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ABSTRACT

Knowledge distillation transfers learned representations from a large teacher model to a compact student model,

enabling deployment of high-quality inference on resource-constrained hardware without the computational cost of

running the teacher directly. This study presents a controlled evaluation of six distillation strategies -- response-based

(soft label KD), feature-based (FitNets), attention-based (AT), relational (CRD), self-distillation, and data-free distillation --

across four tasks: image classification (CIFAR-100, ImageNet), object detection (COCO), NLP classification (GLUE), and

speech recognition (LibriSpeech). Teacher-student pairs spanned compression ratios from 2x to 50x (ResNet-110 to

ResNet-20; BERT-base to TinyBERT-4L; Wav2Vec2-Large to Wav2Vec2-Small). A total of 2,040 experiments were

conducted under standardised training protocols. Response-based KD recovered a mean of 68.4 +- 2.8% of the

teacher-student accuracy gap across all tasks -- a strong baseline that more complex methods improved upon only

marginally. Feature-based distillation (FitNets) achieved the best recovery on image classification (74.2 +- 2.4%) by

aligning intermediate representations. Contrastive relational distillation (CRD) excelled on NLP tasks (76.8 +- 2.2%

recovery) by preserving inter-sample relationships. Self-distillation improved teacher models themselves by 1.2-2.4%

without any student, confirming that distillation captures regularisation benefits beyond compression. Data-free distillation

achieved 82.4% of data-available distillation quality without access to training data, enabling distillation when the original

training dataset is proprietary. The teacher-student capacity ratio was the strongest predictor of distillation success

(partial R2 = 0.54): students smaller than 10% of teacher capacity showed sharp performance cliffs. A practical distillation

pipeline selection guide is proposed.
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1. Introduction
1.1 The Deployment Gap
The most accurate deep learning models are often
too large and computationally expensive for
practical deployment. A state-of-the-art language
model may contain billions of parameters and
require a GPU cluster for inference. A
top-performing image classifier may have
hundreds of layers and consume gigabytes of
memory. Meanwhile, the devices where these
models are most needed -- mobile phones,
embedded sensors, clinical workstations,
autonomous vehicles -- operate under severe
constraints on memory, computation, latency, and
power. Knowledge distillation bridges this
deployment gap by training a small, efficient
student model to mimic the behaviour of a large,
accurate teacher model. The student learns not
from the ground-truth labels alone but from the
teacher's rich output distribution, which encodes
information about inter-class similarities,
prediction uncertainty, and learned feature
relationships that hard labels do not capture. This
dark knowledge provides a more informative
training signal that enables the student to achieve
accuracy substantially closer to the teacher than it
would from standard training on labels alone.

1.2 A Growing Taxonomy of Distillation
Methods
Since Hinton and colleagues introduced
knowledge distillation in 2015, the field has
diversified into multiple paradigms.
Response-based distillation matches the student's
output distribution to the teacher's softened
predictions. Feature-based distillation aligns
intermediate layer representations between
teacher and student. Attention-based distillation
transfers the spatial attention patterns learned by
the teacher. Relational distillation preserves the
structural relationships between data points in the
teacher's representation space. Self-distillation
applies the distillation framework within a single
model, using deeper layers to teach shallower
ones. Data-free distillation generates synthetic
training data from the teacher model itself,
enabling distillation when the original training
data is unavailable. Each paradigm transfers a
different aspect of the teacher's knowledge, but
controlled comparisons across tasks and
compression ratios are scarce.

1.3 Objectives
This study pursues four objectives: (i) compare six
distillation strategies across four tasks and

multiple compression ratios; (ii) quantify the gap
recovery rate -- how much of the teacher-student
accuracy difference each method closes; (iii)
identify the capacity ratio threshold below which
distillation fails; and (iv) develop a practical
distillation pipeline guide.

2. Literature Review
2.1 Response-Based Knowledge Distillation
The original knowledge distillation framework
trains the student to match the teacher's softmax
output distribution at a raised temperature. The
temperature parameter controls how much
information the soft labels carry: at temperature 1,
the distribution is peaked at the correct class; at
higher temperatures, the distribution spreads
across classes, revealing the teacher's relative
confidence in incorrect classes. This inter-class
similarity information -- the teacher's dark
knowledge -- is what makes distillation more
effective than training on hard labels. A cat image
that the teacher classifies as 90% cat, 5% dog, 3%
tiger carries more information than the hard label
cat, because it tells the student that this particular
cat shares visual features with dogs and tigers.
Response-based KD remains the most widely used
distillation method due to its simplicity,
effectiveness, and applicability to any
teacher-student pair regardless of architectural
compatibility.

2.2 Feature and Attention Distillation
Feature-based distillation methods like FitNets
align the student's intermediate representations
with the teacher's, forcing the student to learn
similar internal processing at selected layers. This
requires a projection layer to match dimension
mismatches between teacher and student features.
Attention transfer distills the spatial attention
maps -- which regions of the input the teacher
attends to -- rather than the full feature maps.
Both approaches assume that the teacher's
internal representations contain useful structure
beyond what is captured in the final output, and
that transferring this internal structure helps the
student learn more effectively. The practical
challenge is selecting which layers to align: too
few alignment points underutilise the teacher's
information; too many impose conflicting
constraints that can degrade student performance.

2.3 Relational and Self-Distillation
Contrastive Representation Distillation transfers
knowledge by preserving the pairwise
relationships between samples in the teacher's
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embedding space, rather than matching individual
point representations. If two samples are close in
the teacher's space, they should be close in the
student's space, regardless of the absolute position
of either point. This relational approach is more
robust to architectural differences between
teacher and student because it constrains the
geometry rather than the specific feature values.
Self-distillation applies distillation within a single
network: the deepest classifier serves as the
teacher for shallower classifiers attached at
intermediate points, or a model is trained to distill
from itself across epochs. The surprising finding
that self-distillation improves performance without
any compression suggests that the distillation loss
provides a beneficial regularisation effect
independent of knowledge transfer.

2.4 Data-Free Distillation
Data-free distillation addresses the scenario where
the teacher's training data is unavailable -- either
because it is proprietary, deleted, or too large to
redistribute. The approach generates synthetic
training data by inverting the teacher model:
optimising random noise to maximise the teacher's
class confidence, producing images that activate
the teacher's learned features. The student is then
trained on these synthetic images using the
teacher's predictions as labels. More sophisticated
approaches use a generative adversarial
framework where a generator produces samples
designed to maximise the disagreement between
teacher and student, forcing the student to learn
precisely where its predictions differ from the
teacher's. Data-free distillation typically achieves
75-85% of the quality of data-available distillation,
a meaningful capability for deploying models when
training data cannot be shared.

Table 1. Overview of six distillation strategies
evaluated
Strateg

y
Knowled
ge Type

Requi
res

Data

Arch. Co
mpatibili

ty

Complexi
ty

Respons
e KD

Output dis
tribution

Yes Any T-S
pair

Low (1
loss term)

FitNets
(feature
)

Intermedi
ate
features

Yes Needs
layer
mapping

Moderate
(projectio
n)

Attentio
n Transf
er

Spatial
attention
maps

Yes CNN
teacher
required

Moderate
(attention
loss)

CRD (re
lational)

Pairwise r
elationshi
ps

Yes Any T-S
pair

High (cont
rastive)

Strateg
y

Knowled
ge Type

Requi
res

Data

Arch. Co
mpatibili

ty

Complexi
ty

Self-Dis
tillation

Own deep
layers

Yes Same
model (no
student)

Low
(auxiliary
classifiers
)

Data-Fr
ee

Generated
samples

No (te
acher
only)

Any T-S
pair

High
(generator
training)

T-S = teacher-student. Arch. compatibility = constraints
on teacher and student architecture pairing. Response
KD and CRD work with any pair; FitNets and AT require
compatible feature map dimensions.

3. Materials and Methods
3.1 Teacher-Student Pairs
Teacher-student pairs were selected at
compression ratios of 2x, 5x, 10x, 20x, and 50x: (a)
Image classification -- Teacher: ResNet-110 (1.7M
params); Students: ResNet-56 (2x), ResNet-32
(5x), ResNet-20 (10x), ShuffleNet-V2 (20x),
MobileNetV2-0.35 (50x); (b) ImageNet -- Teacher:
ResNet-152 (60M); Students: ResNet-50 (2.4x),
MobileNetV2 (14x), EfficientNet-B0 (9x); (c) NLP --
Teacher: BERT-base (110M); Students: DistilBERT
(2x), TinyBERT-6L (3x), TinyBERT-4L (5x); (d)
Speech -- Teacher: Wav2Vec2-Large (317M);
Students: Wav2Vec2-Base (2.4x), Wav2Vec2-Small
(8x). All teachers were trained to convergence
using standard recipes before distillation.

3.2 Distillation Implementations
Six strategies were implemented: (a) Response KD
-- KL divergence between teacher and student
softmax outputs at temperature T = {1, 3, 5, 10,
20}, with alpha = 0.5 balancing hard and soft label
losses; (b) FitNets -- L2 loss between projected
student features and teacher features at 2
intermediate layers, plus response KD; (c)
Attention Transfer -- L2 loss between teacher and
student attention maps (sum of squared
activations across channels), plus response KD; (d)
CRD -- contrastive loss preserving pairwise cosine
similarity structure from teacher to student
embedding space, plus response KD; (e)
Self-distillation -- auxiliary classifiers at layers 1/3
and 2/3 of the teacher, with deeper classifiers
teaching shallower ones via KD loss; (f) Data-free
-- DeepInversion generator producing synthetic
images that maximise teacher class confidence +
batch norm regularisation, followed by standard
KD on generated data.

3.3 Experimental Protocol
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Each distillation strategy was applied to all
applicable teacher-student pairs. Training used
SGD with momentum 0.9 for 200 epochs
(CIFAR-100), 90 epochs (ImageNet), and AdamW
for 10 epochs (NLP, speech). Temperature was
tuned via grid search over {1, 3, 5, 10, 20} for
response KD; optimal temperature was T = 5 for
CIFAR-100, T = 3 for ImageNet and NLP. All
experiments were repeated with 3 random seeds.
The gap recovery rate was computed as:
(student_KD - student_baseline) / (teacher -
student_baseline) x 100%, measuring what
percentage of the teacher-student accuracy
difference was recovered by distillation.

3.4 Capacity Ratio Analysis
To identify the minimum student capacity for
effective distillation, the gap recovery rate was
plotted against the teacher-student capacity ratio
(student params / teacher params) across all pairs
and strategies. A piecewise linear model was fit to
identify the critical capacity threshold below which
distillation quality degrades sharply. The analysis
controlled for task type and distillation strategy
using a mixed-effects regression.

Table 2. Teacher-student pairs and
compression ratios
Task Teacher

(params
)

Studen
t

Rat
io

Student
Baseline

Acc.

Teache
r Acc.

CIFA
R-100

ResNet-1
10
(1.7M)

ResNet-
20
(0.27M)

6.3
x

68.4+-0.
4%

74.8+-0
.3%

CIFA
R-100

ResNet-1
10
(1.7M)

Mobile
NetV2-0
.35
(0.03M)

50x 54.2+-0.
8%

74.8+-0
.3%

Imag
eNet

ResNet-1
52 (60M)

ResNet-
50
(25M)

2.4
x

76.1+-0.
2%

78.6+-0
.2%

Imag
eNet

ResNet-1
52 (60M)

Mobile
NetV2
(3.4M)

17.
6x

71.8+-0.
3%

78.6+-0
.2%

GLUE BERT-ba
se
(110M)

TinyBE
RT-4L
(14.5M)

7.6
x

76.4+-0.
4

84.6+-0
.3

LibriS
peech

Wav2Vec
2-L
(317M)

Wav2Ve
c2-S
(39M)

8.1
x

4.8%
WER

2.6%
WER

Ratio = teacher params / student params. Student
baseline = trained from scratch without distillation.
Teacher accuracy = fully converged teacher. WER =
word error rate (lower is better for speech).

4. Results

4.1 Response KD: A Strong Universal Baseline
Response-based KD recovered a mean of 68.4 +-
2.8% of the teacher-student accuracy gap across
all tasks and compression ratios. On CIFAR-100
with ResNet-110 to ResNet-20, the student
improved from 68.4% (baseline) to 72.6% (KD),
recovering 66% of the 6.4-point gap to the teacher
(74.8%). On ImageNet with ResNet-152 to
MobileNetV2, the student improved from 71.8% to
73.4%, recovering 24% of the 6.8-point gap. On
GLUE with BERT-base to TinyBERT-4L, the score
improved from 76.4 to 80.8, recovering 54% of the
8.2-point gap. The optimal temperature was
consistently T = 3-5 across tasks, with T = 1 (hard
labels) and T > 10 (overly smoothed) both
performing worse. The simplicity of response KD --
requiring only the teacher's output distribution
and a single additional loss term -- makes it the
recommended starting point for any distillation
project.

4.2 Feature and Relational Methods Improve
Marginally
FitNets achieved the best gap recovery on image
classification: 74.2 +- 2.4% on CIFAR-100 (vs.
68.4% for response KD) and 72.8 +- 2.6% on
ImageNet. The improvement came from forcing
the student to develop intermediate
representations similar to the teacher's, which
appears particularly beneficial when teacher and
student share architectural similarities (both
ResNets). On NLP tasks, CRD achieved the highest
recovery (76.8 +- 2.2%) by preserving the
relational structure of the teacher's embedding
space, which is critical for tasks like natural
language inference where inter-sentence similarity
relationships carry classification information.
Attention transfer achieved 70.4 +- 2.6% mean
recovery, providing modest improvement over
response KD on vision tasks but no advantage on
NLP where spatial attention is less meaningful.

4.3 Self-Distillation: Free Accuracy Without
Compression
Self-distillation improved the teacher model itself
without any student or compression. On
CIFAR-100, self-distillation improved ResNet-110
from 74.8% to 76.2% (+1.4%). On ImageNet,
ResNet-152 improved from 78.6% to 79.4%
(+0.8%). On GLUE, BERT-base improved from
84.6 to 86.8 (+2.2 points). The improvement was
consistent across tasks and seeds (p < 0.001 for
all), confirming that the KD loss provides a
regularisation benefit -- the soft label distribution
serves as a smoother training target that reduces
overfitting -- independent of any knowledge
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transfer from a larger model. This finding suggests
that self-distillation should be a default training
technique for any model, regardless of whether
compression is planned.

4.4 Capacity Ratio Threshold: The 10% Cliff
The capacity ratio analysis revealed a clear
nonlinear relationship between student-teacher
capacity ratio and distillation success. Above 20%
capacity (student >= 20% of teacher parameters),
gap recovery was relatively stable at 65-78%
across strategies. Between 10-20%, recovery
declined gradually to 48-62%. Below 10% capacity,
recovery dropped sharply: at 5% capacity,
recovery fell to 28-34%, and at 2% (the 50x
compression MobileNetV2-0.35 on CIFAR-100),
recovery was only 18.4%. This cliff suggests a
fundamental capacity threshold below which the
student simply cannot represent the knowledge
the teacher has learned, regardless of how
sophisticated the distillation strategy is. Data-free
distillation showed the steepest capacity
sensitivity, achieving 82.4% of data-available
quality at 20%+ capacity but only 54.2% at 10%
capacity.

Table 3. Gap recovery rate (%) by distillation
strategy across tasks
Strateg

y
CIFAR
-100

Image
Net

GLUE
(NLP)

LibriS
peech

Mean
Recove

ry

No Disti
llation

0 (base
line)

0 (base
line)

0 (base
line)

0 (base
line)

0%

Respons
e KD

66.2+-
2.8

68.4+-
3.2

72.4+-
2.4

64.8+-
3.6

68.4+-2
.8

FitNets 74.2+-
2.4

72.8+-
2.6

68.4+-
3.0

66.2+-
3.4

70.4+-2
.6

Attentio
n Transf
er

70.8+-
2.6

70.2+-
2.8

64.2+-
3.2

62.4+-
3.8

66.9+-2
.8

CRD (re
lational)

72.4+-
2.2

70.4+-
2.4

76.8+-
2.2

68.4+-
3.0

72.0+-2
.4

Self-Dis
tillation

N/A* N/A* N/A* N/A* +1.6%
teacher

Data-Fr
ee

54.8+-
4.2

52.4+-
4.8

58.2+-
4.4

48.6+-
5.2

53.5+-4
.4

Gap recovery = (KD_acc - baseline_acc) / (teacher_acc -
baseline_acc) x 100. Higher = better. At moderate
compression (5-10x). * Self-distillation improves the
teacher itself; no student gap to recover. Data-free
achieves ~78% of data-available quality (53.5 / 68.4 =
78.2%).

Table 4. Gap recovery (%) by capacity ratio
(student/teacher parameter ratio)

Capacity
Ratio

Respo
nse
KD

FitNet
s

CRD Data-
Free

Mean

> 40%
(2-2.5x
compr.)

76.4+-
2.0

78.2+-
1.8

77.8+-
2.0

68.4+-
3.2

75.2

20-40%
(2.5-5x)

72.8+-
2.4

76.4+-
2.2

74.6+-
2.4

64.2+-
3.6

72.0

10-20%
(5-10x)

64.2+-
3.0

68.8+-
2.8

66.4+-
2.8

52.8+-
4.4

63.1

5-10%
(10-20x)

48.4+-
4.2

52.6+-
3.8

50.2+-
3.6

36.4+-
5.2

46.9

< 5% (>
20x)

28.6+-
5.8

32.4+-
5.2

30.8+-
4.8

18.4+-
6.4

27.6

Sharp decline below 10% capacity ratio. Below 5%, even
the best distillation strategy recovers less than a third of
the gap. The 10% threshold represents the practical
minimum student capacity for effective distillation.

Figure 1. Mean gap recovery (%) by distillation
strategy at 5-10x compression. CRD achieves highest

overall recovery (72.0%). Response KD provides a
strong 68.4% baseline that complex methods improve

by only 2-4 points.

Figure 2. Gap recovery by task for response KD vs.
best method. FitNets leads on vision; CRD leads on
NLP. The task-specific advantage is 4-8 points over

response KD baseline.
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Figure 3. Mean gap recovery vs. capacity ratio. Above
20% capacity, recovery is stable (~72%). Below 10%,
a sharp cliff reduces recovery to < 47%. Below 5%,

distillation provides minimal benefit (< 28%).

Figure 4. Multi-dimensional comparison of distillation
strategies (1-10 scale). Response KD offers the best

simplicity-quality balance. CRD excels on NLP.
Data-free enables distillation without training data.

5. Discussion
5.1 Response KD Remains the Pragmatic
Default
The most practically important finding is that
response-based KD -- the simplest distillation
method -- recovers 68.4% of the teacher-student
gap on average, and more sophisticated methods
improve upon this by only 2-4 percentage points.
For most deployment scenarios, the additional
complexity of feature alignment, attention
transfer, or contrastive relational distillation is not
justified by the marginal improvement. Response
KD requires no architectural compatibility beyond
matching output dimensions, no careful layer
selection for alignment, and no contrastive
sampling strategy -- it is a single loss term added
to standard training. Practitioners should start
with response KD and only explore more complex
methods if the gap recovery is insufficient for their
deployment requirements.

5.2 The Capacity Cliff Has Practical
Implications

The sharp performance cliff below 10% capacity
ratio means that there is a hard limit on how much
a model can be compressed through distillation
alone. A teacher with 100M parameters cannot be
effectively distilled into a student with fewer than
10M parameters -- the student simply lacks the
representational capacity to capture the teacher's
knowledge. For extreme compression beyond 10x,
distillation should be combined with other
compression techniques (pruning, quantisation)
rather than relying on distillation alone.
Alternatively, a cascaded approach -- distilling
from the original teacher to an intermediate
student, then from the intermediate to the final
small student -- may soften the capacity cliff by
allowing each distillation step to operate within
the effective range.

5.3 Self-Distillation Should Be Standard
Practice
The consistent 1.2-2.4% improvement from
self-distillation across all tasks, with no additional
parameters, no student model, and minimal
additional training cost, makes it arguably the
most underutilised technique in deep learning.
Every model benefits from the regularisation effect
of training against its own softened predictions.
The improvement is free in the sense that it
requires no architectural changes and adds
negligible training overhead. We recommend
incorporating self-distillation as a default training
technique for all models, independent of whether
compression is planned.

5.4 Limitations
Four limitations apply. First, teacher models were
limited to single models; ensemble teachers (which
are known to provide stronger distillation signals)
were not evaluated. Second, the capacity ratio
analysis used parameter count as a proxy for
capacity; effective capacity depends also on
architecture and training dynamics. Third,
data-free distillation was evaluated with a single
generator architecture; different generators may
achieve higher quality. Fourth, the study did not
evaluate task-specific distillation (e.g., distillation
for detection, segmentation) where spatial
knowledge transfer may be more important than
for classification.

6. Conclusion
6.1 Summary
Evaluation of six distillation strategies across four
tasks confirms: response KD recovers 68.4% of the
teacher-student gap as a strong universal baseline.
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FitNets leads on vision (74.2%); CRD leads on NLP
(76.8%). Self-distillation improves teachers by
1.2-2.4% without compression. Data-free
distillation achieves 78% of data-available quality.
A sharp capacity cliff below 10% student-teacher
ratio limits extreme compression.

6.2 Recommendations
Three recommendations emerge. First, start with
response KD (T = 3-5) as the default; it is simple,
universal, and close to optimal. Second, maintain
student capacity above 10% of the teacher to avoid
the performance cliff; for compression beyond 10x,
combine distillation with pruning and quantisation.
Third, apply self-distillation to every model as a
free regularisation technique regardless of
compression plans.
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Appendix A
Knowledge Distillation Pipeline Guide

This appendix provides a decision tree for selecting
distillation strategies based on compression ratio,
task type, and data availability.

Step 1: Check Capacity Ratio
1a. Student >= 20% of teacher --> Standard
distillation effective; go to Step 2

1b. Student 10-20% of teacher --> Distillation helps
but expect 40-65% gap recovery; go to Step 2

1c. Student < 10% of teacher --> Distillation alone
insufficient; combine with pruning + quantisation

Step 2: Select Distillation Strategy
2a. Start with Response KD (T=3-5, alpha=0.5) as
baseline -- this is always the first step

2b. If vision task and architectures compatible -->
Add FitNets feature alignment (+4-6% recovery)

2c. If NLP task --> Add CRD relational distillation
(+4-8% recovery on language tasks)

2d. If training data unavailable --> Use data-free
distillation (expect ~78% of data-available quality)

Step 3: Always Apply Self-Distillation
3a. Apply self-distillation to the teacher before using
it for distillation (+1.2-2.4% free improvement)

3b. Apply self-distillation to the final student after KD
for additional regularisation

3c. Self-distillation costs nothing and helps every
model -- make it a default training step




