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Abstract

Knowledge distillation trains a compact student model with su-
pervision from a stronger teacher. This note gives a conference-
style overview of the main forms of distillation: response
matching at the output layer, representation matching at in-
termediate layers, and relation matching over pairs or groups
of samples. It also summarizes projector-based feature distilla-
tion, common loss functions, recent language-model variants,
and several open directions.

1 Teacher-Student Framework

The central idea of knowledge distillation (KD) is to use a
trained, high-capacity teacher network to guide a smaller stu-
dent. Instead of learning only from hard labels, the student
is also encouraged to reproduce information contained in the
teacher’s predictions, hidden states, or relational geometry.
Hinton et al. [1] popularized the output-level version of this
idea by showing that softened class probabilities expose useful
“dark knowledge” about inter-class similarity.
Modern surveys often group KD objectives according to the
signal transferred from teacher to student [2]:
* Response-based distillation aligns final logits or probability
distributions.

» Feature-based distillation aligns internal representations,
usually with an adapter or projector.

* Relation-based distillation aligns the structure among sam-
ples, layers, or embeddings.

These families are not mutually exclusive. Many practical

recipes combine a task loss with one or more distillation losses,

using the teacher as an additional training signal rather than as

a replacement for labels.

Takeaway. KD is most useful when the teacher exposes
structure that labels alone do not: relative class probabili-
ties, intermediate visual features, sample-to-sample geome-
try, reasoning traces, or denoising trajectories.

2 Response-Based Distillation

Response-based KD is the classic formulation. Let z; denote
a logit for class i. A temperature parameter 7' softens the
predictive distribution:

exp(z;/T)

PiUT) = S exp(ey/T)

6]

For T' = 1, this is the ordinary softmax. For larger 7', class
probabilities become less peaked, so the student sees how the
teacher ranks non-target classes. A common objective com-
bines cross-entropy on labels with a Kullback-Leibler term on
softened probabilities:

L=(1-a)Lce(y,ps)+ aT*KL(pr(T) || ps(T)). ()

The multiplier 72 is commonly used to keep gradients at high
temperature on a comparable scale.

Variants differ mainly in how the teacher distribution is
produced or decomposed. Born-Again Networks repeatedly
train a new model from a previous generation of the same
architecture [3]. Self-distillation builds the teacher signal inside
a single network, often through auxiliary heads or deeper layers.
Label smoothing may be interpreted as using a simple uniform
teacher. Decoupled Knowledge Distillation separates target-
class and non-target-class terms, allowing the dark-knowledge
component to be weighted more directly [14].

3 Feature-Based Distillation

Output distributions can hide useful information already com-
pressed away by the classifier head. Feature-based KD there-
fore aligns hidden activations, attention maps, or layer statis-
tics. In convolutional networks, such features often encode a
visual hierarchy from edges and textures to object parts. In
transformer architectures, the analogous signals may be token
embeddings, attention maps, or selected hidden states.

3.1 Projectors and Adapters

A recurring problem is dimensional mismatch. A teacher ten-
sor fr € RET*HXW and a student tensor fg € REsxHXW
cannot be compared coordinate-wise when Cr # Cg. A
lightweight projector (o maps one representation into the other’s
space:

Ltcat = || fr — @(fs)”g . 3

The projector is optimized during training and usually removed
at inference, so it need not affect deployment cost. FitNets
used this idea to train thin students from intermediate teacher
hints [4]. Later work showed that the projector is not merely a
shape converter; it can also change the geometry of the gradient
signal [15].

3.2 Projector Dynamics

For a batch of student representations Z, € R?*% and teacher
representations Z; € RZ* % consider a bias-free linear projec-
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Figure 1: A high-level view of the three main KD paradigms. Response losses operate on output distributions, feature losses act on internal
representations, and relation losses match the geometry induced by the teacher.
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Figure 2: A typical feature-distillation pipeline. The student is trained both for the original task and to match teacher features through a

projector. The projector can be discarded after training.

tor W), € R%*dt and squared discrepancy

1
D(Z., 26 Wy) = 5 |1 Z:W, = Zil . )

The negative gradient with respect to W), is

oD

oW, ~Z)Z W+ 2] 7, = Oy

Wy, = - C Wy, (5)
where Cs = Z_ Zj is the student self-correlation matrix and
Cy =7 ;— Z; is the student—teacher cross-correlation. This
makes the projector a compact store of relational information
rather than a passive adapter. At stationarity,

Cy — CW,, = 0. (6)

If student features are whitened or decorrelated so that C =~ I,
then
Co=1 = W,=0Cs4. 7

Thus normalization and projection are coupled: the normal-
ization scheme controls the geometry in which the projector
encodes cross-relations.

3.3 Cross-Architecture Transfer

Distilling across architecture families is harder than distilling
between models of the same type. A convolutional teacher and
transformer student may organize information very differently,
and a high-capacity projector can absorb the alignment bur-
den while leaving the student backbone under-trained. VKD

addresses this by constraining the projector to preserve struc-
ture [19]. If a kernel can be expanded as

k(Zi, Z9) Zan (Z8, ZI\" (®)

then preserving the kernel reduces to preserving inner products.
For a linear projection P, this motivates

(Zi,79) = (ZIP,ZI P), PPT =1, ©)
for the row-orthogonal case. When the singular values are
constrained, the projector cannot freely collapse directions just
to reduce loss; more useful adaptation must happen in the

student itself.

3.4 Hints, Attention, and Dense Prediction

FitNets introduced a two-stage recipe: first train the student to
reproduce a teacher hint layer, then fine-tune with task and dis-
tillation losses [4]. Attention Transfer instead matches spatial
attention summaries:

F) =Y |F[? e RV, (10)
N AED A |f .
t ;HIIA(F%)II TAEL] (o

Because attention maps discard the channel basis, they can be
easier to transfer across dissimilar networks [5]. ReviewKD
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Figure 3: Relation-based KD transfers the shape of the embedding
space rather than individual feature coordinates.

generalizes layer matching by allowing a student layer to con-
sult multiple teacher levels [28], while feature-overhaul meth-
ods modify the feature loss to avoid harmful gradients in inac-
tive regions [30].

Feature-based KD also appears in cross-task and dense-
prediction settings. Cross-task distillation transfers representa-
tions from, for example, a classification teacher to a segmenta-
tion or depth student through a learned bridge [22]. Dense tasks
such as detection, tracking, segmentation, and video object
segmentation require supervision at spatial or spatio-temporal
positions rather than only at a global embedding [23].

4 Relation-Based Distillation

Relation-based methods ask the student to match geometry, not
coordinates. Even if the student cannot reproduce exact teacher
features, it may still learn the teacher’s distances, angles, neigh-
bourhoods, or distributional structure.

Examples include Relational KD, which matches pairwise
distances and angles [6]; Contrastive Representation Distil-
lation, which treats teacher and student views of the same
sample as positives [7]; Neuron Selectivity Transfer, which
matches activation distributions using MMD [8]; Probabilistic
Knowledge Transfer, which matches probability distributions
induced by feature-space kernels [31]; and SSKD, which adds
self-supervised signals to supervised distillation [29].

Projector-based feature KD provides an interesting bridge to
relation-based objectives. Equation (5) shows that the projector
dynamics depend on C; = Z ST Z, a relational quantity over a
batch. This helps explain why a well-designed feature loss with
a learned projector can sometimes rival more explicit relation
losses.

5 Loss Functions

Most KD systems optimize a weighted mixture:

Etotal = Ktask + )\respcresponse + )\feat £feature + )\relﬁrelation .

The components should be chosen to match the available
teacher signal and the deployment constraints of the student.

The basic squared feature loss is simple but sensitive to scale
and covariance. Cosine alignment focuses on direction, which
can stabilize training but discards norm information. Soft-
maximum losses emphasize larger mismatches without forcing
every coordinate to be matched equally [15]. Gram, MMD,
and contrastive losses move the supervision from coordinates
to geometry.

Table 1: Common losses used in KD.

Loss

KL(pr|lps)
lfr — @(fs)l3
1 —

Typical use

Response matching with soft labels.
Direct feature or hint matching.
Directional feature alignment when norms are

cos(fr,e(fs))  unreliable.

log >, |Z:Wp—  Soft-maximum feature loss for large capacity
Z|§ gaps.

NCE/ Relation-based alignment using positive and
contrastive negative pairs.

Gram / MMD Distribution or kernel matching over activa-

tions.

6 Method Comparison

Feature-based methods often give large accuracy gains but in-
troduce design choices around which layers to match, how to
normalize, and how to choose the projector. Relation-based
methods can be more architecture-agnostic but may require
batch-level computation or memory banks. Response-based
KD is usually the easiest to implement but may miss informa-
tion stored in intermediate representations.

7 Language vs. Vision

Vision and language use the same high-level KD ideas but dif-
ferent training signals. Vision models commonly distill logits,
spatial maps, patch tokens, or dense features. Language mod-
els distill distributions over very large vocabularies, generated
sequences, attention relations, hidden states, or full reasoning
traces.

Sequence-level KD trains a student on teacher-generated
outputs instead of only on reference labels [12]. Later work
such as Distilling Step-by-Step and SCOTT shows that teacher
rationales can become useful supervision for smaller reason-
ing models [16, 17]. Feature distillation is more delicate in
language because token positions, sequence lengths, attention
heads, and tokenizers may not align. DistilBERT, MiniLM,
and TinyBERT illustrate several practical forms of transformer
distillation [9, 10, 11].

Tokenizer mismatch is a central LLM issue: if teacher and
student vocabularies differ, token-level KL is not directly de-
fined. Alternatives include vocabulary projection, sentence-
level alignment, hidden-state matching, or distilling decoded
traces. Speculative decoding is related but distinct: a small
draft model proposes tokens while a larger verifier preserves
the target distribution during inference [18].

7.1 Distillation Tokens in DeiT

DeiT inserts a learnable distillation token into the Vision Trans-
former sequence [20]. Patch tokens, the class token, and the
distillation token are processed together by self-attention. The
class head uses the usual supervised objective, while the distil-
lation head is trained from a teacher prediction:

L= %ECE (ya @cls) + %‘CKL (Qteacherv @dist)- (12)



Table 2: Representative distillation methods.

Method Paradigm Transferred signal Main constraint Reference
KD Response Soft logits with temperature Same output space Hinton et al. [1]
DKD Response Target and non-target logit terms Same output space Zhao and Cui [14]
FitNets Feature Mid-layer hints through a projector ~ Width-aligned feature spaces Romero et al. [4]
AT Feature Spatial attention maps Matching or rescaled spatial Zagoruyko and
maps Komodakis [5]
Projector recipe ~ Feature Projected features and implicit rela-  Adapter and normalization Miles and
tions choices Mikolajczyk [15]
VkD Feature Orthogonally projected features Row-orthogonal projection Miles et al. [19]
ReviewKD Feature Multi-level teacher representations ~ Cross-layer aggregation Chen et al. [28]
RKD Relation Pairwise distances and angles Batch-level relation Park et al. [6]
computation
CRD Relation Contrastive teacher—student views Negatives or memory bank Tian et al. [7]
DeiT Response/token Teacher signal through a distillation ~ Vision-transformer architecture ~ Touvron et al. [20]

token

This makes DeiT a hybrid: the loss is output-level, but the
supervision is routed through an internal token that interacts
with the whole image representation.

7.2 Reasoning Distillation

DeepSeek-R1 demonstrates a process-level form of distillation
for language reasoning [21]. A large reinforcement-trained
teacher generates long reasoning traces, and smaller models
are fine-tuned on those traces using ordinary cross-entropy.
The transferred object is not only an output distribution but a
problem-solving trajectory: exploration, revision, intermediate
claims, and final answer formation. This shifts the bottleneck
from projector design to trace quality, dataset scale, and student
context length.

8 Future Directions

Process and reward distillation. Reasoning traces and veri-
fier signals can be distilled when direct use of a large teacher
is too expensive at inference time.

Test-time compute distillation. A teacher may solve prob-
lems with sampling, search, best-of- N selection, or diffusion-
style stitching; the student can then be trained to imitate the
result in one forward pass [13].

Diffusion model distillation. Generative diffusion models
often require many denoising steps. Distillation can compress
the teacher’s multi-step mapping into a student with fewer
steps, sometimes one or two.

Multimodal distillation. Vision—language teachers can su-
pervise single-modality students, but image patches and text
tokens do not have an obvious one-to-one correspondence.
Shared embedding spaces and caption-mediated supervision
are common bridges.

Architecture-aware transfer. Future students may differ
radically from their teachers: transformers, state-space mod-
els, convolutional networks, and mixture-of-experts systems
encode different inductive biases. Orthogonal projection
and other structure-preserving adapters are early examples of
architecture-aware KD.

Takeaway. The lasting challenge is to decide which part
of the teacher’s knowledge is worth transferring and how
to encode it as a stable training signal: a probability vector,
feature map, relation graph, reasoning trace, reward, or
denoising path.
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