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Abstract

Recent progress in deep learning has been driven by in-
creasingly large-scale models, but the resulting computa-
tional cost has become a critical bottleneck. Sparse Mix-
ture of Experts (MoE) offers an effective solution by acti-
vating only a small subset of experts for each input, achiev-
ing high scalability without sacrificing inference speed. Al-
though effective, sparse MoE training exhibits character-
istic optimization difficulties. Because the router receives
informative gradients only through the experts selected in
the forward pass, it suffers from gradient blocking and ob-
tains little information from unselected routes. This limited,
highly localized feedback makes it difficult for the router to
learn appropriate expert-selection scores and often leads to
unstable routing dynamics, such as fluctuating expert as-
signments during training. To address this issue, we pro-
pose TGR-MoE: Teacher-Guided Routing for Sparse Vision
Mixture-of-Experts, a simple yet effective method that sta-
bilizes router learning using supervision derived from a
pretrained dense teacher model. TGR-MoE constructs a
teacher router from the teacher’s intermediate representa-
tions and uses its routing outputs as pseudo-supervision
for the student router, suppressing frequent routing fluctu-
ations during training and enabling knowledge-guided ex-
pert selection from the early stages of training. Extensive
experiments on ImageNet-1K and CIFAR-100 demonstrate
that TGR consistently improves both accuracy and routing
consistency, while maintaining stable training even under
highly sparse configurations.

1. Introduction

Sparse Mixture-of-Experts (MoE) architectures [37] enable
compute-efficient scaling by activating only a small subset
of experts per input, allowing model capacity to grow with-
out a proportional increase in computation. Originally pop-
ularized in large-scale language models [8, 21], MoE has
recently been extended to vision models for recognition and
generation tasks [9, 29, 32, 41]. In this work, we focus on
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Figure 1. Comparison between standard sparse MoE routing (left)
and our Teacher-Guided Routing in TGR-MoE (right). The bar
plots denote the router’s per-expert routing scores. In a conven-
tional sparse MoE, the router receives gradient feedback only from
the experts it selects, leaving the majority of experts without infor-
mative signals. This limited and highly localized feedback can
lead to locally optimal routing behaviors, such as expert collapse
or frequent changes in expert selection. TGR-MOoE introduces a
global prior derived from the intermediate features of a pretrained
dense teacher model. This prior provides additional supervision to
the router, complementing the sparse gradient signals and encour-
aging more coherent routing preferences even for experts that are
not selected at each step.
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sparse Vision MoE (VMoE) (e.g., [29, 32]), where individ-
ual patch tokens are fed into MoE layers in parallel.
Despite their computational advantages, sparse MoE
models remain challenging to train stably [49]. Unlike
dense (i.e., non-MoE) models, which update all parameters
on every input, sparse MoE architectures activate and up-
date only a small subset of experts and the router for each
input. We argue that an important yet under-discussed chal-
lenge in this training regime is gradient blocking: as illus-
trated in Fig. 1 (left), because only selected experts partici-
pate in the forward and backward passes, the router receives
no informative feedback from unselected routes. As a re-
sult, it is difficult for the router to learn appropriate expert-
selection scores for each input, especially in the early stage
of training when expert specialization has not yet emerged.

This lack of informative, data-dependent supervision can



easily lead to unstable routing dynamics. In particular, the
expert assigned to a fixed input can vary in an excessively
frequent fashion over the course of training, a phenomenon
referred to as routing fluctuation [4]. Although auxiliary
load-balancing losses [37] are commonly used to mitigate
expert-usage imbalance, they are not sufficient to effec-
tively suppress routing instability during training and can
even amplify changes in expert assignment over the course
of training. Such temporal inconsistency complicates op-
timization because the same sample may update different
experts across iterations, even though only one or a small
fixed set of experts will be used at inference. Overly fre-
quent changes in expert assignment hinder stable expert
specialization and can leave some experts undertrained, par-
ticularly in settings with a large number of experts. These
considerations motivate us to provide the router with an ex-
ternal prior that supplies informative guidance beyond the
sparsely activated routes, as illustrated in Fig. 1 (right).

We propose TGR-MoE: Teacher-Guided Routing for
Sparse Vision Mixture-of-Experts, a framework that stabi-
lizes sparse MoE routing by leveraging a pretrained dense
teacher. Rather than modifying the task objective, TGR-
MoE attaches an auxiliary teacher router to the frozen
teacher backbone. The teacher router is trained with a load-
balancing loss and an entropy loss, which were formerly
used as regularizers for the target router, to produce rout-
ing distributions that are both balanced across experts and
sufficiently confident. The resulting teacher router yields
stable routing distributions that are used to guide the target
router. The MoE student learns its router by distilling these
distributions: for each MoE layer, the student gating dis-
tribution is trained to match the teacher’s via a Kullback—
Leibler divergence term combined with the standard task
loss. Because the teacher backbone is frozen and only the
lightweight teacher router is optimized, teacher routing con-
verges quickly and remains stable, and the distillation term
encourages temporally consistent, semantically meaning-
ful expert assignments in the student. The proposed train-
ing strategy introduces a prior to the router’s softmax out-
puts with different abstraction levels, relieving the gradient
blocking problem without freezing the target router, while
no additional cost is required at test time.

We evaluate TGR-MOoE against the standard VMOoE [32]
and its variants. Across ImageNet-1K [35] pre-training
and downstream tasks including CIFAR-10/100 [19] and
Oxford-IIIT Pets [27], TGR-MoE consistently outperforms
VMOE at all model scales (Tiny, Small, Base) under a com-
parable compute budget. It is competitive with, and of-
ten superior to, advanced MoE variants such as expert-
choice routing [48], SoftMoE [29], and z-loss regulariza-
tion [49]. Applying TGR-MoE during fine-tuning further
yields the strongest transfer performance on CIFAR-100,
indicating that explicit routing guidance remains beneficial
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beyond pre-training. TGR-MOoE also scales more reliably
with the number of experts, maintaining steady gains even
in regimes where conventional VMoE saturates (Sec. 4.3),
and routing-consistency analysis shows that it substantially
reduces routing fluctuations and reaches stable expert as-
signments earlier than VMoE (Sec. 5.1).

2. Related Work

Mixture of Experts. While MoE was originally intro-
duced in the early 1990s [14, 26], it has recently emerged
as an efficient way to scale model capacity without increas-
ing computation proportionally [21, 37]. Driven by scal-
ing laws [13, 18], MoE has been widely adopted in large
language models [5, 7, 8, 16, 21, 22, 43] and vision mod-
els [2, 9, 15, 17, 24, 28, 32, 38, 46]. Despite this progress,
MOoE architectures face several training challenges. A well-
known issue is expert-usage imbalance, where only one or
a few experts receive most routing traffic; auxiliary load-
balancing losses [8, 32, 37] and alternative designs such
as expert-choice routing [48] or normalized routing strate-
gies [0] aim to address this. Prior work has also noted
numerical sensitivities arising from interactions between
router logits and expert outputs [49]. To mitigate issues
caused by gradients flowing only through chosen experts,
giving the router localized and discontinuous feedback, sev-
eral methods introduce continuous relaxations of routing,
including DSelect-k [11], differentiable top-k gating [36],
and ReMoE [42]. Although these smooth the gating func-
tion, expert activations remain discrete. Fully continuous
formulations such as Soft-MoE [29] eliminate discrete se-
lection entirely, while approaches like SMEAR [25] merge
experts via adaptive soft combinations.

Sparse MoE training also exhibits routing fluctuation,
where expert assignments vary across training steps. Sta-
bleMoE [4] and HashMoE [33] improve stability through
decoupled or fixed routing, highlighting the value of con-
sistent assignments. However, such methods constrain or
freeze routing, limiting the model’s ability to adapt routing
decisions as representations evolve. In this paper, instead of
fixing routing, we guide the router during training with an
external, stable source of global guidance.

Knowledge Distillation. Knowledge distillation (KD)
transfers predictive behavior or intermediate representa-
tions from a teacher model to a student [12, 34]. Rep-
resentative vision distillation methods include DeiT [39],
which introduced token-based teacher guidance for ViTs,
DKD [47], which separates target and non-target logits to
stabilize training, and CAT-KD [10], which leverages class-
wise attention to enhance feature alignment. A few recent
studies distill information directly into the router, but with
objectives fundamentally different from ours. Read-ME [1]
transfers the activation sparsity pattern of a pretrained dense
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Figure 2. Detailed architecture of the proposed TGR-MoE, illus-
trated for layer 7. The teacher provides a routing signal Lgisin to
guide the student router, with the additional balancing loss Lioaa
and the regularization loss Len.

model to an MoE router in order to reproduce the teacher’s
computation during model conversion, and Dynamic Expert
Specialization [23] constrains a fine-tuned router to remain
close to the routing distribution of a pretrained MoE to mit-
igate catastrophic forgetting. Both methods therefore apply
distillation to preserve a pre-existing routing behavior for
purposes such as model conversion or domain adaptation.
However, neither approach directly addresses the instability
that originates from discrete routing during pretraining.

3. Method

We propose TGR-MoE, a framework that stabilizes sparse
MoE routing by leveraging a pretrained dense teacher
model. The teacher router provides a stable routing distri-
bution that supervises the student router during training.

3.1. Preliminary: MoE Routing

In Transformer architectures, the MoE layer is typically
introduced as a replacement for the feed-forward network
(FFN) within each block. Each MoE layer consists of F
experts {f.(-)}£_,, each implemented as an MLP with in-
dependent parameters. Given h € RY*P D-dimensional
representations for N patches, the router network R(-) pro-
duces pre-softmax logits z = R(h) € RV*F and the gat-
ing probabilities are obtained as

p = softmax(z). (1)

For each token representation h;, € R?, the router produces
gating probabilities p, = softmax(R(hy)) € RE. The top-
K experts with the highest probabilities are selected, and
their outputs are aggregated as a weighted sum:

MoE(hy) = Y pue fe(hy), 2)
e€ToPK(py)

where TOPK (p;) denotes the indices of the K experts with
the highest gating probabilities for token b.

Algorithm 1: Training procedure of TGR-MoE
Input: Pretrained dense teacher model Meacher,
MoE student model M ydent, dataset D,
set of MoE layers Syior
Output: Trained student model Mgiydent

for each mini-batch (x,y) € D do
Forward Mqydent and obtain routing

probabilities {pV}icsyoms

Extract teacher intermediate features {hg’) =
Compute teacher routing probabilities:

pgi) = softmax(Rﬁi) (hgl))) .

Compute teacher router loss w.r.t. Eqn. 8;
Compute router distillation loss w.r.t. Eqn. 9;
Compute student final loss w.r.t. Eqn. 10;
Update Mgtudent and Ry using Lgtudent and

Lyteacher;
end

Load-Balancing Loss. A major challenge in MoE train-
ing is expert imbalance, where one or a few experts domi-
nate computation while others remain inactive. Following
VMOoE [32], an auxiliary load-balancing loss is introduced
to encourage even expert utilization. Given a patch of N to-
kens with routing probabilities p € RY*¥ the per-expert
importance is defined as

1 N
Imp,(p) = 5 > Pic 3)
i=1

The load loss Lj0,q(p) minimizes the coefficient of variation
of the expert importances:

std(Imp(p))

Ciou(p) = (S UPL) o vantimp(e). b

where Imp = {Imp,}Z ;. In VMOoE, two balancing terms
are introduced—the load loss and the importance loss—
which together promote uniform expert utilization. For sim-
plicity, we refer to their combination as the overall load loss
Lioad(p) throughout this paper.

The overall objective for the VMoE model is expressed
as

Liotal = Liask + Z Aoad Eload(p(i))a ()

1ESME

where \jy,q is a balancing coefficient for the load loss, Syor
denotes the set of layers containing MoE modules, and p(*)
represents the routing distribution produced by the router at
the ¢-th MoE layer.



3.2. Teacher-Guided Routing for MoE (TGR-MoE)

Teacher Router Construction To leverage a non-MoE
dense teacher model to guide the student’s routers, we add
auxiliary teacher routers. The teacher routers are dedicated
to providing pseudo-supervision for student routers, and do
not perform actual routing in the sense of MoE.

We first extract intermediate representations h; from a
pretrained dense teacher model. Using these features, we
define a teacher router R;(-) that outputs the expert assign-
ment probabilities:

p: = softmax(R;(h;)) € RV*E, (6)

The teacher router is optimized to produce stable and
well-distributed routing using two loss terms: the load-
balancing loss Lioa(p) and the entropy loss Len(p). The
load-balancing loss encourages uniform utilization of ex-
perts and prevents underused experts, while the entropy loss
prevents the router from collapsing into an overly uniform
distribution, thereby encouraging confident and distinct ex-
pert assignments. The entropy loss is defined as:

1 N FE
Eem(p) = _N Z Z Pie 1Og Pie-

i=1e=1

)

The pretrained dense teacher model is frozen, and only
the teacher router is optimized. We optimize the teacher
router using a subset of training samples Syop to obtain
a stable and balanced routing distribution. The objective
function is defined as:

Eteacher = Z (Aloadﬁload(pgi)) + )\entﬁem(pgi))) ) (8)

1ESMoE

where Ajgaq and ey are balancing coefficients. This opti-
mization does not aim to minimize the downstream task loss
directly. Instead, it constructs a teacher router that promotes
desirable routing behaviors in Sparse MoE models, such as
balanced expert utilization and the avoidance of overly uni-
form assignments. It leverages the pretrained teacher’s se-
mantically structured feature space, whose rich and orga-
nized representations provide a strong prior for guiding the
router toward consistent and meaningful expert assignment.

Teacher-Guided Router Training The student router
Rswdent in the MoE model learns to imitate the teacher
router’s routing distribution. Let p; and p denote the output
distributions of the teacher and student routers, respectively.
We define the distillation loss as:

Laisin(p, P+) = KL(stopgrad(p;) || p), )

where KL(:|-) denotes the Kullback-Leibler divergence
[20] and stopgrad(-) indicates the stop-gradient operation,
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which detaches the teacher’s output from the computation
graph to prevent gradient backpropagation into the teacher
network.

The overall objective for the MoE model is then ex-
pressed as:

Adistill
| SMOE |

> Lasin(p®, p")

1ESMoE

»Csludent = £task + (10)

where Ly is the main task loss (e.g., classification),
and Mg 1 a hyperparameter controlling the distillation
strength.

In practice, we jointly train the teacher router together
with the student MoE model. Since the teacher’s back-
bone is frozen and only the router receives its own auxiliary
losses, the teacher routing converges quickly and remains
stable throughout training. We also observed that pretrain-
ing and freezing the teacher router in advance yields nearly
identical final accuracy. Therefore, for simplicity and ef-
ficiency, we adopt the joint training scheme in all exper-
iments. The overall training algorithm for TGR-MOoE is
summarized in Figure 2 and Algorithm 1.

4. Results

4.1. Implementation Details

We adopted the DeiT [39] architecture as the backbone to
ensure a fair comparison, since our proposed TGR-MoE
employs a teacher-model-based training paradigm and DeiT
offers a well-established and efficient framework for incor-
porating teacher signals in vision transformers. To main-
tain fairness, all experiments, including both the proposed
TGR-MoE and the baseline VMOoE [32] employed the same
DeiT-style distillation strategy applied to the final classifi-
cation layer. The MoE configuration followed the original
VMOE setup. The detailed settings are provided in Table 1.
As the teacher model, we selected DeiT-III [40] pretrained
on ImageNet-21K [31] because it achieves strong top-1 ac-
curacy while sharing the same architectural family as the
student models. This architectural alignment reduces the in-
ductive gap between teacher and student, facilitating more
stable and effective knowledge transfer.

Following the DeiT architectures, which consist of 12
transformer layers, the 8th, 10th, and 12th layers were re-
placed with MoE layers across all model variants (Tiny,
Small, and Base). Since the DeiT-III teacher model does
not include a distillation token, we use the routing output
associated with the teacher’s CLS token as the distillation
target for the student router. All models were trained on
ImageNet-1K [35] with an input resolution of 224 x 224 and
fine-tuned on CIFAR-10, CIFAR-100 [19], and Oxford-IIIT
Pets [27] in later experiments. We adopted AdamW opti-
mizer with cosine learning rate scheduling, and data aug-
mentations (RandAugment [3], Mixup [45], CutMix [44])



Table 1. Model configurations and loss coefficients used in all
experiments. F denotes the number of experts.

Model F Teacher Accuracy (Teacher)
Tiny 16  DeiT-1II-Small 83.1%
Small, Base 8 DeiT-111-Base 85.7%

Loss coefficients: Ligaa = 0.005, Lgisin = 5.0, Lene = 0.005

applied consistently across all methods. Experiments were
conducted on 2x or 4x H100 GPUs depending on the model
size. Note that we trained all student models from scratch.
Some experiments were run only on the Tiny and Small
variants due to computational limits. Detailed hyperparam-
eter settings are provided in Supplementary Section A.

4.2. Quantitative Evaluation

We first conducted pre-training on ImageNet-1K to com-
pare the performance of ViT, VMOoE, and our proposed
TGR-MoE. In addition to standard VMoE, we evaluated
Expert Choice MoE [48], z-loss regularization [49], and
SoftMoE [29]. To ensure a fair comparison, Expert Choice
MoE and SoftMoE were configured so that each expert pro-
cessed, on average, the same number of tokens.

As shown in Table 2, TGR-MoE achieves consistently
strong performance across all model scales. It reliably
surpasses ViT and VMoE, and is competitive with or
better than Expert Choice MoE and SoftMoE on most
datasets. For example, on ImageNet-1K, TGR-MoE im-
proves the Tiny model’s Top-1 accuracy from 77.85% to
78.78% and the Small model from 82.63% to 83.34% un-
der the K=1 setting. These gains demonstrate that pro-
viding stable global guidance during routing yields bene-
fits beyond those achieved by existing capacity-balancing
or continuous-routing approaches.

We further applied the same training scheme during
fine-tuning, where TGR-MOoE continued to show superior
performance on downstream datasets such as CIFAR-100.
These results demonstrate that teacher-guided routing leads
to improved performance and more effective expert utiliza-
tion in both pre-training and fine-tuning. Additional analy-
sis and comparisons are provided in Supplementary Section
C.

Effect of TGR-MoE during fine-tuning. To further ex-
amine whether the routing structure learned during pre-
training is preserved during transfer, we conducted fine-
tuning experiments on CIFAR-10, CIFAR-100, and Oxford-
IIIT Pets, using Tiny, Small, and Base models pretrained on
ImageNet-1K. We compared two configurations: (i) fine-
tuning a pre-trained TGR-MoE model under the standard
VMOoE objective, and (ii) continuing to apply TGR-MoE
during fine-tuning.
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As shown in Table 3, maintaining TGR-MoE dur-
ing fine-tuning consistently achieves the highest accuracy
(86.95%, 90.26%, and 91.07% for Tiny, Small, and Base,
respectively), whereas using the pre-trained TGR-MOoE only
for initialization yields limited gains (86.15%, 89.18%,
and 90.05%) compared to the VMoE baselines (86.14%,
88.68%, and 89.04%). Despite strong pre-training, the per-
formance converges close to the baseline when TGR-MoE
is not applied during fine-tuning, suggesting that the routing
knowledge acquired during pre-training is difficult to retain
without explicit guidance. Applying TGR-MoE throughout
fine-tuning helps preserve and refine this routing knowl-
edge, leading to more stable expert utilization and consis-
tent transfer performance.

4.3. Effect of Varying Number of Experts

We further investigated how the number of experts E in-
fluences model performance and training stability. Increas-
ing E naturally raises the sparsity of the model, as only a
small subset of experts is activated for each token. How-
ever, this heightened sparsity also amplifies the difficulty of
the routing task, often resulting in unstable or suboptimal
expert utilization in conventional MoE training. To assess
whether the proposed method can sustain stable learning
under such sparse regimes, we evaluated Tiny-scale mod-
els with £ € {4,8,16,32,64,128,256}. The results are
summarized in Table 4.

As FE increases, both VMOoE and TGR-MoE exhibit con-
sistent performance improvements, confirming that expand-
ing expert capacity enhances representational power. How-
ever, the gains realized by VMOoE taper off at larger ex-
pert counts, whereas TGR-MoE maintains steady improve-
ments across all configurations—achieving a +1.07% boost
at £'=16 and sustaining meaningful gains even at £E=128.
These findings suggest that teacher-guided routing enables
more reliable expert allocation as model capacity scales,
thereby improving the overall scalability of sparse expert
architectures.

5. Analytical Discussion

5.1. Analysis of Routing Consistency

To assess how routing behavior evolves during training and
whether a method suppresses frequent changes in expert se-
lection, we evaluate routing agreement of TGR-MoE and
VMOoE trained on ImageNet-1K in Table 2, which measures
the proportion of tokens whose assigned expert matches a
reference assignment.

As shown in Figure 3 (top), the proposed method main-
tains a consistently higher agreement with the final model
throughout training. Around the midpoint of optimization,
VMGoE still differs from the final routing assignments for
roughly 40% of inputs, indicating that its expert selection



Table 2. Comparison of Top-1 accuracy (%) across datasets and model scales. For V-MoE and the proposed TGR-MOoE, results are reported
as K=1/K=2 (left / right) in top-K routing. Models with K = 1 and K = 2 are trained independently. For all other baselines without a slash,
the reported values correspond to K=1 or an equivalent computational cost.

Top-1 Accuracy (%)

Model Size Model
ImageNet-1K [35] CIFAR-10 CIFAR-100 [19] Pets [27]

ViT (dense) 74.62 97.78 85.43 89.86
VMOoE [32] 77.85/78.21 97.98/97.72 86.20/85.75 89.82/90.17

Tiny VMOoE w/ z-loss [49] 77.99 97.84 86.13 90.15
Expert Choice MoE [48] 77.82 97.83 86.60 91.21
SoftMoE [29] 79.31 97.99 86.80 91.91
TGR-MoE (ours) 78.78 /179.24 98.27 / 98.37 87.03/ 86.87 91.78/91.63
ViT (dense) 81.74 98.35 88.60 92.75
VMoE 82.63/82.81 98.51/98.68 88.68 / 88.98 93.31/93.10

Small VMOoE w/ z-loss 82.42 98.62 89.36 93.04
Expert Choice MoE 82.09 98.55 89.21 93.69
SoftMoE 82.76 98.58 88.45 93.32
TGR-MoE (ours) 83.34/ 83.68 98.90 / 98.93 90.26 / 90.48 93.79/94.14
ViT (dense) 84.02 98.76 89.72 93.65

Base VMOoE 83.97/84.08 98.66 /98.78 89.04 / 89.26 93.79/93.45
VMOoE w/ z-loss 84.03 98.81 89.99 94.21
TGR-MoE (ours) 85.46 / 85.34 98.99 / 99.05 91.07 / 91.07 94.63 / 94.97

Table 3. Effect of applying TGR-MoE during fine-tuning (K=1,
CIFAR-100). Maintaining TGR-MoE during fine-tuning yields
the highest accuracy across all model scales, showing that explicit
routing guidance preserves pre-trained routing knowledge and sta-
bilizes transfer learning.

Top-1 Accuracy (%)

Setting

Tiny Small Base
ViT 85.43 88.60 89.72
VMoE 86.14 88.68 89.04
TGR-MOoE (pretrained only) 86.15 89.18 90.05
TGR-MOoE (during fine-tuning) 86.95 90.26 91.07
L, 100 Agreement with Final Epoch
g 0.75 e w*"*'“ﬁ'w
E 0.50 e o -
%025 /' ‘I\{gl:-EMoE (ours)
0 100 200 300
41,00 Agreement between Consecutive Epochs
i 0.75 SESOSOIOOPEIROo00000E0ESRE0nEneNNRR0RE e cny -
£ 0.50 /. —— VMoE
5025 TGR-MOoE (ours)
0 100 200 300

Epoch
Figure 3. Comparison of routing consistency during training.
(Top) Agreement rate with the final epoch. (Bottom) Agreement
rate between consecutive epochs, evaluated every 5 epochs. The
proposed method significantly reduces routing fluctuations and
achieves more stable expert selection, averaged over all MoE lay-
ers.
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continues to shift even in later stages. In contrast, our
method surpasses 70% agreement within the first 50 epochs
and remains comparatively stable thereafter, demonstrating
that teacher-guided routing enables the router to settle into
a consistent usage pattern much earlier. A similar trend is
observed when examining agreement between consecutive
epochs (Figure 3, bottom). Our method maintains a high
and steady level of agreement, approximately 0.8 through-
out training. VMOoE, however, exhibits pronounced oscil-
lations, especially in the early training phase, with agree-
ment frequently dropping to 0.5-0.6. Overall, these results
indicate that teacher-guided routing effectively suppresses
routing fluctuation.

To further examine whether the routing structure learned
during pre-training is preserved after transfer, we measured
the agreement rate of router outputs before and after fine-
tuning on CIFAR-100. For the conventional VMOoE, agree-
ment dropped to only 50.56%, indicating that fine-tuning
substantially altered the routing configuration. In contrast,
the proposed TGR-MoE maintained a much higher agree-
ment of 73.75%, suggesting that the teacher-guided rout-
ing mechanism effectively preserves the pre-trained routing
behavior and provides a more consistent initialization for
downstream adaptation.

5.2. Interaction of Task and Distillation Losses

While TGR-MOoE trains the student router using both task
and distillation losses, the interaction between these two



Table 4. Comparison of Top-1 accuracy with different numbers of Experts (Tiny model, ImageNet-1K). The advantage of TGR-MoE

becomes more evident as the number of experts increases.

Number of experts 1 (Dense) 4 8 16 32 64 128

VMoE 74.62% 76.18% 77.39% 77.85% 78.41% 78.74% 79.38%

TGR-MoE (ours) - 76.59% 77.81% 78.78 % 79.35% 79.95% 80.36%
(+0.41%) (+0.42%) (+1.07%) (+0.94%) (+1.21%) (+0.98%)

Table 5. Comparison of different TGR-MoE training variants
using the Tiny model with 8 experts on ImageNet-1K. While dis-
tillation alone provides sufficient supervision for stable routing,
applying it primarily in the early stage and switching to task opti-
mization later yields the best final performance.

Training Configuration Accuracy (%)

Distillation only 77.83
Distillation (first half) + Task 78.13
Distillation + Task 77.81

signals remains unclear. We hypothesize that task gradients
may conflict with the teacher-guided routing signal, espe-
cially in the early stages when routing decisions are still un-
stable. Meanwhile, it was reported that applying distillation
throughout training can impede late-stage convergence, and
that restricting it to earlier epochs often improves final per-
formance [30]. Motivated by this, we investigate how the
balance between task-driven and distillation-driven super-
vision shapes router learning in TGR-MoE. To study this,
we compare three training configurations: (1) distillation-
only router training, (2) distillation applied only during the
first half of training, and (3) the standard TGR-MoE setup
with both losses active throughout.

The results are illustrated in Table 5. Two observations
emerge. First, and surprisingly, explicit task supervision
is not essential for router optimization: distillation alone
achieves competitive accuracy (77.83%), indicating that the
teacher’s routing distribution provides sufficiently strong
guidance. Second, applying distillation only in the early
phase yields the best performance (78.13%), suggesting
that teacher-guided signals are most beneficial when rout-
ing is volatile, while task gradients become more effective
once expert selection has stabilized. These findings reveal
that the role of distillation in router training is inherently
phase-dependent: strong early guidance stabilizes routing,
whereas relaxing distillation pressure later improves task
convergence.

5.3. Analysis of Upper-Bound Routing

To understand the potential benefits of routing based di-
rectly on teacher features, we analyze an upper-bound con-
figuration in which the router itself is trained on top of a
pretrained dense teacher backbone and used as the routing
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mechanism at inference time. Although this setup is not
feasible in practice as the teacher model cannot be deployed
during inference, it serves as an oracle that reveals the max-
imum achievable benefit when routing decisions are made
from the teacher’s rich feature representations rather than
those of the student. Concretely, we train the teacher router
using task and load-balancing losses. Unlike our proposed
TGR-MOoE, this configuration does not distill teacher rout-
ing into a student router; instead, the teacher router directly
performs all routing decisions during both training and in-
ference. This allows us to evaluate the upper bound of ex-
pert allocation quality that a student router could aspire to
imitate.

Table 6 reports the results for the Tiny model with 8 ex-
perts. Using the teacher router for inference yields the high-
est accuracy (80.19%), suggesting that routing guided by
the teacher’s structured and semantically rich feature space
can substantially improve expert utilization. This highlights
that current student-side MoE routers still leave significant
room for improvement in how effectively they leverage ex-
pert capacity. In contrast, the student router trained solely
through imitation of the teacher distribution shows a sub-
stantial performance drop (74.84%). This indicates that it
cannot fully reproduce the complex routing behaviors avail-
able to the teacher, likely due to limited representational ca-
pacity, accumulated approximation errors across layers, and
the fact that it never performs routing during training and
therefore cannot adjust its behavior based on task-driven
signals. Overall, while direct teacher-guided routing rep-
resents an unattainable but informative upper bound, TGR-
MoE provides a practical middle ground: it transfers mean-
ingful routing structure from the teacher while remaining
deployable at inference time, achieving stable and effective
routing without requiring access to the teacher model. We
provide additional details of this experiment in Supplemen-
tary Section B.

5.4. Further Analysis of Teacher-Guided Routing

To better understand how teacher knowledge stabilizes rout-
ing, we analyze the behavior of teacher-guided routing in
detail. We first study which layer of the teacher model pro-
vides the most effective routing supervision, and then eval-
uate how faithfully the student router imitates the teacher
router.



Table 6. Evaluation of the effectiveness of incorporating teacher
knowledge into routing. Teacher-routed inference performs rout-
ing directly with the pretrained teacher during evaluation, achiev-
ing the highest accuracy and illustrating the potential benefit of
teacher-informed routing. Student-routed inference (w/ distilla-
tion) learns to imitate the teacher’s routing but performs inference
without the teacher model, showing a performance drop due to
limited adaptation capacity. TGR-MoE achieves a balance be-
tween these settings, effectively transferring teacher knowledge
while remaining teacher-free at inference.

Configuration Accuracy (%)
VMOoE baseline 77.39
TGR-MOoE (ours) 77.81
Student-routed inference (w/ distillation) 74.84
Teacher-routed inference (upper bound) 80.19

Which teacher layer provides the best guidance?

We evaluate several choices of teacher feature layers for
constructing routing guidance, using the Tiny model with
8 experts. When the routing signal is generated from the
teacher’s final-layer features, accuracy drops substantially
to 75.83%, considerably lower than our proposed method
(77.81%) and even below the standard VMoE baseline.
This suggests that the high-level representations of a pre-
trained teacher are too abstract and task-specialized to serve
as effective routing cues for the student. In contrast, layer-
aligned intermediate features provide a better structural
match, yielding a more compatible and effective supervi-
sion signal for guiding expert allocation.

Agreement between teacher and student routers.

We next measure how closely the student router replicates
teacher routing behavior by computing the top-1 expert se-
lection agreement between the two routers across different
MoE layers. As reported in Table 7, the agreement con-
sistently improves with model scale, indicating that larger
student models have greater capacity to approximate the
teacher’s routing boundaries. However, perfect alignment is
not achieved even in the Base model, reflecting the inherent
capacity gap between the student router and the teacher’s
richer representation space.

Across layers, we observe a monotonic decrease in
agreement toward deeper stages. This is expected: deeper
student representations naturally deviate more from the
teacher’s, and forcing strict alignment in these layers can
conflict with task optimization. Indeed, teacher routing,
while beneficial as an upper bound, is not necessarily opti-
mal for the student due to representational mismatch. Thus,
a balance between imitation and adaptation is required: the
student should leverage teacher-informed structure where
beneficial while retaining flexibility in later layers. This
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Table 7. Top-1 expert selection agreement between teacher and
student routers across different layers. The agreement improves
with model size but decreases in deeper layers, suggesting that the
student router approximates but does not perfectly replicate the
teacher’s routing behavior.

Agreement (%)
Model
Layer 8 Layer 10 Layer 12
Tiny 74.81 70.60 53.43
Small 80.01 75.49 59.87
Base 81.27 77.06 67.15

trade-off is precisely what TGR-MoE embodies, enabling
effective routing transfer without over-constraining the stu-
dent model.

6. Conclusion

In this work, we introduced TGR-MoE, a teacher-guided
routing framework in which a lightweight router attached
to a pretrained dense teacher provides stable and infor-
mative routing distributions as supervision for the stu-
dent MoE router. Through extensive experiments on
ImageNet-1K and multiple downstream benchmarks, we
demonstrated that TGR-MoE consistently improves accu-
racy across model scales and remains effective as the num-
ber of experts increases, highlighting its scalability advan-
tages over standard VMoE and other MoE variants. Our
analyses further revealed that TGR-MoE substantially sta-
bilizes routing during training, preserves routing patterns
more faithfully during fine-tuning, and reduces fluctuations
that typically hinder expert specialization. Importantly, the
framework requires access to the teacher model only dur-
ing training, incurring no additional inference cost. Overall,
our findings indicate that effective MoE routing requires su-
pervisory signals beyond task-driven gradients, and that in-
corporating teacher-informed routing priors offers a simple
yet powerful mechanism for achieving stable, scalable, and
high-performing expert-based architectures.

Limitations and Future Work. Our experiments were
primarily focused on image classification tasks; extending
TGR-MOoE to natural language and multimodal settings re-
mains an important direction for future work. Since MoE
models are highly sensitive to data scale, future studies
should also examine the generalization and scalability of
TGR-MoE on larger datasets. We believe that such exten-
sions could further validate and enhance the potential of
TGR-MOoE in large-scale, real-world applications.
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