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Abstract. Knowledge distillation (KD) has emerged as an effective model
compression method, drawing significant attention. However, existing
methods that employ intermediate representations encounter three pri-
mary limitations. Firstly, these methods require the manual design of re-
lational knowledge between intermediate representations. Secondly, their
application scenarios are restricted, where the teacher and student mod-
els need to have the identical representation dimensions or shared vo-
cabularies. Lastly, these methods require additional time or memory ex-
penditures to enhance performance. To address these issues, we propose
Learnable Relational Knowledge Distillation (LRKD). Firstly, LRKD
autonomously learns relational knowledge via a dual orthogonal pro-
jection without manual design. Secondly, LRKD matches the different
representation dimensions through the projection and only leverages
mean-pooling to obtain the sequence-level representations for alignment,
thereby ignoring the influence of the vocabulary. Lastly, we can deploy
LRKD without incurring additional overhead. Specifically, we propose a
multi-layer projection to construct more sophisticated relational knowl-
edge. Experimental results demonstrate that LRKD outperforms ad-
vanced distillation methods.

Keywords: Knowledge distillation · Model compression.

1 Introduction

Recently, Pre-trained Language Models (PLMs) have demonstrated exceptional
performance across various natural language processing tasks [5,13,37,38,39].
However, their large-scale parameters pose challenges for deployment in scenar-
ios with limited computational and storage resources. Consequently, effectively
reducing the size of model parameters has become a critical issue in language
model deployment. Knowledge Distillation (KD) [10] has emerged as a promising
solution to this problem. KD aims to compress these huge PLMs into smaller,
more efficient models with minimal performance degradation.
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Fig. 1: Comparison of LRKD with previous work. Yellow and blue blocks repre-
sent the intermediate representations in the model, and different colors indicate
the different architectures that the two models can adopt.

Existing knowledge distillation methods are broadly categorized into three
primary approaches: response-based, feature-based, and relation-based meth-
ods [7]. Response-based methods focus on directly distilling the final outputs
from the teacher model. In contrast, feature-based and relation-based approaches
not only align the final outputs but also leverage the intermediate representations
for alignment. Specifically, feature-based methods aim to directly align features
extracted from the intermediate layers through diverse alignment strategies, like
ACKD [9]. For relation-based methods, CKD, MGSKD, and ReAugKD [17,12,36]
leverage instance relations or similarity matrices between representations to ex-
tract relational knowledge and then align this knowledge.

Although the methods of utilizing representations for alignment are effective,
especially for relation-based KD methods, as shown in Fig 1, these methods ex-
hibit three primary limitations. Firstly, these methods necessitate the manual
design of relational knowledge, relying on specific scenarios, such as utilizing
pair-wise interactions and triple-wise geometric angles to construct sophisti-
cated relational knowledge from several directions or multi-granularity language
units [17,12]. However, their manual design for specific scenarios is complex and
time-consuming.

Secondly, these methods do not support distillation across different model
architectures. Specifically, to calculate the difference between two models’ repre-
sentations, these methods require identical intermediate representation dimen-
sions or shared vocabularies. However, this condition is hardly satisfied for cer-
tain language models in practical scenarios, especially for small-sized models, as
smaller models with identical representation dimensions or shared vocabularies
may not be available.

Finally, previous methods depend on extra representations memory [36,9] or
increased training times [34] to enhance the student model’s performance. Nev-
ertheless, this demand for extra resources markedly diminishes the efficiency of
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the distillation process during both training and inference, especially in environ-
ments with limited resources.

To address these challenges, we propose an innovative Learnable Relational
Knowledge Distillation (LRKD) framework. Firstly, LRKD leverages a dual or-
thogonal projection to learn relational knowledge relevant to specific tasks in-
stead of manual design. Secondly, LRKD harmonizes the dimensional disparities
between models via the projection and employs mean-pooling to extract sample
representations from token representations, thus avoiding the impact of diver-
gent vocabularies. Lastly, LRKD requires no additional computational overhead,
relying solely on a multi-layer projection to capture more intricate relational
knowledge that is omitted during inference.

In summary, the main contribution of this paper can be summarized as fol-
lows:

– We propose a novel knowledge distillation framework. In this framework, we
introduce a dual orthogonal projection that autonomously learns relational
knowledge during the training phase.

– Our method serves as a universal framework for knowledge distillation,
adaptable to various distillation scenarios. We further propose a multi-layer
projection to capture more comprehensive relational knowledge.

– We systematically validate LRKD on the GLUE benchmark and show its
superior performance over state-of-the-art baselines. We also verify the ef-
fectiveness of our method on Large Language Models (LLMs). We will release
our codes publicly available at https://github.com/python-bruce/LRKD.

2 Related Work

2.1 Projection-free Knowledge Distillation

Knowledge distillation methods have emerged as a highly promising approach
for model compression, attracting significant interest due to their impressive
performance. Traditional KD methods are broadly classified into three cate-
gories: response-based, feature-based, and relation-based. The response-based
KD method, like Vinilla KD [10], utilized the prediction output of the teacher
model to provide an additional supervisory signal for the student model. This
approach was applied to the BERT model by DistilBERT [22], achieving com-
pression of the teacher model with minimal performance degradation. Never-
theless, these methods don’t utilize the intermediate representations to transfer
knowledge from the teacher.

For feature-based methods, prior research aimed to directly align interme-
diate features of both teacher and student models through diverse alignment
strategies. FitNet [20] proposed a direct matching of the intermediate represen-
tations of the teacher and student. For the BERT model, PKD, TinyBERT, and
MobileBERT [24,11,25] further considered the intermediate representations to
transfer knowledge from the teacher. CRD [26] adopted contrastive distillation
on intermediate representations, which utilized the relation between different

https://github.com/python-bruce/LRKD
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samples. ACKD [9] further integrated contrastive distillation with a SAR strat-
egy to focus on hard samples and utilized dynamic feature storage to increase
the number of negative samples. However, directly aligning the representations
can’t fully transfer knowledge from the teacher model.

For relation-based methods, various strategies have been developed to con-
struct relational knowledge. The work by ReAugKD [36] facilitated the transfer
of relational knowledge via similarity matrix distributions and stored the teacher
model’s intermediate representations and final outputs for retrieval. Meanwhile,
CKD [17] utilized pair-wise interactions and triplet-wise geometric angles to con-
struct relational knowledge between token representations, incorporating both
horizontal and vertical directions. Further advancements by MGSKD [12], it de-
signed multi-granularity relational knowledge across token-level, span-level, and
sample-level representations. However, these methods rely on the manual design
of relational knowledge.

Recently, an innovative attribution-driven knowledge distillation framework
was proposed by AD-KD [34], which efficiently transfers attribution knowledge
from teacher to student. Nevertheless, this approach requires the acquisition of
attribution knowledge, necessitating two backpropagations for each parameter
update of the student model. Different from these methods, our LRKD frame-
work autonomously learns relational knowledge through a dual projection and
can be applied to different distillation scenarios without additional assumptions.

2.2 Projection-dependent Knowledge Distillation

Several studies have also investigated the use of projection techniques in knowl-
edge distillation. TinyBERT [11] firstly proposed matching the different rep-
resentation dimensions of the student and teacher through projection. In the
realm of computer vision, Ensemble [3] expanded on this concept by proposing
an ensemble of projections to enhance KD performance. SRD [16] suggested a
straightforward KD method utilizing a linear projection coupled with appro-
priate normalization, resulting in significant performance enhancements. Fur-
thermore, VkD [15] advocated for the use of orthogonal projection over linear
projection to maintain intra-batch feature similarity. Different from these ap-
proaches, we present a novel knowledge distillation method that leverages a dual
orthogonal projection consisting of multiple layers to capture more sophisticated
relational knowledge.

3 Method

In this section, we first introduce the relevant definitions of knowledge distillation
and then present our LRKD framework, which is shown in Fig 2. There are four
different components of loss functions in the student model’s training process:
cross-entropy loss, knowledge distillation loss, and dual projection loss (DPL),
which is made up of the student projection loss (SPL) and the teacher projection
loss (TPL).
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Fig. 2: The overall architecture of our LRKD framework for BERT compression.

3.1 Preliminary

Projection-free Knowledge Distillation. Given an input text, we denote
the input sequence as x = [x1, x2, . . . , xn], where n is the sequence length and
each xi represents one token. The tokens are converted to the d-dimensional
embedding sequence E = [e1, e2, . . . , en] ∈ Rn×d through the embedding layer.
For the sake of clarity, we treat the embedding layer as the 0-th layer and set
H0 = E. Subsequently, these embeddings H0 are sequentially processed through
L stacked transformer layers. In the l-th layer, the output representations H l−1

from the preceding layer serve as the input. This layer employs multi-head at-
tention (MHA) and a position-wise feed-forward network (FFN) to refine these
representations, yielding the updated H l. Finally, a task-specific head is applied
to HL to get the final output Z.

For the traditional KD method, the student will be trained by using the loss
function as follows:

L = αLCE + (1− α)LKD

= α · CE(σ(Zs),Y )

+ (1− α) · KL(σ(Zt/τ)∥σ(Zs/τ)).

(1)

The task-specific loss, denoted as LCE typically employs the cross-entropy
loss function CE(·, ·). The distillation loss, represented by LKD commonly lever-
ages the Kullback-Leibler divergence KL(·, ·) to quantify the discrepancy in the
predicted probability distributions between a student model and its teacher
model. The hyperparameter α modulates the loss contributions. And the pa-
rameter τ denotes the distillation temperature. The softmax function is denoted
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by σ, and Y represents the ground-truth label. The output logits for a batch
from the teacher and student models are represented by Zt and Zs, respectively.

Projection-dependent Knowledge Distillation. In the field of computer vi-
sion, there are some projection-dependent knowledge distillation methods. Tak-
ing VkD [15] as an example, the loss function can be formulated as follows:

L =
1

2
||HsW − standard(Ht)||22, (2)

where Hs and Ht are the representations of the student model and the teacher
model before the classifier, respectively. standard(·) denotes the standardisation
and whitening operation, and Ht through standard(·) satisfies (Ht)

THt = I.
W is an orthogonal projection. Distinct from previous studies, our approach
involves detailed optimizations of student and teacher models within transformer
structures for distillation scenarios. And by introducing dual projection and
multi-layer projection, we construct more effective relational knowledge to fully
transfer knowledge from the teacher. Based on these, our architecture can be
applied to different distillation scenarios.

3.2 Feature Transformation

Current KD methods utilizing intermediate representations require manual de-
sign of relational knowledge and then alignment. To avoid the manual design,
we introduce a projection to transform the intermediate representations prior
to their alignment. This projection is trained to capture relational knowledge
between representations, thereby enabling the model to more comprehensively
inherit knowledge from the teacher model.

Linear Projection. Specifically, we utilize the last-layer intermediate represen-
tations of the two models to transfer the knowledge. Following previous works,
we employ the method described in MGSKD [12], which involves mean-pooling
all the token representations within a text sample to generate a comprehensive,
sample-level representation:

h̃ = Pool(HL), (3)

and we simply gather all the sample representations in a mini-batch, which
denotes H:

H = [h̃1, h̃2, . . . , h̃b], (4)

which b denotes the batch size. We derive the sequence-level representations Hs

and Ht, where the superscript s and t denote the student model and the teacher
model, respectively. Then, we apply a linear projection W s to transform the
representations Hs, as exemplified by the student representations:

Hf
s = HsW s. (5)
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Orthogonal Projection. The linear projection transforms representations be-
fore alignment, and this projection is discarded after training. However, when
the projection is too complex, it can disrupt the original relations between the
representations after transformation, which leads to inconsistencies between the
relations obtained after transformation and the original relations between rep-
resentations. To solve this problem, inspired by works [18,15], we find that or-
thogonal transformation can keep the pair-wise angles of two features, which
means that the relations between representations can be mostly maintained af-
ter orthogonal transformation. So we utilize an orthogonal projection instead of
a linear projection in our LRKD framework.

To ensure the orthogonality of the projection throughout the distillation
process, we follow the previous work [18] to employ Cayley parameterization.
Specifically, we construct the orthogonal matrix using W s = (I +Q)(I −Q)−1,
where Q is a skew-symmetric matrix satisfying Q = −Q⊤ and I is an identity
matrix.

Multi-layer Projection. To explore relational knowledge across different com-
plexities, we introduce a multi-layer projection (MLP) [21]. Given two orthog-
onal matrices, W 1 and W 2, their product W = W 1W 2 remains orthogonal.
Leveraging this property, we reformulate Eq. (5) as follows:

Hf
s = HsP

m
s , (6)

here, Pm
s represents the student projection consisting of m orthogonal matri-

ces. By setting different numbers of layers m for tasks, we can more effectively
transfer knowledge from the teacher model.

3.3 Dual Projection Loss

Our dual projection loss (DPL) consists of the student projection loss (SPL) and
the teacher projection loss (TPL). We first elaborate on the student projection
loss (SPL).

Student Projection Loss. To transfer knowledge from the teacher model to
the student model, a direct strategy is to minimize the difference between their
representations, such as L2 distance (MSE). However, there may be a magnitude
gap between the representations in teacher and student models at the early phase
of distillation since the projection has just been initialized and is poorly trained.
Under this circumstance, the student is likely to fall into a local optimum. To
enable smooth knowledge distillation, we normalize the representations before
minimizing the difference. So we define the student projection loss (SPL) as
follows:

LSPL =
1

2
||norm(Hf

s )− norm(Ht)||22, (7)

where Hf
s originates from Eq. (6) and norm(·) denotes that LayerNorm [1] is

performed on the representation dimension for the Hf
s and Ht.
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Teacher Projection Loss. To more fully transfer the knowledge, we also in-
troduce another projection to transform the teacher’s representations and then
align the student’s representations. Similarly, we obtain the teacher projection
loss (TPL) as follows:

Hf
t = HtP

m
t , (8)

LTPL =
1

2
||norm(Hf

t )− norm(Hs)||22, (9)

where Pm
t represents teacher projection consisting of m orthogonal matrices.

Combining the two loss terms above, we obtain our dual projection loss
(DPL) as follows:

LDPL = γLSPL + (1− γ)LTPL, (10)

where γ adjusts the scales of two losses. The dual projection is integrated into the
student model during the training phase and subsequently removed for inference.
As a result, the trained student model performs inference without any additional
computational overhead.

The projection learns relational knowledge. To more intuitively demon-
strate the role of our projection in distillation, we examine the loss term LSPL.
For simplicity, we omit the normalization step. The loss term is expressed as
follows:

LSPL =
1

2
||HsP s −Ht||22. (11)

Taking the derivative with respect to P s, we obtain the fixed-point solution
for the projection as follows:

HT
s HsP s = HT

s Ht, (12)

the terms HT
s Hs and HT

s Ht represent self-correlation and cross-correlation
matrices, respectively. The projection P s learns the relations between these two
correlation matrices, effectively mapping between these correlation spaces. This
indicates that the projection weights encode relations from previous samples
and then construct relational knowledge for representations during the training
phase. It is demonstrated that explicit construction of relational knowledge is
not necessary. Instead, these relations can be effectively learned through the
projection.

3.4 Overall Objective

In line with previous works, we combine our loss term LDPL with the original
cross-entropy loss LCE and the distillation loss LKD. Thus, the overall training
objective is defined as follows:

L = αLCE + (1− α)LKD + βLDPL. (13)

LDPL comes from Eq. (10) and the hyperparameter β controls the trade-off
of this term.
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4 Experiments

Datesets. Following the previous works, we conducted our experiments on eight
tasks of the GLUE benchmark [29], including CoLA [32], SST-2 [23], MRPC [6],
STS-B [2], QQP [4], MNLI [33], QNLI [19], and RTE. We report accuracy metrics
for MNLI, SST-2, QNLI, MRPC, QQP, and RTE. For MRPC, we additionally
provide the F1 score. Performance on CoLA is assessed using the Matthews
correlation coefficient, while STS-B is evaluated through Spearman’s rank cor-
relation coefficient.

Baseline Methods. We compare LRKD against several state-of-the-art feature-
based and relation-based KD methods, in which these methods utilize hid-
den representations to transfer knowledge. The traditional KD method used
for comparison is Vanilla KD [10]. The feature-based KD methods aim to di-
rectly align intermediate features of both teacher and student models through
diverse alignment strategies, like PKD [24], TinyBERT [11] and ACKD [9]. The
relation-based methods leverage instance relations, such as pair-wise interactions
and triple-wise geometric angles, or similarity matrices between representations
to extract relational knowledge and then align this knowledge, like CKD [17],
MGSKD [12] and ReAugKD[36]. MetaDistill [41] first introduced meta-learning
into knowledge distillation to obtain student’s feedback. Recently, AD-KD [34]
proposed an attribution-driven approach to transfer knowledge.

Our LRKD method is a task-specific distillation method, but for MiniLM [31,30],
these methods are task-agnostic distillation methods. The setting is different
from ours, so we don’t select these methods as the baseline methods. However,
the task-specific distillation methods can combine with the task-agnostic distil-
lation methods to further improve performance.

Implementation Details. We conduct our experiments based on the Pytorch
platform. Following previous work [17], we choose BERTbase as our teacher model
and utilize a smaller BERT released by work [28] with 6 Transformer layers, 768
hidden neurons and 12 attention heads as our student model. We first fine-tune
the pre-trained BERTbase in the downstream tasks. The maximum sequence
length is 128 and the AdamW [14] optimizer is adopted. We choose the initial
learning rate and batch size from {2e-5, 3e-5, 5e-5} and {8, 16, 32}, respec-
tively. Then, we implement LRKD to distill the student model. We search for
the optimal learning rate in {2e-5, 3e-5, 4e-5, 5e-5}, batch size in {16, 32}, α
in {0.7, 0.8, 0.9, 1.0} and temperature in {1.0, 2.0, 3.0, 4.0}. And for the hy-
perparameter β, we choose from {1.0, 10.0, 15.0}. For the hyperparameter γ,
we choose around 0.3. We choose a two-layer projection for all the downstream
tasks. Though our method introduces a dual orthogonal projection that increases
additional parameters during the training stage, this part of the parameters is
approximately one percent of the model parameters. And during the inference
process, this projection will be removed, so it does not increase any parameters
for the student.
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5 Results and Analysis

5.1 Main Results

Table 1: The experimental results of LRKD and other previous works on the
GLUE benchmark. The best result is in bold, while the second-best result is
underlined.

Model Params CoLA MNLI-(m/mm) SST-2 QNLI MRPC QQP RTE STS-B Avg(Mcc) (Acc) (Acc) (Acc) (F1) (Acc) (Acc) (Spear)

BERTbase(Teacher) 110M 60.4 84.7/84.5 93.3 91.7 91.6 91.4 71.4 89.6 84.3
BERT6(Student) 66M 51.2 81.7/82.6 91.0 89.3 89.2 90.4 66.1 88.3 80.9

Vanilla KD [10] 66M 53.6 82.7/83.1 91.1 90.1 89.4 90.5 66.8 88.7 81.6
TinyBERT [11] 66M 53.8 83.1/83.4 92.3 89.9 88.8 90.5 66.9 88.3 81.7
PKD [24] 66M 45.5 81.3/- 91.3 88.4 85.7 88.4 66.5 86.2 79.2
CKD [17] 66M 55.1 83.6/84.1 93.0 90.5 89.6 91.2 67.3 89.0 82.4
MGSKD [12] 66M 49.1 83.3/83.9 91.7 90.3 89.8 91.2 67.9 88.5 81.5
MetaDistill [41] 66M 58.6 83.5/83.8 92.3 90.4 91.1 91.0 69.4 89.1 83.2
ReAugKD [36] 66M 59.4 -/- 92.5 90.7 - 91.2 70.4 - 81.8
ACKD [9] 66M 59.7 83.6/83.9 92.3 90.6 91.0 91.3 69.7 89.1 83.4
AD-KD [34] 66M 58.3 83.4/84.2 91.9 91.2 91.2 91.2 70.9 89.2 83.4

LRKD 66M 59.4 83.5/84.3 92.3 91.2 91.4 91.3 70.9 89.2 83.7

The results are presented in Table 1. LRKD outperforms other baseline meth-
ods on the majority of the dataset. The table demonstrates that some feature-
based and relation-based KD methods even underperform Vanilla KD in some
datasets, such as MGSKD in CoLA and PKD in several datasets. In compar-
ison, our LRKD framework outperforms all relation-based KD methods, such
as MGSKD, CKD, and ReAugKD. More concretely, LRKD yields an average
improvement of 1.3, 1.9, and 2.2 points over CKD, ReAugKD, and MGSKD, re-
spectively. This means that relational knowledge learned through dual projection
is more effective than that manually constructed.

On the other hand, certain methods, such as ACKD and ReAugKD, neces-
sitate additional memory to store model representations during the training or
inference stages. In contrast, LRKD operates without such memory demand. Al-
though AD-KD’s results are only slightly inferior to LRKD’s results, its training
process requires two backpropagation calculations, which increases its training
time. As shown in Table 2, AD-KD’s training time is approximately 1.6 times
that of our method.

Table 2: The results of training time compared to AD-KD on several larger
datasets.

Datasets MNLI QNLI QQP SST-2

AD-KD 2.5hr 50min 4hr 32min
LRKD 1.5hr 39min 2.5hr 20min
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Fig. 3: Ablation study on the QNLI development set.

5.2 Ablation Studies

Impact of Loss Terms. As mentioned in the multi-layer projection and dual
projection loss sections, we proposed the overall loss and the multi-layer projec-
tion (MLP) structure. We assess the impact of these components on the QNLI
development set. Specifically, these components include cross-entropy loss LCD,
knowledge distillation loss LKD, dual projection loss LDPL that consists of stu-
dent projection loss LSPL and teacher projection loss LTPL, as well as the MLP
structure. As shown in Fig 3a, removing any single loss term results in a decline
in overall performance. The removal of either LSPL or LTPL within LDPL leads
to a decline in student model performance, indicating that both components are
essential in LDPL for transferring comprehensive knowledge from the teacher
model. Furthermore, the lack of an MLP in our dual projection framework re-
sults in decreased performance, as it facilitates the learning of more complex
relational knowledge.

Impact of Different Projections. As mentioned in the orthogonal projection
section, we proposed an orthogonal projection to transform the intermediate rep-
resentations. We conduct the experiment to investigate the performance of the
student model when adopting different types of projections, such as orthogonal
projection or linear projection. As illustrated in Fig 3b, in nearly all cases ex-
cept m = 1, orthogonal projection significantly outperforms linear projection.
Moreover, as the number of layers increases, the gap between orthogonal and lin-
ear projections widens. This means that an orthogonal projection can preserve
relations between the representations. And as mentioned in the multi-layer pro-
jection section, increasing the number of layers enhances the complexity of our
projection, thereby constructing more complex relational knowledge to enhance
the student model.

5.3 Discussion and Analysis

Projection of Different Layers. As mentioned in the multi-layer projection
section, we proposed a multi-layer projection to construct relational knowledge
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Fig. 4: The results of the orthogonal projection of different layers on the QNLI
and SST-2 development sets.

across different complexities. To further explore the impact of different numbers
of layers on various datasets, we conduct experiments with different values of m
on the QNLI (108K) and SST-2 (67K) development sets. We find that the optimal
number of layers varies across different datasets. Specifically, the optimal number
of layers increases with larger datasets, indicating that the value m represents
relational knowledge of different complexity and that more complex relational
knowledge could be learned by selecting a value of m.

Different Distillation Scenarios. Traditional KD methods necessitate similar
structures between student and teacher models. However, our approach diverges
from this requirement. To verify the generalization of our method across different
frameworks, we set up two distinct distillation scenarios, and currently, almost
all existing methods cannot adapt to both. From Table 3a, we can observe that
our method remains effective with different vocabularies, which many traditional
methods cannot achieve. Additionally, Table 3b shows that our method achieves
state-of-the-art performance even compared with AD-KD, where the dimensions
of the representations between the two models are inconsistent. These two set-
tings further demonstrate the versatility of our approach.

Table 3: The results of LRKD for different teacher and student models.

(a) The results of LRKD when the teacher
model is RoBERTabase and the student
model is BERTbase.

Model QNLI SST-2
(Acc) (Acc)

RoBERTabase(Teacher) 92.8 94.8
BERTbase(Student) 91.7 93.3
Vanilla KD 92.2 93.6

LRKD 92.5 94.2

(b) The results of LRKD when the teacher
model is BERTlarge and the student
model is BERT6.

Model QNLI SST-2
(Acc) (Acc)

BERTlarge(Teacher) 92.6 93.8
BERT6(Student) 89.3 91.0
Vanilla KD 90.0 91.3
AD-KD 90.6 91.7

LRKD 91.0 92.5
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The performance on the LLMs. We conduct an evaluation of our LRKD
framework using several instruction-following datasets. Specifically, we utilize
the databricksdolly-15k dataset, processed by MiniLLM [8], comprising approxi-
mately 11k samples for training, 1k for validation, and 500 for testing. Addition-
ally, we incorporate Self-Instruct (SelfInst), Vicuna-Evaluation (VicunaEval),
Super Natural Instructions (S-NI), and Unnatural Instructions (UnNI) as sup-
plementary test sets to ensure a comprehensive assessment. For our experiments,
TinyLLaMA-1.1B [40] is selected as the student language model, while LLaMA2-
7B [27] serves as the teacher model. We fine-tune the student and the teacher
with LoRA. We combine our approach with baseline methods such as KL [10],
which employs standard Kullback-Leibler divergence; RKL, which reverses the
distribution order in KL divergence; and AKL [35], which integrates an adaptive
fusion of KL and RKL.

Our LRKD framework can be integrated into these baseline methods, and the
results of the performance are presented in Table 4. The enhancements observed
in student performance underscore the effectiveness of our approach and the
applicability of LRKD to synergize with other logit-based methods in Large
Language Models (LLMs).

Table 4: The experimental results of LRKD framework in LLMs. “+LRKD”
denotes that employs our framework into these baselines.

Model Dolly SelfInst VicunaEval S-NI UnNI Avg.

Teacher 28.4 21.2 18.7 32.4 32.5 26.7
SFT 23.1 15.0 16.5 27.9 26.3 21.8

KL 25.6 17.1 16.5 29.4 29.4 23.6
KL+LRKD 27.0 18.2 18.9 32.2 31.7 25.6

RKL 24.7 17.4 16.9 29.7 29.5 23.7
RKL+LRKD 25.9 19.3 17.9 32.9 33.7 25.9

AKL 24.9 17.0 16.8 29.2 28.9 23.4
AKL+LRKD 27.1 18.6 19.1 32.5 32.5 26.0

6 Conclusion

In this paper, we introduce an innovative knowledge distillation framework.
Firstly, the projection autonomously learns relational knowledge instead of man-
ual design through a dual orthogonal projection. Secondly, LRKD uses mean-
pooling to obtain sequence-level representations based on token representations
and can match the different dimensions of the two models through projection. So,
we can apply LRKD across different distillation scenarios. Finally, our method
obviates the need for additional memory or training time assumptions. Extensive
experiments, including ablation studies, demonstrate the effectiveness of LRKD
and the proposed loss function.
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