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Abstract
Mixture-of-Experts (MoE) architectures improve inference efficiency by activating only a samll
subset of parameters for each token. Recent dense-to-MoE conversion methods transform pretrained
dense large language models into sparse MoEs through expert initialization, but practical top-
K routing prevents the converted model from fully reproducing the original dense computation.
We view this recovery gap as arising from two coupled challenges: selecting appropriate experts
and recovering information missed by the selected experts. We propose Routing-and-Residual
Distillation (RRD), a teacher-guided framework that distills routing targets from the original dense
model and repurposes shared experts to recover the remaining representation gap. Experiments
demonstrate that teacher-guided routing substantially improves sparse conversion and that combining
routing and residual recovery yields more faithful dense-to-MoE transfer.1

1. Introduction

Large language models (LLMs) improve with scale, but scaling increases inference latency, memory
use, and energy cost [2, 4, 11, 22]. Mixture-of-Experts (MoE) architectures reduce this cost by
activating only a small parameter subset per token, increasing conditional capacity without full dense
computation [6, 13, 20]. Because training MoEs from scratch remains expensive, dense-to-MoE
conversion upcycles pretrained dense LLMs by reusing dense MLP parameters as experts [7, 12, 15,
16, 18, 27]. Careful expert initialization can preserve much of the dense model’s performance while
enabling sparse inference.

Practical top-K routing, however, still leaves a recovery gap: each token activates only a subset
of routed experts, whereas the dense model uses all feed-forward components. The converted model
must therefore learn which experts to activate and how to recover intermediate representations not
sufficiently preserved by them. Standard fine-tuning and logit-level distillation provide limited
guidance, because language modeling only indirectly trains the router and output-level supervision
does not specify expert selection or layer-wise recovery.

We propose Routing-and-Residual Distillation (RRD), illustrated in Figure 1, to use these dense-
model signals for post-conversion recovery. RRD derives top-K routing targets from activation
magnitudes within each expert group and distills them into the router. It also trains always-active
shared experts to reconstruct the intermediate representations that routed experts alone do not
sufficiently preserve. This design gives existing MoE components complementary roles: routed
experts perform token-specific sparse computation, while shared experts reduce the remaining

1. Code: https://anonymous.4open.science/r/rrd_moe-6B0B
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Figure 1: RRD combines split-initialized routed experts with shared residual correction, guided by
teacher-derived top-K routing targets.

representation gap. RRD jointly optimizes language modeling with teacher-guided distillation of
both routing decisions and intermediate representations.

2. Methodology

We study dense-to-MoE recovery under sparse top-K routing. Split initialization decomposes a
dense MLP into disjoint expert slices, but top-K routing activates only a subset of them. The
resulting MoE must therefore learn to route each token to informative experts while compensating
for the representations lost by sparse top-K expert selection. We propose Routing-and-Residual
Distillation (RRD), a teacher-guided framework that supervises expert routing and residual recovery
using layer-wise signals from the frozen dense teacher.

2.1. Problem setup and split-initialized student

Consider a Transformer with L blocks and hidden dimension d. For each converted layer ℓ, let
fT
ℓ : Rd → Rd denote the teacher dense MLP with intermediate dimension df . We denote the

teacher and student residual-stream states by hTℓ and hSℓ , and their pre-MLP normalized states by
h̃Tℓ = LNℓ(h

T
ℓ ) and h̃Sℓ = LNℓ(h

S
ℓ ). For token position t, we write hTℓ,t and hSℓ,t; when clear, we

omit ℓ and t.
Split initialization partitions the teacher intermediate dimension into E disjoint slices of width

de = df/E, defining slice-wise functions {fT
ℓ,i}Ei=1. Under the usual row-disjoint split of SwiGLU-

style MLPs, the teacher MLP admits the exact all-slice decomposition

fT
ℓ (h̃

T
ℓ ) =

E∑
i=1

fT
ℓ,i(h̃

T
ℓ ). (1)

Thus, split initialization preserves the dense MLP only when all E slices are used, whereas top-K
routing activates only K < E experts.

The student replaces each dense MLP with split-initialized experts {eℓ,i}Ei=1, a router gℓ,θ : Rd →
RE , and an always-active shared expert sℓ : Rd → Rd. Each eℓ,i is initialized from the corresponding
teacher slice fT

ℓ,i, and the shared expert has intermediate dimension of de by default. We also consider
a partition-based variant in which shared and routed experts are initialized from disjoint groups of
the original dense MLP neurons [16].
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Given h̃Sℓ , the router produces probabilities pℓ,θ(i | h̃Sℓ ) = softmax(gℓ,θ(h̃
S
ℓ ))i and selects

Sℓ,θ(h̃
S
ℓ ) = arg topKi gℓ,θ(h̃

S
ℓ )i with |Sℓ,θ| = K. We renormalize the selected probabilities as

p̃ℓ,θ(i | h̃Sℓ ) = pℓ,θ(i | h̃Sℓ )/
∑

j∈Sℓ,θ
pℓ,θ(j | h̃Sℓ ) for i ∈ Sℓ,θ.

The student MoE block combines the normalized top-K routed path with the always-active
shared expert:

MoEℓ(h̃
S
ℓ ) =

∑
i∈Sℓ,θ(h̃

S
ℓ )

p̃ℓ,θ(i | h̃Sℓ )eℓ,i(h̃Sℓ ) + sℓ(h̃
S
ℓ ) = REℓ(h̃

S
ℓ ) + sℓ(h̃

S
ℓ ). (2)

Here, REℓ denotes the routed, non-shared expert path. Equation 2 defines the student MoE
computation, where the routed path performs sparse token-specific processing and the shared expert
acts as an always-active correction path. The frozen dense model provides the teacher signals used in
the following distillation losses.

2.2. Routing distillation

For each token, the teacher slices differ in their contribution to the dense MLP output. We use these
slice activations to define a teacher-side top-K routing target. For t-th token at layer ℓ, we set

S⋆
ℓ,t = arg topKi∈{1,...,E}

∥∥∥fT
ℓ,i(h̃

T
ℓ,t)

∥∥∥
2
. (3)

This target is computed from the frozen teacher forward pass for each layer and token, providing
direct supervision for expert selection.

The exact oracle would search over all
(
E
K

)
subsets and choose the one whose sum best recon-

structs the dense output, which is infeasible at scale. Equation 3 provides a practical surrogate under
split initialization, where each expert slice corresponds to a disjoint subset of teacher MLP units.

We train the router to imitate this teacher-derived selection by converting S⋆
ℓ,t into a multi-hot

vector y⋆
ℓ,t ∈ {0, 1}E , with ones at the selected experts. The routing loss is

Lrouter = BCE
(
pℓ,θ(· | h̃Sℓ,t),y⋆

ℓ,t

)
, (4)

where BCE denotes binary cross-entropy over experts. This objective increases the probability of
teacher-selected experts while suppressing the remaining experts.

2.3. Residual reconstruction with an always-active shared expert

Top-K routing cannot generally reproduce the full dense MLP output using routed experts alone.
We therefore train the always-active shared experts as residual correction paths, whether they are
implemented as additional modules [3, 25] or derived from partitions of the original dense MLP [16].
For t-th token at layer ℓ, we define the residual target as

r⋆ℓ,t = fT
ℓ (h̃

T
ℓ,t)− REℓ(h̃

S
ℓ,t)detach. (5)

The first term is the dense teacher MLP output, and the detached second term is the routed component
already produced by the selected experts. We train the shared expert with the layer-averaged RMSE
loss

Lshared =
1

L

L∑
ℓ=1

√
E(x,t)

[
1

d

∥∥∥sℓ(h̃Sℓ,t)− r⋆ℓ,t

∥∥∥2
2

]
. (6)

The detach operation in Equation 5 restricts this loss to the shared expert.
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2.4. Total objective and gradient routing

RRD combines language modeling, routing distillation, and shared-expert reconstruction:

Ltotal = αLCE + β Lrouter + γ Lshared. (7)

LCE updates all trainable components, Lrouter updates the router and routed experts, and Lshared up-
dates only the shared expert. We enforce this gradient assignment with detach operations, separating
task, routing, and residual supervision while jointly optimizing the converted MoE.

3. Experiments & results

Table 1: Evaluation on Llama-2-7B under E8A2S2, where all methods
use 50% sparsity by activating half of the dense MLP computation in
each converted MoE layer.

Method Sparsity PIQA WinoGrande ARC-E ARC-C HellaSwag Avg.
PPL

WikiText-2
PPL
C4

Training-Free 50% 59.19 55.25 41.96 25.94 44.00 45.27 14.02 20.88
LoRA-FT 50% 66.87 60.93 53.07 30.89 55.58 53.47 7.47 13.88
CE Loss 50% 66.59 59.35 52.53 32.25 56.63 53.47 7.92 15.58

RRD 50% 67.41 59.51 55.13 32.42 56.84 54.26 7.42 13.00

Table 2: Avg. accuracy of
RRD ablations on Llama-2-
7B under E8A2S2.

α β γ Avg.
w/o LCE 0.0 1.0 1.0 51.69

w/o Lrouter 0.1 0.0 1.0 52.16
w/o Lshared 0.1 1.0 0.0 52.95

RRD 0.1 1.0 1.0 54.26

3.1. Experiment settings

We evaluate RRD on Llama-2-7B [24] and Qwen-2.5-7B [25]. Following CMoE [16], we convert
dense MLPs into shared and routed experts using WikiText-2 [14] calibration samples and fine-tune
all sparse models with the same 2,048 WikiText-2 samples. Our main evaluation uses E8A2S2, a
50% sparsity configuration with eight experts, two activated routed experts, and two shared experts
per token. We compare RRD with training-free conversion and fine-tuning baselines under the same
conversion and adaptation budget. Appendix B gives implementation details; Appendices C.3, C.2,
and C.1 provide additional sparsity results and routing analysis.

3.2. Main results

Table 1 reports 50% sparsity results on Llama-2-7B. Under the same 2K-sample adaptation budget,
RRD achieves the best average accuracy and reduces C4 perplexity from 20.88 to 13.00, outperform-
ing training-free conversion and standard fine-tuning baselines. These results show that sparse MoE
recovery requires more than task-level adaptation: when top-K routing removes a large fraction of
dense MLP computation, the converted model must also recover the teacher’s layer-wise behavior,
including expert selection and intermediate representations.

3.3. Effect of each RRD loss component

Table 2 shows that all three objectives contribute to RRD. Cross-entropy provides the main task
signal, while routing distillation and residual reconstruction further improve average accuracy. Full
per-task results are provided in Appendix C.4.
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Figure 2: Multi-axis proximity analysis between CMoE-converted Llama-2-7B students and the
dense teacher in E8A2S2. TF, LoRA-FT, and CE-only denote training-free conversion, LoRA fine-
tuning, and cross-entropy-only fine-tuning, respectively. (a) Layer-wise cosine similarity between
student MoE and teacher MLP outputs; (b) layer-wise top-K expert-set match rate against the teacher
magnitude oracle, with the dashed line indicating random routing; (c) token-level KL(T ∥S), where
T and S denote teacher and student logits. RRD moves the sparse student closer to the dense teacher
across representations, routing decisions, and output distributions.

3.4. Proximity to the dense teacher

Figure 2 explains why RRD improves high-sparsity recovery. Compared with training-free conversion
and fine-tuning baselines, RRD yields higher MoE–MLP cosine similarity, higher top-K agreement
with the teacher magnitude oracle, and lower token-level KL(T ∥S). These trends show that RRD
does not merely improve downstream scores, but also aligns the converted MoE with the dense
teacher along the three axes targeted by the method: intermediate representations, routing decisions,
and output behavior.

4. Related work

RRD relates to dense-to-MoE conversion, MoE upcycling, and intermediate knowledge distillation.
Prior work reuses dense checkpoints through continued training, MLP-to-expert decomposition,
pruning-based conversion, or activation-aware initialization [7, 12, 15–18, 26, 27], while distillation
methods align final predictions or intermediate representations [5, 8–10, 19, 23]. RRD differs by
targeting post-conversion recovery under sparse top-K routing, supervising both expert selection and
residual reconstruction from dense-model activations.

5. Conclusion

We presented RRD, a dense-to-MoE recovery framework that decomposes distillation into routing
supervision for expert selection and residual supervision for shared experts. Experiments show that
this design brings sparse MoE students closer to the dense teacher across routing, representations,
and outputs, and that such proximity leads to stronger high-sparsity recovery.
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Appendix

Appendix A. RRD algorithm

Algorithm 1: Routing-and-Residual Distillation (RRD) training step

Data: minibatch (x, y), frozen dense teacher {fT
ℓ }Lℓ=1, split-initialized experts {eℓ,i}, routers

{gℓ,θ}, shared experts {sℓ}, top-K, weights α, β, and γ
Set oracle targets {S⋆

ℓ,t}t ← arg topKi∈{1,...,E} ∥fT
ℓ,i(h̃

T
ℓ,t)∥2 for all token positions t;

for ℓ = 1 to L do
Compute teacher slice outputs {fT

ℓ,i(h̃
T
ℓ )}Ei=1;

Compute dense teacher output fT
ℓ (h̃

T
ℓ ) =

∑E
i=1 f

T
ℓ,i(h̃

T
ℓ );

Set oracle target S⋆
ℓ ← topKi ∥fT

ℓ,i(h̃
T
ℓ )∥2;

end
Run the student forward and obtain {h̃Sℓ ,MoEℓ, sℓ}Lℓ=1 and the final logits;
for ℓ = 1 to L do

Compute routed-path loss Lrouter,ℓ using S⋆
ℓ , pℓ,θ, and the non-shared MoE path;

Compute shared loss from sℓ(sg[h̃
S
ℓ ]) and sg

[
fT
ℓ (h̃

T
ℓ )−MoEℓ(h̃

S
ℓ )
]
;

end
Compute language-modeling loss LCE on the final logits;
Ltotal ← αLCE + βLrouter + γLshared;
Update the student parameters θ using ∇Ltotal;

Appendix B. Experimental Setup

Models and conversion. We evaluate on Llama-2-7B [24] and Qwen-2.5-7B [25]. For each model,
we follow the CMoE [16] dense-to-MoE conversion setting. CMoE analytically restructures each
dense MLP into shared experts and routed experts using activation statistics. Frequently activated
neurons are assigned to shared experts, while the remaining neurons are grouped into routed experts
based on activation-pattern similarity. The router is initialized from representative neurons of the
routed experts rather than from random weights. Following CMoE, we use 8 or 64 WikiText-2 [14]
samples as the calibration set for conversion.

Sparsity settings. We build eight-expert sparse MoE models with the activation-pattern partitioning
of CMoE [16]. Our main setting is E8A3S3, where each MoE layer has eight expert-sized partitions,
three always-active shared experts, and three activated routed experts per token. This activates six
out of eight expert-sized partitions and corresponds to 25% sparsity relative to the original dense
MLP. We also evaluate E8A2S2, where each layer has two shared experts and activates two routed
experts per token, corresponding to 50% sparsity. We denote the number of shared experts by ns and
the number of activated routed experts by na.

Training recipe. All fine-tuned methods use the same data budget as CMoE: 2,048 samples from
WikiText-2 raw text. We use sequence length 2048, one training epoch, Adam, effective batch size 2,
and a constant learning-rate schedule. LoRA follows the original CMoE recipe and applies adapters

9



SPECIFY RUNNING TITLE

to both attention and MLP modules while also training the router with a load-balancing objective.
CE-only and RRD update only the router and experts, while keeping attention and embeddings
frozen. RRD does not use an additional router load-balancing loss.

Hyperparameter settings. For LoRA, we follow CMoE and use lora_extra_lr=0.001,
lora_r=8, lora_alpha=32, and lora_dropout=0.1. We tune the base learning rate over
{3× 10−5, 10−4} for all methods, and additionally evaluate 5.95× 10−5 for LoRA following the
original paper. For RRD, we search αtask ∈ {0.1, 0.3, 0.7}, αshared ∈ {1.0, 3.0, 5.0, 10.0}, and
αrouter ∈ {0.1, 0.5, 1.0}.

Baselines. We follow the CMoE benchmark setting and compare against both structured pruning
and dense-to-MoE conversion methods. Dense is the original unsparsified model. SliceGPT [1]
and SLEB [21] are structured pruning baselines that remove redundant model components from the
pretrained dense model. LLaMA-MoE [27] and LLaMA-MoE-v2 [18] convert dense MLPs into
routed experts through parameter partitioning and post-training adaptation. EMoE [17] builds experts
using parameter-based neuron clustering. CMoE [16] separates frequently activated neurons from
input-dependent neurons and forms shared and routed experts from the original dense MLP. RRD is
applied to the CMoE-converted architecture.

Evaluation and compute. We report zero-shot downstream accuracy on PIQA, WinoGrande,
ARC-Easy, ARC-Challenge, and HellaSwag. For the high-sparsity setting, we also report perplexity
on WikiText-2 and C4. All runs use a single 95 GiB GPU with bfloat16 mixed precision in PyTorch.

Appendix C. Additional Experimental Results

C.1. Routing signals after dense-to-MoE conversion

Table 3: Effect of routing signals after dense-to-MoE conversion. Magnitude-based routing selects
experts using dense MLP activation magnitudes. Compared with random routing, activation-based
expert selection substantially improves performance, and teacher representations provide stronger
routing signals than student representations.

Router Input Sparsity ARC-E HellaSwag. PIQA Avg. Accuracy

Random hS 50% 26.60 25.79 50.76 34.38
Magnitude-based hS 50% 34.30 32.87 57.34 41.50
Magnitude-based hT 50% 37.88 34.79 57.73 43.47

To motivate routing distillation, we study dense-to-MoE conversion on Qwen3-1.7B without post-
conversion training. Each dense MLP is evenly split into eight experts, and four experts are activated
per token. We compare random routing with magnitude-based routing, which selects experts by dense
MLP activation magnitudes, and evaluate whether the routing signal is computed from the student
representation hS or the teacher representation hT . Table 3 shows that magnitude-based routing
substantially improves average accuracy over random routing, from 34.38 to 41.50 with hS and 43.47
with hT . These results indicate that dense activations provide useful expert-selection signals and that
teacher-side representations yield stronger routing targets, motivating RRD’s teacher-guided routing
objective.
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C.2. Results under 50% sparsity

Table 4: High-sparsity evaluation on Llama-2-7B and Qwen-2.5-7B with the E8A2S2 configuration.
All methods use 50% sparsity, where each converted MoE layer activates half of the dense MLP
computation. RRD uses the same 2K WikiText-2 adaptation budget as the fine-tuning baselines.

Method Sparsity PIQA WinoGrande ARC-E ARC-C HellaSwag Avg. Accuracy
PPL

WikiText-2
PPL
C4

Llama-2-7B-E8A2S2
Training-Free 50% 59.19 55.25 41.96 25.94 44.00 45.27 14.02 20.88

LoRA-FT 50% 66.87 60.93 53.07 30.89 55.58 53.47 7.47 13.88
Cross-entropy Loss 50% 66.59 59.35 52.53 32.25 56.63 53.47 7.92 15.58

RRD 50% 67.41 59.51 55.13 32.42 56.84 54.26 7.42 13.00
Qwen-2.5-7B-E8A2S2

Training-Free 50% 61.10 53.75 48.06 28.50 43.42 46.97 16.51 36.80
LoRA-FT 50% 63.49 55.41 54.67 36.09 50.80 52.09 15.49 30.63

Cross-entropy Loss 50% 63.98 56.43 54.38 33.79 52.42 52.20 13.24 28.31
RRD 50% 63.98 58.80 54.88 34.30 51.95 52.78 10.59 23.69

Table 4 evaluates RRD in the 50% sparsity regime, where top-K routing leaves a larger gap
between the converted MoE and the original dense MLP. Under this setting, RRD improves over
both training-free conversion and standard fine-tuning baselines. On Llama-2-7B, RRD reduces C4
perplexity from 20.88 in the training-free model to 13.00 and achieves the best average downstream
accuracy. On Qwen-2.5-7B, RRD reduces C4 perplexity to 23.69, outperforming training-free
conversion and LoRA fine-tuning under the same 2K-sample adaptation budget. These results
indicate that teacher-guided routing and residual recovery are most beneficial when sparse routing
removes a larger fraction of the dense MLP computation.

C.3. Results under 25% sparsity

Table 5 reports results under the standard E8A3S3 setting, where each converted MoE layer retains
75% of the dense MLP computation. In this relatively mild sparsity regime, CMoE initialization
already preserves much of the dense model’s behavior. RRD remains competitive with strong dense-
to-MoE baselines, slightly improving average accuracy on Llama-2-7B and maintaining comparable
performance on Qwen-2.5-7B. These results complement the high-sparsity experiments in the main
text, where the benefit of routing and residual distillation becomes more pronounced.

C.4. Full ablation results

Table 6 shows that each component of RRD contributes to sparse recovery. Removing cross-entropy
causes the largest drop, confirming the need for task-level supervision. Removing either routing
distillation or residual reconstruction also degrades performance, showing that language modeling
alone does not fully guide expert selection or representation recovery. The full RRD objective
achieves the best average zero-shot accuracy, supporting the complementary roles of cross-entropy,
teacher-guided routing, and shared-expert residual recovery.
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Table 5: Zero-shot downstream performance on Llama-2-7B and Qwen-2.5-7B under the standard
25% sparsity setting. All sparsified models are fine-tuned with 2K WikiText-2 samples, while the
dense baseline is not fine-tuned. Converted MoE models use 25% sparsity, and structured pruning
baselines use 20% reduction. RRD denotes our method applied to the CMoE-converted architecture.
Baseline results are from CMoE [16].

Method Sparsity PIQA WinoGrande ARC-E ARC-C HellaSwag Avg. Accuracy

Llama-2 7B

Dense 0% 78.78 69.06 74.58 46.16 76.00 68.92

SliceGPT 20% 65.71 62.88 59.76 33.21 51.34 54.58
SLEB 20% 73.13 5.98 57.90 33.02 62.47 46.50

LLaMA-MoE 25% 49.35 50.28 54.04 26.37 25.77 41.16
LLaMA-MoE-v2 25% 63.55 59.35 63.77 34.81 54.89 55.27

EMoE 25% 72.47 64.48 58.63 35.75 60.80 58.43
CMoE 25% 74.34 65.77 67.09 40.35 69.36 63.38

RRD 25% 72.91 66.22 67.05 41.30 70.93 63.68

Qwen-2.5-7B

Dense 0% 79.82 73.16 77.36 51.02 78.86 72.04

SliceGPT 20% 66.19 66.51 61.88 36.69 53.21 56.90
SLEB 20% 74.95 61.76 59.95 35.80 64.41 59.37

LLaMA-MoE 25% 49.63 53.21 57.05 28.64 25.65 42.84
LLaMA-MoE-v2 25% 64.25 62.71 65.77 37.59 56.06 57.28

EMoE 25% 73.98 65.41 60.63 38.48 62.71 60.24
CMoE 25% 75.93 69.36 70.59 43.86 72.21 66.39

RRD 25% 73.99 66.06 72.52 47.53 69.36 65.89

Table 6: Full ablation study of RRD loss components on Llama-2-7B under the E8A2S2 setting. We
remove each objective from the full RRD loss and report zero-shot accuracy on each benchmark.

α β γ PIQA WinoG. ARC-E ARC-C HellaS. Avg.

w/o Cross-entropy loss 0.0 1.0 1.0 66.54 57.38 52.23 28.75 53.54 51.69
w/o Shared experts distillation 0.1 1.0 0.0 66.38 57.30 53.24 30.72 57.10 52.95

w/o Routing distillation 0.1 0.0 1.0 65.29 56.83 52.02 30.38 56.30 52.16

RRD 0.1 1.0 1.0 67.41 59.51 55.13 32.42 56.84 54.26
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