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Abstract—This paper focuses on the limitations of single-layer 

supervision and overconfident one-hot targets in Multi-codebook 

Vector Quantization (MVQ) for knowledge distillation. To this 

end, we enhance MVQ by integrating multi-layer supervision and 

label smoothing. The implementation involves two key steps: 

during the knowledge extraction phase, knowledge is drawn from 

multiple teacher layers instead of a single one; during the 

knowledge transfer phase, label smoothing is applied to the one-

hot codebook index targets. Cross-modal experiments on image 

(CIFAR-100) and speech (AISHELL-1) tasks show that multi-

layer supervision and label smoothing can improve student 

performance in a complementary manner: multi-layer supervision 

provides a direct and robust gain, whereas the benefit of label 

smoothing is obtained through careful tuning of its noise 

parameter. Our work provides a straightforward enhancement 

for MVQ-based knowledge distillation and suggests that future 

work could explore dynamic noise scheduling for further 

performance improvement.
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I. INTRODUCTION

Knowledge distillation (KD) transfers knowledge from large 
neural networks to compact models, reducing computational and 
storage costs while maintaining competitive accuracy [1],[2],[3]. 
Related advances in efficient CNNs [4] and data-augmentation 
GANs [5] further highlight the importance of balancing 
accuracy with resource constraints. It is widely adopted in 
resource-constrained deployments for speech recog-nition and 
image classification [6], [7], [8], [9].

A major practical challenge in offline distillation is the 
storage overhead of teacher outputs [10], [11]. The Multi-
codebook Vector Quantization (MVQ) framework addresses 
this by compressing teacher representations into compact 
codebook indexes, achieving high compression ratios while 
maintaining competitive performance [12]. MVQ-based dis-
tillation comprises knowledge extraction and transfer phases, 
yet current approaches are limited in both: extraction typically 
employs single-layer supervision, which may limit knowl-edge 
completeness, while transfer uses overconfident, noise-sensitive 
one-hot targets, compromising robustness.

To address these limitations, we explore two enhancements: 
(1) leveraging multi-layer supervision for more comprehensive 
knowledge extraction, inspired by FitNets [13], and (2) apply-

ing label smoothing [14] to the quantized targets to mitigate 
overconfidence and enhance transfer robustness.

Fig. 1: Comparison between the original MVQ and our proposed LSMVQ-

ML framework.

We first extend MVQ to multiple layers and observe consis-
tent performance gains. Surprisingly, during experiments, we
discovered that minimal label smoothing (ϵ = 0.05) impairs 
single-layer distillation but benefits the two-layer setting—a 
counterintuitive finding that motivated further investigation.

Analysis of the optimization gradients (Fig. 4) reveals that 
supervisory signals often conflict, pulling parameters in 
divergent directions. Label smoothing appears to alter these 
conflict patterns and is empirically correlated with a redistri-
bution of gradient conflicts, rather than functioning solely as a 
conventional regularizer. We further verify that appropriately 
tuned smoothing can also improve single-layer distillation.

Our key contributions are:

• Revealing gradient conflicts in multi-source supervision 

within the MVQ-based distillation and demonstrating that label 
smoothing correlates with a redistribution of these conflicts.

• Providing evidence that multi-layer supervision can en-

hance the performance of MVQ-based distillation.

• Suggesting that combining multi-layer supervision and 

label smoothing can yield stronger improvements and hinting at 
the characteristics of beneficial noise.



Fig. 2: Pipeline of the LSMVQ-ML framework. Step 1: Extract uint8 codebook indexes (CI) from teacher layers. Step 2: Train the student using a combined loss 

from smoothed CI targets (with layer-wise smoothing factors) and ground-truth labels.

II. METHODOLOGY

A. Overall Framework

The proposed Label-Smoothed MVQ for Multi-Layer 
distillation (LSMVQ-ML) enhances standard MVQ with two
key extensions: multi-layer knowledge distillation and label
smoothing of the compressed targets. As illustrated in Fig. 2,
intermediate teacher features are quantized into 8-bit codebook
indexes via a multi-codebook vector quantizer. These indexes
serve as distillation targets for the student to predict from its
corresponding layers, while the student is also supervised by the 
ground-truth labels.

B. Multi-Codebook Vector Quantization Foundation

LSMVQ-ML builds on the storage-efficient MVQ 
framework[12]. A multi-codebook quantizer with an encoder-
decoder structure compresses teacher representations. Given
input x, the encoder produces index sequences i = Encoder(x), 
while the decoder reconstructs x˜ = Decoder(i). The quantizer, 
comprising an encoder and a decoder, is trained end-to-end 
using the following joint loss:

ℒquantizer= ||x-x̃||2
2

⏟    
Reconstruction Loss

+∑ -log Cn(x)in⏟      
Prediction Loss

N
n=1 , (1)

where N is the number of codebooks and Cn(x)indenotes the 

predicted probability of index in from the n-th codebook. For 
distillation, only the encoder is used. Teacher features are 
quantized into indexes CI = Encoder(xteacher), and the student 
aligns with these targets through a linear prediction head, which 
is optimized via a cross-entropy (CE) loss:

ℒcb=CE(Linear(Studentfeatures),CIteacher). (2)

C. Multi-layer Distillation with Smoothed Quantized Targets

The original MVQ uses hard one-hot vectors as targets for
the codebook index prediction. We apply label smoothing to
soften these targets, producing a smoothed distribution defined
as:

CIj
smooth= {

1 − 𝜖,   𝑗 = 𝐶𝐼𝑡𝑟𝑢𝑒
ϵ

K-1
,     otherwise

(3)

1 Image code: https://github.com/dddmmys/MTKD-RL/tree/LS-MVQ

where ϵ is the smoothing factor and K is the codebook size.
For single-layer distillation, the loss function is:

ℒcb
LS=CE(Linear(Studentfeatures),CIteacher

smooth) (4)

In the multi-layer setting, the overall training objective for
the student is:

ℒ𝑡𝑜𝑡𝑎𝑙 = ℒ𝑡𝑎𝑠𝑘 + ∑ 𝜆𝑚ℒ𝑐𝑏,𝑚
𝐿𝑆𝑀

𝑚=1 (5)

where Ltask denotes the primary task loss, M is the number of 
distilled layers, and λm balances the objectives.

III. EXPERIMENTS

A. Datasets, Models, and Implementation Details

We evaluate on CIFAR-100 image classification [15] and
AISHELL-1 speech recognition [16]. CIFAR-100 consists of
60k 32 x 32 images across 100 classes, split into 50k training
and 10k test samples; no augmentation is used to isolate the 
distillation effect.1 AISHELL-1 contains 150 hours of Mandarin 
speech. Following standard practice, we extract 80-dim filter-
bank features and apply speed perturbation [17] and MUSAN 
noise [18], expanding training to 450h.2 A 30-hour subset is also 
prepared for low-data evaluation. Teacher-student pairs are 
chosen to cover varied data-capacity relationships:

• CIFAR-100: ResNet [19] and RegNet [20]:

– ResNet56 → ResNet8 (sufficient data; 0.08M params)

– ResNet32x4 → ResNet56 (mildly insufficient data;

0.86M params)

– RegNetX_400MF → RegNetX_200MF (highly 

insufficient data; 2.36M params)

•AISHELL-1: Zipformer models [21]:

– Zipformer-M → Zipformer-XS (30h insufficient, 450h 

sufficient; 15.06M params)

The following is the detailed information of the teacher
model, summarized in TABLE I.

2 Speech code: https://github.com/dddmmys/icefall/tree/LS-MVQ



For image tasks, models are trained for 240 epochs, with
learning rate reduced by a factor of 10 at epochs 150, 180, and 
210.

For speech tasks, low-data models train for 60 epochs, while 
full-data models are first jointly supervised by both teacher and 
ground-truth signals for 50 epochs, then by ground-truth only 
for 20 epochs.

MVQ-L1, MVQ-L2, and MVQ-L3 denote the original MVQ 
with single-, two-, and multi-layer distillation, respectively; 
LSMVQ-L1, LSMVQ-L2, and LSMVQ-L3 denote their label-
smoothed counterparts.

TABLE I: TEACHER MODEL INFORMATION

Teacher Model Parameters Performance

ResNet56 0.86M Acc@1: 73.62%

ResNet32x4 7.43M Acc@1: 79.54%

RegNetX 400MF 4.81M Acc@1: 78.88%

Zipformer-M 73.41M Test CER: 4.67%

Character Error Rate (CER) for speech recognition is 
obtained via greedy search decoding. TABLE II details the 
number of codebooks(N) and the corresponding loss weighting 
coefficients (λ) configured for each distillation layer setting in 
both image and speech tasks.

TABLE II: NUMBER OF CODEBOOKS AND LOSS WEIGHTING COEFFICIENTS PER 

LAYER SETTING

Layer Setting Image Speech

L1 N=8,λ=1.0 N=16, λ=0.1

L2 N=[16,8],λ=[1.0,1.0] N=[16,16],λ=[0.05,0.05]

L3 N=[8,16,8],λ=[1.0,1.0,1.0]a –
aThe L3 configuration was only tested on ResNet8.

In all experiments, the number of codebooks N is fixed to 8 
or 16 regardless of the teacher feature dimension (e.g., ResNet 
vs. Zipformer). This design choice isolates the effect of 
distillation depth and label smoothing from architecture specific 
quantizer capacity, ensuring a controlled comparison. Note that 
all performance gains are measured relative to the respective no-
distillation baseline for each teacher-student pair, providing a 
consistent benchmark across different data-to-capacity regimes.

All implementations in this study are fully open-sourced.

B. A Counterintuitive Effect of Label Smoothing

TABLE III and TABLE IV compare the proposed LS-MVQ-
ML with several baselines on CIFAR-100 and AISHELL-1 
across different data regimes and model capacities. 

TABLE III: TOP-1 ACCURACY ON CIFAR-100 (MEAN ±STD OVER THREE

RUNS)

Method ResNet8 ResNet56 RegNetX_200MF

Baseline 52.51 ± 0.29 62.25 ± 0.54 69.30 ± 0.11

MVQ-L1 55.01 ± 0.15 64.77 ± 0.10 72.11 ± 0.43

MVQ-L2 55.63 ± 0.42 66.54 ± 0.40 74.61 ± 0.25

LSMVQ-L1 54.64 ± 0.25↓ 64.75 ± 0.55↓ 72.67 ± 0.23↑

LSMVQ-L2 55.85 ± 0.21↑ 66.51 ± 0.24↓ 74.88 ± 0.06↑

All label smoothing results reported here use a fixed strength 

of ϵ = 0.05. In the tables, upward arrows ( ↑ ) denote 

improvements attributable to label smoothing, whereas 

downward arrows (↓) indicate performance drops.

TABLE IV: CHARACTER ERROR RATE (%) ON AISHELL-1 UNDER LOW-DATA 

AND FULL-DATA REGIMES. LOW-DATA RESULTS ARE MEAN ±STD OVER THREE 

RUNS (TEST/DEV), FULL-DATA RESULTS ARE FROM A SINGLE RUN

Method Low-Data (30h) Full-Data (450h)

Baseline 19.15±0.26/17.80±0.08 6.49/5.95

MVQ-L1 14.55±0.10/13.54±0.05 6.08/5.57

MVQ-L2 12.97±0.01/12.19±0.04 6.01/5.57

LSMVQ-L1 14.43±0.09/13.44±0.07↑ 6.11/5.55↓

LSMVQ-L2 13.00±0.03/12.14±0.07↓ 5.96/5.54↑

To quantitatively analyze the impact of label smoothing,
TABLE V lists the performance gains of both MVQ and LS-
MVQ relative to the no-distillation baseline.

TABLE V: PERFORMANCE GAINS ACROSS CONFIGURATIONS ORDERED BY

INCREASING DATA-TO-CAPACITY RATIO

Setting RegNetX
_200MF

Low-
Data

ResNet56 Full-
Data

ResNet8

Data/Cap. High 
Insuf.

Insuf. Mild 
Insuf.

Suf. Suf.

MVQ-L1 2.81 4.60 2.52 0.41 2.50

LSMVQ-L1 3.37 4.72 2.50 0.38 2.13

MVQ-L2 5.31 6.18 4.29 0.48 3.12

LSMVQ-L2 5.58 6.15 4.26 0.53 3.34

Fig. 3 plots the performance ratio LSMVQ/MVQ across
configurations ordered by increasing data-to-capacity ratio. A 
ratio above 1 indicates that label smoothing improves
performance over the MVQ baseline.

Fig. 3: Performance ratio (LSMVQ/MVQ) across data-to-capacity regimes.

The effect of label smoothing depends on both distillation
depth and data-to-capacity regime: for single-layer distillation
(L1), it transitions from beneficial to detrimental as the data-to-
capacity ratio increases; for two-layer distillation (L2), the trend 
is more complex, showing benefits in low- and high-data
regimes but slight harm in medium regimes.

Disentangling the two distilled layers reveals two opposing
trends. As the data-to-capacity ratio increases, label smoothing
on the deeper teacher layer shifts from beneficial to harmful
(Line 1), while on the shallower teacher layer it shifts from
harmful to beneficial (Line 3). Their superposition produces the 
observed non-monotonic pattern.

C. A Case Study: What Label Smoothing Does

To understand what this beneficial cross-modal label
smoothing affects, we analyze gradient directions using two
representative student models under the two-layer distillation 
setting: ResNet8 (sufficient data) and RegNetX_200MF (highly 
insufficient data).
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Fig. 4: Gradient direction conflict analysis for two models under two-layer distillation (L2). (a)(b) ResNet8 (sufficient data) with and without label smoothing (ϵ = 

0.05); (c)(d) RegNetX 200MF (highly insufficient data) with and without label smoothing. Each of the four panels contains six sub-figures: (i-iii) histograms of 

cosine similarities between gradients of S0 (shallow teacher), S1 (deep teacher), and S2 (ground truth); (iv) box plots of these similarities; (v) gradient magnitude 
comparisons; and a summary text (unlabeled).

For each model, we train two variants (with and without 
label smoothing, ϵ = 0.05), and for each variant we select the 
checkpoint from the run closest to the mean performance across 
three independent runs. A forward pass is then performed on a 
batch of data to measure the degree of gradient direction conflict 
between the supervisory signals (S0: shallow teacher, S1: deep 
teacher, S2: ground truth).

Gradient analysis (Fig. 4) reveals persistent conflicts among
supervisory signals. Label smoothing affects these conflicts: It 
redirects the student’s o timization direction, where the pair 
with the strongest gradient conflict indicates the primary
orientation of the update. For ResNet8, the dominant conflict
shifts from S0-S1 to S0-S2. For RegNetX_200MF, the three
conflict ratios become more balanced, the originally strongest
conflict on S1-S2 is reduced, while the conflicts on S0-S1 and
S0–S2 increase, making all three closer to each other. These
changes are accompanied by a more concentrated distribution of 
S0-S2 similarities, while the distributions of S0–S1 and S1-S2 
become more dispersed. Furthermore, label smoothing
consistently strengthens the relative dominance of the ground-
truth signal (S2).

This observed relationship prompts a further question: can
we systematically reproduce the beneficial state by tuning the
noise strength?

D. In-depth Exploration: Layer-wise Smoothing Allocation

To verify the broader prevalence of the performance gains
from introducing noise, rather than its effect under specific
configurations, we conduct a series of three-layer distillation
experiments on ResNet8 (CIFAR-100). TABLE VI presents the
results for various smoothing allocations, where the ϵ values are 
listed from the shallowest to the deepest distillation target (e.g., 
ϵ = [0.05, 0, 0.05] applies ϵ = 0.05 to the shallowest and deepest 
targets, and no smoothing to the middle target).

Uniform smoothing (ϵ = 0.05 on all three layers) reduces
accuracy compared to no smoothing. The decreasing sequence ϵ
= [0.05, 0.03, 0.01] achieves the highest accuracy, surpassing
both the no-smoothing and uniform-smoothing baselines.

We also revisit single-layer distillation to examine whether
a tuned smoothing strength can improve performance. On
CIFAR-100 with ResNet8, we observe that a small smoothing
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strength of ϵ = 0.025 leads to a measurable improvement over 
the no-smoothing baseline.

TABLE VI: PERFORMANCE OF LSMVQ-L3 WITH DIFFERENT LAYER-WISE

LABEL SMOOTHING ALLOCATIONS ON RESNET8 (CIFAR-100)

Setting Mean ± std

MVQ-L3 55.85 ± 0.17

LSMVQ-L3 ϵ=0.05 (all) 55.25 ± 0.34

LSMVQ-L3 ϵ=[0.05, 0, 0.05] 55.50 ± 0.25

LSMVQ-L3 ϵ=[0, 0.05, 0.05] 55.39 ± 0.38

LSMVQ-L3 ϵ=[0.05, 0.05, 0] 55.80 ± 0.26

LSMVQ-L3 ϵ=[0.05, 0.03, 0.01] 55.88 ± 0.21

TABLE VII: REVISITING SINGLE-LAYER DISTILLATION WITH TUNED LABEL

SMOOTHING ON RESNET8 (CIFAR-100) AND FULL-DATA (AISHELL-1)

Task Setting Performance

ResNet8

MVQ-L1 55.01 ± 0.15

LSMVQ-L1 ϵ = 0.05 54.64 ± 0.25

LSMVQ-L1 ϵ = 0.025 55.54 ± 0.26

Full-Data

MVQ-L1 6.08 / 5.57

LSMVQ-L1 ϵ = 0.05 6.11 / 5.55

LSMVQ-L1 ϵ = 0.025 6.13 / 5.64

LSMVQ-L1 (dynamic strategy) 6.02 / 5.60

However, in the full-data AISHELL-1 speech task, static 
smoothing strengths (e.g., ϵ = 0.025) in the single-layer setting 
do not surpass the no-smoothing baseline. Instead, a dynamic 
smoothing strategy—training with ϵ = 0.05 for 30 epochs, then 
ϵ = 0.025 for 20 epochs, followed by 20 epochs using only 
ground-truth labels—achieves a test CER of 6.02, 
outperforming both fixed-smoothing and no-smoothing 
baselines. These results are summarized in TABLE VII. Across 
these configurations, beneficial noise persists; when combined 
with the gain analysis presented in TABLE V, this demonstrates 
a generally observable phenomenon.

IV. DISCUSSION AND CONCLUSION

Our investigation demonstrates that the Multi-codebook
Vector Quantization (MVQ) distillation framework is 
effectively enhanced by two primary modifications. First, 
incorporating multi-layer teacher supervision yields direct and
consistent performance gains across image and speech tasks
(TABLE III and TABLE IV). Second, label smoothing interacts 
with student generalization in a more complex manner. Our 
gradient analysis (Fig. 4) reveals that this introduced noise 
measurably redistributes conflicts between the supervisory 
signals, providing a clue that its conditional benefit may hinge 
on the noise strength. Building on this observation, our 
exploration of smoothing schedules (TABLE VI and TABLE 
VII) indicates that beneficial noise is a general occurrence. 
Furthermore, the results suggest an optimal noise pattern 
characterized by a layer-wise decreasing sequence ϵ = [ϵ1, ϵ2, ..., 

ϵm] (where ϵ1 ≥ ϵ2 ≥ ... ≥ ϵm) whose overall strength decays 

during training. This layer-wise pattern stems from the 
observation that shallower signals, being influenced by a greater 
number of deeper supervisory paths, require stronger smoothing 
to harmonize the multi-source guidance. The temporal decay
aligns with the principle of maintaining a beneficial teacher-
student capacity gap [22]: stronger noise early helps bridge a
wider gap, while reduced noise later facilitates finer alignment.

Beyond adaptive scheduling, two additional extensions are
worth pursuing. First, the exact characterization of the beneficial 
noise regime can be further investigated, which may inspire 
adaptive algorithms that dynamically track this beneficial
interval. Second, a controlled comparison with standard KL-
divergence knowledge distillation is an important future 
direction. However, such a comparison involves multiple 
confounding factors: our quantizer is trained with L2 loss, and 
while MSE sometimes outperforms KL divergence [23], 
continuous signal distillation also introduces temperature 
parameters. A clean, controlled study under identical conditions 
is therefore left for future work.

In conclusion, this work empirically validates two effective
pathways to enhance MVQ-based knowledge distillation: 
utilizing multi-layer supervision and introducing calibrated 
noise into the quantized targets. These findings provide practical
guidance for enhancing learning from compressed knowledge,
contributing to the future deployment of knowledge distillation
systems on resource-constrained devices.
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