across all experts and

layers:

L E
. 1 I
WeightNorm = 1E ZZ; 221 AW, ||2.  (15)
=1 e=

Interpretation. A higher weight norm indicates
stronger expert activation and larger influence on
the output, while a lower norm suggests weaker
contribution or implicit regularization. Consistent
with our observations in Figure 6, MCTS-guided
routing produces slightly smaller weight norms
(-=0.3% on average), implying a compact yet effec-
tive parameter configuration. This reduction acts as
an implicit regularization effect, discouraging over-
amplified weights and promoting stability across
layers.

B.2 Expert Diversity

Expert Diversity measures the dissimilarity among
experts’ effective parameters, capturing the extent
to which each expert learns distinct transformations.
For layer [, the diversity is computed as:

Diversity(l) =

2
E(E—1) 2

e1<e

A aw)
IAWE 2 (AW, [l2 )
(16)
where (-, -) denotes the inner product between flat-
tened weight matrices. The overall expert diversity
is averaged across layers:

L
1
Diversity = 7 Z Diversity({). (17)
=1

Interpretation. Higher diversity indicates that
experts specialize on distinct subspaces, leading
to better coverage of heterogeneous patterns. As
shown in our cross-domain analysis (OBQA task),
MCTS-guided routing improves expert diversity
from 0.0506 to 0.0531 (+4.94%), suggesting that
MCTS promotes more varied expert behaviors
without destabilizing training.
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Dataset Domain Task Type Size (Train / Test) = Answer Format
ARC-Easy (Clark et al., 2018) Reasoning Multiple-choice QA 23K /2.5K 4 options
ARC-Challenge (Clark et al., 2018) Reasoning Multiple-choice QA 1.1IK/1.1K 4 options
RACE-middle (Lai et al., 2017) Reading comprehension Passage QA 25K /14K 4 options
RACE-high (Lai et al., 2017) Reading comprehension Passage QA 62K /3.5K 4 options
OBQA (Mihaylov et al., 2018) Closed-book QA Science reasoning 5.0K /500 4 options
BoolQ (Clark et al., 2019) Closed-book QA Boolean QA 9.4K/3.2K Yes/No
HumanEval (Chen et al., 2021) Code generation Code synthesis —/164 Python function
GSMSK (Cobbe et al., 2021a) Math reasoning Open-ended QA 7.5K/1.3K Numeric text

Table 3: Summary of datasets used in our experiments.

B.3 Summary of Observations

Together, these metrics provide a static diag-
nostic of how MCTS-guided routing alters the
LoRA—-MOoE parameter landscape:

* Expert Weight Norm: slightly reduced, indi-
cating mild implicit regularization and more
compact parameter scaling.

* Expert Diversity: increased, reflecting
greater functional differentiation among ex-
perts.

* Expert Balance: improved, revealing better
load sharing across experts.

Overall, the results demonstrate that MCTS-guided
routing enhances both diversity and balance with
negligible cost to weight magnitude, confirming
its effectiveness as a process-level regularizer for
LoRA-MoE models.

C Expert Activation Analysis for
LoRA-MoE

To investigate expert utilization patterns in
LoRA-MOoE, we analyze the activation distribu-
tions of the LLaMA-3-8B model fine-tuned with
the LoORA-MOoE configuration. The analysis cov-
ers four representative domains—mathematics, as-
tronomy, medicine, and commonsense reason-
ing—corresponding to the input cases listed in Ta-
ble 4.

C.1 Experimental Setup

We employ the LLaMA-3-8B model fine-tuned un-
der the LoORA-MOoE setup on mixed-domain in-
struction data. Each input query is passed through
the model, and we record the router activation prob-
abilities (i.e., gating scores) for all experts at each
MOoE layer. Token-level activations are averaged
within each layer, yielding a per-layer expert acti-
vation profile per domain case.

To visualize domain-specific activation patterns,
expert activation vectors from selected layers
are normalized and then projected into a two-
dimensional latent space through a nonlinear
manifold-preserving transformation. Specifically:

* Normalization: Each expert activation vector
is normalized across experts to highlight rela-
tive routing preferences rather than absolute
magnitudes.

* Projection: The normalized vectors are em-
bedded into a 2D space using a manifold-
preserving method (t-SNE), capturing similar-
ity among expert activations across different
domains.

The resulting visualization (Figure 1) reveals
that LoORA-MOoE experts exhibit domain-dependent
clustering, indicating partial specialization yet no-
ticeable overlap among domains—suggesting that
expert routing remains imbalanced across tasks.

C.2 Domain Cases

These domain-specific cases in Table 4 are used to
analyze expert activations in LORA-MoE (LLaMA-
3-8B).

D Qwen as backbone model

For backbone diversity, we added experiments on
Qwen3-0.6B and Qwen3-4B.

As shown in Table 5, LayerMoE consistently
improves performance over the Base HydraLoRA
across all datasets and backbones, with gains rang-
ing from +0.89% to +3.68%. Smaller models
(Qwen3-0.6B) see larger relative improvements,
while larger models (Qwen3-4B) still benefit mean-
ingfully. These results demonstrate architecture-
agnostic effectiveness, indicating that LayerMoE
captures general routing dynamics rather than
model-specific quirks.

28844



Domain Input Case

Mathematics Solve the differential equation:

327‘12’ + 4% + 5y = 0, given
initial conditions y(0) = 1,
y'(0) = 0.

Problem. Solve the second-
order differential equation:

d?e GM
@ T r(t)3 0

initial conditions 6(0) = 6o,
0’(0) = 0, where r(t) is the
distance function of a small
orbiting object with perihelion
distance 7o = 3.5 x 10 m
and eccentricity e = 0.9.

A 45-year-old male presents
with stage 1 hypertension (BP
142/92 mmHg). Recommend
first-line pharmacological treat-
ment according to ACC/AHA
guidelines.

A person places an ice cube in
a glass of water and leaves it
at room temperature. Describe
what happens after one hour and
explain why.

Astronomy

0, given

Medicine

Commonsense Rea-
soning

Table 4: Domain-specific cases used for analyzing ex-
pert activations in LORA-MoE (LLaMA-3-8B).

Dataset HydraLoRA /wMCTS Increase (%)
Owen3-0.6B

ARC-E 19.65 23.33 +3.68

RACE-m 27.03 29.19 +2.16

OpenBookQA 25.40 28.20 +2.80
Owen3-4B

ARC-E 53.53 54.42 +0.89

RACE-m 58.31 60.11 +1.80

OpenBookQA 56.60 59.20 +2.60

Table 5: Supplementary Backbone Results

E Appendix Baselines

To further validate our approach, we have included
the following additional experiments in Table 6:
Random expert reassignment and Auxiliary-Loss-
Free Load Balancing (DeepSeek-Al, 2024)

LayerMoE still achieves the largest gain, con-
sistently improving accuracy across all three
datasets—particularly on OBQA, where it outper-
forms Baseline by up to 5 points—showing that a
structured, search-based approach is more effective
than random expert reassignment and other simple
load-balancing heuristics.

F Diversity Analysis

To further analyze the wave-like oscillations ob-
served in Figure 6, we computed expert diversity

Expert Diversity
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Figure 9: Expert diversity under different group size

curves for different group sizes.

From Figure 9, we observe that smaller group
sizes lead to higher variance across layers. This
means that the mild “wave-like” oscillations be-
come more pronounced as the group size decreases.
This trend aligns with the wave-like fluctuations
and further confirms that the oscillations arise
from inherent gating dynamics rather than from
the shared-routing design itself.

The following table presents the diversity com-
parison between the base model and our method
across various tasks.

As shown in Table 7, reasoning-intensive
tasks like ARC-C/E achieve the largest diversity
gains (~ 95%), while knowledge-style reading-
comprehension tasks (RACE-m/h) show a more
modest increase (~ 20%/ ~ 11%). This pattern
aligns with the figure 6 that GSMS8K benefits more
than OBQA: tasks demanding multi-step reason-
ing tend to activate a broader set of experts un-
der MCTS exploration, whereas fact-retrieval-style
questions rely on fewer, highly specialised experts,
limiting the observable diversity delta. Importantly,
even modest improvements (e.g., OBQA) correlate
with better routing stability and accuracy as shown
in Table 7 and Figure 6, indicating that increased
diversity whether large or small has a consistent
positive effect across tasks.

G Training Details

Table 8 summarizes the overall training statistics
of LayerMoE compared to its Base counterpart
across five representative reasoning and understand-
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Method ARC-c RACE-m OBQA
Base increase Base increase Base increase
llama3.2-1B

Base MoE (HydralLoRA) 22.35 - 49.44 - 23.60 -
Random expert reassignment 21.95 -0.40  47.31 -2.13 19.80  -3.80
Auxiliary-Loss-Free Load Balancing 25.09  +2.74 5236  +292 2140 -2.20
LayerMoE (ours) 26.02  +3.67 51.95 +2.51 28.60  +5.00
Base MoE (LoRAMOE) 22.35 - 41.92 — 22.20 -
Random expert reassignment 17.12 -5.23 37.74 -4.18 18.60 -3.60
Auxiliary-Loss-Free Load Balancing 23.51 +1.16 4221 +0.29 2240 +0.20
LayerMoE (ours) 2491 4256 4436 +2.44 2620 +4.00

Table 6: Supplementary Baseline Results (Accuracy, %) Across Three Datasets (llama3-1B)

Task Base Ours Increase
BoolQA  0.044259 0.065875 +48.84%
Code 0.079422 0.090531 +13.99%
RACE-m 0.057550 0.069471 +20.71%
RACE-h  0.072821 0.081032 +11.28%
ARC-c 0.021728 0.042371 +95.01%
ARC-e 0.022574 0.044685 +97.95%

Table 7: Task Diversity Comparison (Base vs. Ours)

ing benchmarks. For each task, we report the total
floating-point operations (GFLOPs), final training
loss, and wall-clock training time. Across both the
LLaMA-3.2-1B and LLaMA-3-8B models, Layer-
MoE introduces a slight increase in computational
overhead due to expert routing and MCTS-based
gating, yet maintains a comparable training loss to
the Base model.

To provide an explicit cost breakdown between
rollouts, reward estimation, and finetuning, we use
HydraLoRA w/ MCTS (llama3-8B as backbone)
fine-tuning in the ARC-E dataset as a case.

As shown in Table 9, MCTS rollouts and reward
estimation together account for only 6.12% of the
total fine-tuning time, while fine-tuning dominates
with 92.67%. This demonstrates that the additional
overhead from MCTS is minimal, and compute
fairness relative to the baseline is largely preserved.

H Algorithm

The proposed LAYERMOE framework is trained
in three stages, as summarized in Algorithm 1. In
Stage #1, we initialize LoRA experts and group
transformer layers to form macro-expert struc-

tures. Stage #2 employs Monte Carlo Tree Search
(MCTS) to explore expert combinations across
groups, collecting reward-regularized routing statis-
tics that quantify each expert’s contribution and un-
certainty. Finally, Stage #3 integrates these MCTS-
derived scores with learned router gates to form
reward-guided gating signals, enabling more bal-
anced and interpretable expert specialization during
fine-tuning. This design allows MCTS exploration
to guide LORA-MOoE optimization with minimal
overhead.
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Algorithm 1 Three-Stage Reward-Guided LORA-MOoE Training with MCTS

Require: Training data D, layers {7',..., 7%}, experts E, group size s, MCTS budget B, UCB weight
w, interpolation A, reward threshold ~, smoothing 4, optimizer O

Ensure: Trained model fy (ae B}

Stage 1: Grouping & Initialization

Partition layers into groups S = {Bg}_?:l’ G = [k/s]

for each layer [ do
Initialize frozen weights W', shared LoRA A!, and expert-specific B;- (j=1.E)

end for

Stage 2: MCTS-based Expert Exploration
for each batch B C D do
for each input x; € B (parallelizable) do
Initialize root node hg
fort =1to B do
Selection: a; < arg max,[Q(h, a) + w\/In N'(h) /N (h, a)]
Expansion: add child, sample remaining groups =>path 7;
Rollout: compute loss L( fo(xi;7;),y;) and reward R; = 1jo45, < (—l0ss;)
Backprop: update Q, A/ with smoothing §
end for
Store statistics p; = {A, N, Q}
end for
: end for

: Stage 3: Reward-Guided LoRA-MOoE Training

: for each batch 5 do

for each z; € Bdo
Get gating gé- (z;) and MCTS score IUCIBB% from p;
Fuse: §§~ (x) )\gé- () + (1— A)[U(CIB%%

end for

Compute loss J = ﬁ ST L(fo(xi;9), i)

Update 6, { A’ Bé} via optimizer O

: end for

: return fy (ac ey
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Task Model Variant Train Loss Runtime
GSMSK LLaMA-3.2-1B LayerMoE 0.7594 00:39:05
LLaMA-3.2-1B Base 0.7386 00:36:31
LLaMA-3-8B LayerMoE 0.5512 04:56:50
LLaMA-3-8B Base 0.5369 04:41:39
ARC-Challenge LLaMA-3.2-1B LayerMoE 1.6337 00:21:07
LLaMA-3.2-1B Base 1.5810 00:19:46
LLaMA-3-8B LayerMoE 1.2067 04:05:23
LLaMA-3-8B Base 1.2495 03:57:29
ARC-Easy LLaMA-3.2-1B LayerMoE 2.4645 00:41:51
LLaMA-3.2-1B Base 2.3616 00:39:37
LLaMA-3-8B LayerMoE 1.9370 06:04:40
LLaMA-3-8B Base 1.7170 05:47:02
RACE-Middle @ LLaMA-3.2-1B LayerMoE 0.3233 03:07:25
LLaMA-3.2-1B Base 0.3182 03:12:32
LLaMA-3-8B LayerMoE 0.3217 12:39:16
LLaMA-3-8B Base 0.3195 12:12:30
RACE-High LLaMA-3.2-1B LayerMoE 0.2029 04:06:42
LLaMA-3.2-1B Base 0.1892 03:56:35
OBQA LLaMA-3.2-1B LayerMoE 0.3622 00:59:27
LLaMA-3.2-1B Base 0.3512 00:51:50
LLaMA-3-8B LayerMoE 0.2188 12:14:22
LLaMA-3-8B Base 0.2280 11:55:43
Table 8: Training statistics (LayerMoE vs Base).
Component Time (%) Notes
MCTS rollout 4.23% Pure forward pass, frozen parameters
Reward estimation 1.89% Lightweight scoring function
finetuning 92.67% Dominant cost
Other overhead 1.2% Data loading, synchronization
Total 100% -

Table 9: Time Breakdown of Components with Notes
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