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Abstract

Large language models (LLMs) have been widely deployed and have achieved remarkable success in downstream
tasks. However, their high latency continues to pose challenges for real-time applications that require fast inference,
and the need to train and deploy distinct models for different hardware constraints increases both financial and
computational costs. To address this, we propose Nested Matrix Learning (NML), a method that trains a single,
flexible model capable of generating multiple high-performing “student” models of varying sizes. This is achieved by
simultaneously optimizing a pre-trained teacher model and its nested sub-models in a single training process, without
sacrificing the teacher’s performance. NML provides a flexible and scalable solution, allowing models to adapt to
different computational budgets. Our extensive experiments show that student models produced by NML, which can
be up to 10x smaller than the full-size model, can be directly deployed for efficient inference or serve as superior
initialization points for further fine-tuning in downstream tasks. By preserving the performance of the teacher model
while delivering compact and efficient student models of various sizes, NML enhances the usability and adaptability
of LLMs in real-world scenarios.
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1. Introduction

Recent advances in large language models (LLMs)
have demonstrated their strength in both genera-
tive capabilities (e.g., Mistral (Jiang et al., 2023),
LLaMA (Touvron et al., 2023)) and representa-
tion learning (e.g., E5-Mistral (Wang et al., 2023),
LLM2Vec (BehnamGhader et al., 2024)). However,
LLMs still suffer from high latency, which limits MHA
their direct deployment in applications requiring —

fast inference. Knowledge Distillation (KD), which

=~

transfers knowledge from large teacher models
to smaller student models through the teacher’s
knowledge is a well-studied method to learn smaller

models which can be deployed in low-latency set-
tings. KD typically transfers “knowledge” from the
larger teacher model to a smaller student model
through (i) the teacher’s soft labels or logits; and
(i) the teacher’s hidden representations or learned
features. However, this requires (i) a multi-step
training process of training the teacher model, ex-
tracting relevant knowledge from the teacher model
followed by training the student model on the ex-
tracted knowledge which is time-consuming; and
(ii) training multiple student models of varying sizes
involves training each student model separately on
the extracted knowledge from the teacher. This
raises two critical research questions:

1. Can we bypass the multi-step distillation
pipeline and instead learn variable-sized
models within a single, unified training
run?

* Work done during Xiangjue’s internship and He-
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Figure 1: NML introduces a nested structure that
enables the joint optimization of multiple nested
student models of varying sizes, allowing them to
be deployed across different resource settings and
constraints.

2. Can we simultaneously produce a suite of
smaller models of different sizes, all trained
efficiently at once?

To answer these questions, we propose Nested
Matrix Learning (NML), a method that directly
learns the student model’s parameters within the
teacher model’s weight matrices. During fine-
tuning, we introduce additional learning objectives
that focus on compressing the teacher’'s knowl-
edge into smaller weight sub-matrices and hidden
representations to form coherent, high-performing
smaller models (Figure 1). These nested sub-
models can be extracted and deployed as-is or
used as a vastly superior initialization for further



task-specific fine-tuning. Compared to methods
like (Devvrit et al., 2023; Cai et al., 2024), NML of-
fers greater flexibility by generating smaller student
models with reduced hidden dimensions, enabling
more effective scaling of dimensionality and achiev-
ing a significantly higher compression ratio.

To evaluate NML, we conduct experiments on
the STS suite of tasks (Agirre et al., 2012, 2013,
2014, 2015, 2016; Cer et al., 2017; Marelli et al.,
2014). Our results show that both the teacher
model and the student models extracted through
NML perform competitively with fine-tuned and dis-
tilled baselines. Moreover, further fine-tuning of
the extracted student models significantly improves
their performance, indicating the extracted student
weights can serve as a better initialization point. We
also explore the impact of training multiple nested
student models together and show that NML can
adapt to various selection strategies.

Our work has the following contributions:

» We introduce NML, a framework that jointly op-
timizes a full-size model and multiple nested
student models of varying hidden dimensions
in a single training pass, enhancing flexibility
by allowing dynamic scaling based on compu-
tational constraints.

* We demonstrate that NML-generated student
models, up to 10x smaller than the teacher,
can be used directly or serve as superior initial-
ization points, outperforming strong baselines.

* We also analyze NML across several fac-
tors, including the impact of the number of
nested student models, various weight selec-
tion strategies, and loss weighting.

2. Related Work

Knowledge Distillation. Knowledge distillation
involves transferring the knowledge from a larger
deep neural network into a smaller one (Gou et al.,
2021; Xu et al., 2024a), allowing the student model
to achieve comparable performance to the teacher
while being more computationally efficient. In
vanilla knowledge distillation, the logits of the large
teacher model are used as the source of knowl-
edge for training the student model (Mirzadeh et al.,
2020). (Taori et al., 2023) train student models us-
ing sequences generated by teacher LLMs through
supervised fine-tuning. There are different ap-
proaches to optimizing the student-teacher rela-
tionship. Divergence-based methods minimize the
divergence between the probability distributions of
the teacher and student models (Timiryasov and
Tastet, 2023). On the other hand, similarity-based
methods focus on aligning the hidden states or
features of the student model with those of the

teacher, utilizing various similarity metrics to en-
sure the internal representations of both models
are well aligned (Liang et al., 2023).

Student Model Initialization. To leverage the
common dimensionality between teacher and stu-
dent networks, (Sanh et al., 2019) initialize the stu-
dent model by selecting one out of every two layers
from the teacher model. However, this approach
requires the smaller model to have the same width
as the teacher’s to maintain compatibility. (Chen
et al., 2022) propose function-preserving initializa-
tion which duplicates and stacks the parameters of
the existing smaller pre-trained language models as
an effective initialization for larger models to speed
up convergence. (Trockman et al., 2023) show that
initializing convolutional filters with covariance ma-
trices outperforms traditional univariate initializa-
tion. (Xia et al., 2024) apply structured pruning to
reduce the size of existing large language models
and then use the pruned model as an initialization
for smaller models. (Xu et al., 2024b) propose a
weight selection method, where smaller models are
initialized by selecting a subset of weights from a
pre-trained larger model. Ensuring consistency in
the weight selection process is critical for achieving
optimal performance.

Elastic Training. Matryoshka Representation
Learning (MRL) (Kusupati et al., 2024), while not
operating directly in the weight space, encodes
information at varying levels of granularity in a
nested fashion. However, MRL only focuses on
the final layer’'s hidden representation, which does
not reduce the overall latency or memory footprint
needed to load the model. Thus, Espresso Sen-
tence Embeddings (Li et al., 2024) adopts a similar
method but learns lower-dimensional hidden rep-
resentations at each layer using a learning objec-
tive combined with PCA. MatFormer (Devvrit et al.,
2023) incorporates nested smaller FFN blocks
within the standard FFN block, jointly optimizing
all granularities to create a single, universal elas-
tic model. Flextron (Cai et al., 2024), building on
MatFormer’s nested weight structure, adds elas-
ticity to both the MLP and MHA layers, offers a
wider range of operations, and supports automatic
input-adaptive sub-network selection based on la-
tency for improved efficiency. Unlike MRL, which
utilizes full Transformer layers for sentence em-
bedding inference — leading to high computational
costs, NML transforms any pre-trained model into a
nested model during fine-tuning. This creates mul-
tiple sub-models of varying sizes without sacrificing
the performance of the teacher model. Compared
to weight selection (Xu et al., 2024b), NML offers
better initialization for student models. Compared
to (Devvrit et al., 2023; Cai et al., 2024), which has



a lower bound of the model size it can reduce to,
NML offers greater flexibility by producing smaller
student models with reduced hidden dimensions.
This flexibility allows NML to scale down the di-
mensionality of student models more effectively,
achieving a significantly higher compression ratio
and producing much smaller models.

3. Nested Matrix Learning (NML)

In this section, we first introduce the Nested Matrix
Learning (NML) framework aiming to learn sub-
matrices for each layer during the teacher model
training. Then, we describe the training and infer-
ence process for multiple nested student models.

3.1.

Problem Formulation. Consider a teacher
model with M layers, where the operation of each
layer i € [1, M] is denoted as f;(X;, W), with X;
representing the input to the i-th layer, and W
being the weight matrix associated with that layer.
NML aims to jointly optimize the full model (teacher
model) and N nested sub-models (student models)
at varying levels of granularity during training. This
is achieved by learning the weight sub-matrices
W, where j € [1, N] refers to the j-th sub-model
within the nested structure.

NML Framework

3.1.1. Nested Multi-Head Attention (MHA).

NML leverages a nested structure for Multi-Head
Attention (MHA) layers, which are critical compo-
nents of Large Language Models (LLMs) but also
contribute significantly to both runtime and mem-
ory consumption. By applying the nested design
to these MHA layers, NML optimizes them for en-
hanced computational efficiency and reduced mem-
ory usage, making the model more scalable and
resource-efficient. Given the hidden states X, the
nested MHA with h heads is formulated as

MHA/ () = Concat(head, ..., head,) - W7,
where each attention head for the j-th sub-model
is computed as:

head; = Attn(XW 7 XW 7 XW 7)),

and W7, Wi w7 and W7 are the sub-
matrices used for the query, key, value, and output
projections in the j-th model. This nested structure
allows NML to scale down the dimensionality of
these matrices progressively and flexibly for each
nested sub-model.

Sub-matrices Selection. We use a consecutive
selection strategy inspired by (Xu et al., 2024b)

to select elements for the sub-matrices. Specifi-
cally, for the weight matrices W& € RP*H Wk ¢
RP*H and W) € RP*H in each attention head,
we select the first D7 = Z rows and H/ = £
columns for the j-th sub-matrices. Here, D repre-
sents the original size of a single attention head, H
is the hidden size, and D = % where n is the total
number of attention heads. Thus, the concatenated

sub-matrices of n heads are
K,j V.j 0.,j DI x HI
W Wi wVi Wi g grP’xH

This consecutive selection strategy ensures that
each sub-matrix captures a reduced but propor-
tionate portion of the full-size matrix in the original
attention mechanism, allowing for consistent and
meaningful learning across varying dimensions. In
addition to the consecutive selection strategy, we
experiment with an alternative method — uniform
selection, which selects evenly spaced elements
from the full-size matrices rather than consecutive
rows and columns. This strategy introduces more
diversity into the sub-matrices by spreading the
selection across the entire matrix. The results of
these experiments, along with a detailed compar-
ison analysis of the impact of different selection
strategies, are presented in Section 6.

3.1.2. Nested Multi-Layer Perceptron (MLP).

NML employs a nested structure for MLP layers,
further leading to reduced memory usage and en-
hanced efficiency. In addition, NML ensures that
the system can dynamically scale across varying
resource constraints. Specifically, given the hidden
states X;, the nested MLP for the j-th sub-matrix
is formulated as:

MLP/ (2) = o(X - W1") - W3,

where the full-size weight matrices for the MLP are
W, and W, € RI¥H with I representing the inter-
mediate size and H the hidden size. The matrices
W and W, are the corresponding sub-matrices,
tailored to the reduced dimensionality. The function
o(-) denotes a non-linear activation function.

Sub-matrices Selection. Similar to the consec-
utive selection method used in the nested MHA
layers, we apply a similar strategy to extract sub-
matrices from the weight matrices W, and W in
the MLP layers. For the j-th sub-matrix, we select
the first H7 = 2% columns of the weight matrices,
resulting in the sub-matrices:

W = Wi[:,: HI|, W) = W[:,: H].
Further Scale Down MLP. To further reduce the

size of the nested MLP layer, in addition to nest-
ing the matrices along the hidden size dimension,



we also scale down by considering the intermedi-
ate size like (Devvrit et al., 2023; Cai et al., 2024).
Specifically, we extract sub-matrices by selecting
the first H = £ columns and the first I/ = £
rows of the weight matrices W and W, for the
j-th sub-matrices:
Wi =W, [ I,: H], W) =W,[: IY,: H].
By reducing the dimensionality in both the hid-
den and intermediate size directions, we ensure
that each nested sub-model has a progressively
smaller parameter space, allowing for efficient scal-
ing across multiple sub-models. The smaller sub-
models are particularly advantageous in settings
with limited computational resources, as they re-
quire fewer parameters and operations.

Similarly, for the initial input token embedding
layer, we follow the same principle applied to the
MLP layer. Here, we extract the first HY = Qﬂ]
columns from the weight matrices, ensuring consis-
tency in scaling throughout the model architecture.
With the nested MLP and MHA layers, we can train
NML with N nested sub-models, each parameter-
ized with hidden sizes of H7.

3.2. Training and Inference

We now describe the NML training and inference
phases, focusing on how both full-size model and
their nested sub-models are optimized together to
enhance performance across different scales.

Consider a full-size model M and input x, where
the original training loss between the model’s output
and the target y on the downstream task is repre-
sented as L(M(x),y). In the case of the nested
sub-models M, where j € [1, N], we jointly opti-
mize both the full-size model M and all N nested
sub-models. Thus, the joint training loss function
is:

N
Liom(x,y) = A+ > LM;(x),y) (1)

+ (1 =) LM(x),y),

where )\ is a weighting factor that balances the con-
tribution of the sub-models’ loss and the full-size
model’s loss. This allows for flexibility in prioritiz-
ing either the sub-models or the full model during
training, depending on the task requirements.
During inference, the sub-matrices extracted
from NML offer significant flexibility by enabling
dynamic deployment of smaller, more efficient
models, depending on the specific requirements
of the task or the computational environment.
These sub-matrices, which are learned as part of
NMLs nested structure, can be directly deployed
as individual smaller student models in scenar-
ios where lightweight models are required. More-
over, these extracted sub-models can also serve

as highly effective initialization points for down-
stream tasks. Since these sub-models are already
aligned with the overarching architecture and knowl-
edge learned during the joint training of the full-size
model, they provide a better starting point com-
pared to random or standard initializations. This
enables faster convergence during fine-tuning, and
improves training efficiency and task performance.

4. Experimental Settings

Models. We use the Qwen1.5-0.5B (Bai et al.,
2023) as the teacher model for our experiments
since it is a relatively smaller model and less
resource-intensive to perform fine-tuning as com-
pared to other larger models. However, this method
can in practice be extended easily to any teacher
model. In our experiments, we focus on learn-
ing the sub-matrices at each teacher layer, which
means that the student models will have the same
number of layers and head nhumbers as the teacher
model and different hidden sizes, significantly re-
ducing the student models’ size. Specifically, for
Qwen1.5-0.5B, the total number of trainable param-
eters is 0.5B. The model contains 24 hidden layers,
with a hidden dimension H of 1024 and an interme-
diate size I of 2816. Each MHA layer possesses
16 attention heads. In our implementation, we set
the number of nested student models trained with
the teacher model N to either 1 or 2. When N =1,
NML is trained with a single nested student model
with a hidden size of 512. When N = 2, NML is
trained with two nested student models, with hid-
den sizes of 512 and 256, and model sizes that are
0.4x and 0.2x that of the teacher model, respec-
tively. Additionally, when we further scale down
1, the sizes of the two nested student models are
reduced to 0.3x and 0.1x the teacher model’s size.
During the inference, we evaluate the perfor-
mance of directly using the weights extracted from
NML as student models, as well as using these ex-
tracted weights to initialize and further fine-tune the
student models. Specifically, we assess the perfor-
mance of student models initialized with weights
extracted from NML (N = 2) and NML (N = 1),
followed by further fine-tuning on NLI datasets.

Baselines. We compare our method to student
model baselines: Randomly Initialization: the
student model is randomly initialized and then fine-
tuned on NLI datasets; Vanilla Distillation: first,
we fine-tune Qwen1.5-0.5B on NLI datasets as the
teacher model, then we calculate the cosine similar-
ity between the input text and the positive/negative
examples for the teacher model and the randomly
initialized student model. Then, we fine-tune the
student model by optimizing a distillation loss —
MSE loss to these two distributions; Consecutive



Selection from Qwen1.5-0.5B: inspired by (Xu
et al., 2024b), which demonstrates that weight se-
lection can significantly enhance the performance
of small models, we extract weights through con-
secutive selection from Qwen1.5-0.5B model to
initialize the student models and then fine-tune the
student model on NLI datasets. Specifically, similar
to the consecutive selection strategy used in NML,
we extract sub-matrices from each head of the at-
tention module and the first & columns for MLP to
initialize the student model, where & is the hidden
size of the student model; Consecutive Selection
from fine-tuned Qwen1.5-0.5B: we extract sub-
matrices through consecutive selection from the
fine-tuned Qwen1.5-0.5B model which has been
fine-tuned on NLI to initialize the student models
and then fine-tune the student model on NLI. We
do not compare with (Devvrit et al., 2023; Cai et al.,
2024) because their methods maintain hidden size
unchanged, which differs from our settings. Further-
more, their flexibility limits the compression ratio
of their smaller student models, resulting in signifi-
cantly larger sizes than those from NML when using
the same granularity.

Tasks and Metrics: Following previous
work (Gao et al.,, 2021), we train NML on
the combination of MNLI (Williams et al., 2018)
and SNLI (Bowman et al., 2015) datasets and
evaluate the quality of the sentence embeddings
from NML on 7 standard semantic textual similarity
(STS) tasks: STS 2012-2016 (Agirre et al., 2012,
2013, 2014, 2015, 2016), STS Benchmark (Cer
et al., 2017) and SICK-Relatedness (Marelli et al.,
2014). For the evaluation, we report Spearman’s
correlation to ensure a fair comparison and use “all”
setting, which better reflects real-world scenarios
by combining data from different topics.

Implementation Details: In our experiments, we
set the learning rate to 1e — 5 and use a batch
size of 16, with gradient accumulation steps set
to 128 to effectively manage GPU memory. All
models are trained for 3 epochs using 8 V100-
SXM2-32GB GPUs. For the optimization of stu-
dent models, we conduct a parameter search over
{0.3,0.5,0.8,0.9, 1.0} and set the weight for the stu-
dent model loss Ato 0.9. This ensures that the learn-
ing of the student models is prioritized while still
allowing for flexibility in the overall training dynam-
ics. In the implementation, we use the objective
function £ = wy - Lo + w2 - Langle, Where L, is the
widely-used supervised contrastive learning objec-
tive, and L, 4 is the angle objective, which aims
to minimize the angle difference for high-similarity
pairs compared to those with lower similarity (Li
and Li, 2024). We assign a weight of 20.0 to the
contrastive loss £.; and 1.0 to the angle loss L, 4ic

following previous work (Li and Li, 2024). We per-
form a grid search over gradient accumulation steps
from the set {64, 128,256,512} and learning rates
from {le — 4,1e — 5,3e — 5,5¢ — 5} and adopt the
hyperparameter settings mentioned in Section 4.
The widely-used contrastive learning objective L
is defined as:

m cos(Xyp, ,X;)/T

€
Log=— lo )
l ;Z B e X

J

where b represents the batch index, m is the num-
ber of positive pairs in the b-th batch, and N de-
notes the batch size. The terms X;" and X;’j de-
note the respective positive samples corresponding
to X3, and X, respectively, while cos(-) indicates
the cosine similarity function. 7 is the temperature
hyperparameter. The angle objective is given by:

Aez’j - A977Ln

T

Langte =1log |1+ Z exp(

Sij>Smn

)|

where 7 is a temperature hyperparameter, s rep-
resents the cosine similarity, and A6 is the angle
difference. The condition s;; > s,,, stems from
the ranking of training data labels. The optimizing
of L.ngic @ims to reduce the angle difference for
pairs with higher similarity relative to those with low
similarity (Li and Li, 2024). Both the model and
dataset are licensed under the Apache-2.0 license.
For the test data statistics of STS12-16, STS-B, and
SICK-R, we refer to (Muennighoff et al., 2023) and
report the following counts: 6216, 3000, 7500, 6000,
2372, 2758, and 19854, respectively.

5. Experimental Results

Our experiments are designed to answer three pri-
mary questions about NMLs effectiveness.

How effective are NML-extracted student mod-
els as standalone models and as initializations?
First, we show the performance of student models
with different sizes on the STS benchmark in Ta-
ble 1. We can see when student models are directly
extracted from NML (V = 2) and NML (N = 1)
without further fine-tuning, they achieve compara-
ble or better performance to baselines, which in-
volve weight extraction followed by fine-tuning. This
demonstrates that weights extracted from NML can
be effectively used as student models without the
need for further fine-tuning. Then, after further fine-
tuning the extracted NML student models on NLI
datasets, it further improves the performance to
65.42 and 58.98 for student models with different
sizes. This indicates that weights extracted from
NML can also serve as a strong initialization point



Models Fine-tuned? STS12 STS13 STS14 STS15 STS16 STS-B SICK-R Avg.
Student Model: H = 512, I = 2816, # params = 0.2B (0.4x)

Random Init Yes 43.31 39.25  39.51 62.09 50.56 46.75 62.27  49.11
Vanilla Distillation Yes 43.96 39.73 40.66 61.92 49.56 47.75 62.44 49.43
Consecutive Selection from Yes 62.16 51,72 5573 7320 65.17 65.91 70.25 63.45
Qwen1.5-0.5B

Consecutive Selection from Yes 63.92 50.66 54.66 72.98 65.89 66.44 70.51 63.58
fine-tuned Qwen1.5-0.5B

NML (N = 2) No 64.18 49.04 54.31 71.72 6444 65.04 68.95 62.53
NML (N = 1) No 64.66 48.04 55.10 72.71 65.28 65.37 70.31 63.07
NML (N = 2) Yes 6438 51.05 56.86 7357 66.62 67.77 73.06 64.76
NML (N = 1) Yes 65.95 50.37 57.67 74.76 67.02 68.38 73.77 65.42

Student Model: H = 256, I = 2816, # params = 97M (0.2x)

Random Init Yes 40.58 3474 36.38 58.71 48.63 45.84 58.95 46.26
Consecutive Selection from Yes 60.78  33.75 37.52 59.27 50.60 47.88 65.04 50.69
Qwen1.5-0.5B

Consecutive Selection from Yes 58.53 38.83 43.31 62.58 56.10 55.35 66.38 54.44
fine-tuned Qwen1.5-0.5B

NML (N = 2) No 60.39 40.78 43.80 6055 54.43 53.25 65.89 54.16
NML (N = 2) Yes 62.28 45.00 48.77 67.63 59.15 60.32 69.74 58.98

Table 1: Performance of NML student models on STS benchmark (Spearman’s correlation, “all” setting).
We highlight the best performance. “Fine-tuned?” refers to whether the student model was further
fine-tuned after extracting weights from the teacher. “N” refers to the number of student models nested

and trained within the teacher model.

for student models, offering further performance
gains when fine-tuned on downstream tasks. In
addition, NML shows good generalization ability for
student models with different sizes.

Can we further scaling down MLP intermediate
layer? We further reduce the size of the student
models by scaling down the MLP intermediate layer
dimensions to 1/2" of the original intermediate size,
where n represents the number of student models.
This results in student models with fewer parame-
ters and a smaller overall size. Here, we present the
results of NML approach in Table 2, which shows a
trend consistent with previous findings: weights ex-
tracted from NML can achieve comparable or better
performance than baselines, indicating that they
can be effectively used as student models without
the need for further fine-tuning. Then, after further
fine-tuning the extracted NML student models on
NLI datasets, it further improves the performance
to 62.81 and 59.63 for student models with differ-
ent sizes. This indicates that weights extracted
from NML can also serve as a strong initialization
point for these student models, offering further per-
formance gains when fine-tuned on downstream
tasks. Additionally, we notice that for the student
model whose hidden size is 256, the performance
of the NML student improves from 58.98 to 59.63
even after scaling down the MLP intermediate layer
to 0.25x the original intermediate size, suggesting
that NML allows us to reduce the model size much
further without compromising on the performance.

Does the joint optimization process harm the
teacher model’s performance? The above re-
sults demonstrate that NML can effectively produce
multiple student models of varying sizes simulta-
neously. Since NML is training multiple student
models nested in the teacher model training, to
illustrate that NML does not compromise the perfor-
mance of the full-size teacher model, we present
the detailed results in Table 3, which compare the
performance of the full-size models after NML train-
ing with Qwen model without and with downstream
task fine-tuning. As shown in the table, the full-size
models not only retain comparable performance
but, in some cases, exhibit improvement over the
fine-tuned Qwen model. This indicates that the ap-
plication of NML does not result in any degradation
of the teacher model’s performance, affirming its ro-
bustness and utility in scenarios requiring efficient
model scaling while preserving high-level perfor-
mance. This preservation of the performance of the
teacher model with the obtained multiple smaller
student models further highlights the adaptability
and strength of NML, ensuring that the teacher
models’ performance remains uncompromised in
real-world applications.

6. Analyses

To better understand NML’s behavior, we conducted
several additional studies.



Models Fine-tuned? STS12 STS13 STS14 STS15 STS16 STS-B SICK-R Avg.
Student Model: H = 512, I = 1408, # params = 155M (0.3x)

Random Init Yes 4450 38.14 37.77 60.12  49.31 45.81 60.71 48.05
Vanilla Distillation Yes 4214 37.73  39.71 61.55 49.00 45.86 61.39 48.20
Consecutive Selection from Yes 58.63 45.69 48.99 67.11 63.27 62.82 68.94 59.35
Qwen1.5-0.5B

Consecutive Selection from Yes 60.96 41.94 45.46 66.57 62.16 60.28 68.45 57.97
fine-tuned Qwen1.5-0.5B

NML (N = 2) No 57.93 44.11 4723 67.86 62.37 62.56 67.94 58.57
NML (N = 1) No 59.35 46.30 49.74 6843 63.48 63.38 69.02 59.96
NML (N = 2) Yes 63.32 46.73 52.33 71.03 64.84 66.41 70.89 62.22
NML (N = 1) Yes 63.39 48.92 52.81 71.46 64.71 66.86 7151 62.81

Student Model: H = 256, I = 704, # params = 58M (0.1x)

Random Init Yes 40.19 33.34 33.15 5540 43.09 39.07 56.16  42.91
Consecutive Selection from Yes 58.02 44.04 4547 65.91 61.15 59.30 65.14  57.00
Qwen1.5-0.5B

Consecutive Selection from Yes 57.90 45.50 45.97 63.73 59.49 57.27 64.72 56.37
fine-tuned Qwen1.5-0.5B

NML (N = 2) No 57.92  43.81 4453 64.19 59.19 56.89 64.50 55.86
NML (N = 2) Yes 61.67 45.08 47.63 68.45 63.29 63.02 68.24 59.63

Table 2: Performance of NML student models with further scaling down on STS benchmark (Spearman’s
correlation, “all” setting). We highlight the best performance. “Fine-tuned?” refers to whether the student
model was further fine-tuned after extracting weights from the teacher. “N” refers to the number of student

models nested and trained within the teacher model.

Models Fine-tuned? STS12 STS13 STS14 STS15 STS16 STS-B SICK-R Avg.
Qwen1.5-0.5B No 60.84 76.65 65.14 75.25 76.40  74.47 69.56  71.19
Qwen1.5-0.5B Yes 76.83 83.66 80.29 85.64 83.65  84.56 76.20 81.55
NML (N = 2) Yes 76.54 84.39 80.29 86.00 83.79  85.15 7712  81.90
NML (N =1) Yes 76.70 82.54 79.74 85.41 83.50 84.77 76.37  81.29

Table 3: Performance of NML full-size models on STS benchmark (Spearman’s correlation, “all” setting).

Intermediate

Models Size # Params STS12 STS13 STS14 STS15 STS16 STS-B SICK-R Avg.
NML (N = 2) 1408 155M 57.93 4411 47.23 67.86 62.37 62.56 67.94 58.57
NML (N = 1) 1408 155M 59.35 46.30 49.74 6843 63.48 63.38 69.02 59.96
NML (N = 2) 2816 207M 64.18 49.04 54.31 71.72 64.44  65.04 68.95 62.53
NML (N = 1) 2816 207M 64.66 48.04 55.10 72.71 65.28 65.37 70.31 63.07

Table 4: Impact of the number of nested student models trained in NML (H = 512).

What is the impact of the nhumber of nested
student models training simultaneously? We
analyze the performance impact of training con-
figurations where either one student model or two
student models are trained simultaneously using a
nested approach. In Table 4, we present the results
for student models directly extracted from NML with-
out further fine-tuning on downstream tasks. The
results consistently show that training with fewer
nested student models tends to have slightly bet-
ter performance, whether or not additional scaling
down is applied. When only one student model
is nested trained in NML, the model faces fewer
constraints, which allows for better overall perfor-
mance. As the number of nested student models
increases, the nested models may influence each

other’s learning processes. This interaction could
introduce competition for resources for each individ-
ual model. However, our findings suggest that this
competition does not significantly degrade the per-
formance of the nested student models. Instead,
the performance remains relatively stable, indicat-
ing that the impact of multiple nested models on
overall performance is relatively minor. This indi-
cates that NML is a viable solution for scenarios
requiring multiple student models training simulta-
neously while maintaining strong individual perfor-
mance for each model.

Which sub-matrix selection strategy is more ef-
fective? To further investigate the effectiveness
of different sub-matrix selection strategies within



Selection  \;iqensize Mo%l grg12 STS13 STS14 STS15 STS16 STS-B SICK-R  Avg.
Strategy Size
1024 058 7665 8376 79.76 8557 83.37 84.16 7599 81.32
Uniform 512 207M 6345 5057 5177 68.88 6371 64.05 69.02 61.64
256 97M  55.82 4463 4434 6329 5291 5151  63.82 53.76
1024 05B 7654 8439 8029 86.00 83.79 8515 77.12  81.90
Consecutive 512 207M  64.18  49.04 5431 7172 6444 6504  68.95 62.53
256 97M 5853 3883 4331 6258 56.10 5535 66.38 54.44

Table 5: Comparison results of NML (N = 2) with different selection strategies on STS benchmark.

the NML framework, we conducted a comparison
study by implementing a uniform selection method,
following the approach proposed by (Xu et al.,
2024b). In this method, evenly spaced elements
are selected from the teacher model’s weight matri-
ces, in contrast to the consecutive selection strat-
egy where contiguous sub-matrices are chosen.
Table 5 presents the performance results of NML
(N = 2) when applied with both the uniform and
consecutive selection strategies, along with the cor-
responding performance of the full-size teacher
model and the two nested student models. The re-
sults indicate that NML using the consecutive selec-
tion strategy consistently outperforms the uniform
selection method across all models. This perfor-
mance boost suggests that the consecutive selec-
tion strategy may better preserve the coherence of
the original weight matrices, enabling the nested
student models to benefit from more effective pa-
rameter sharing.

How does the loss weight (\) influence the
nested student models’ performance? To an-
alyze the impact of loss weight of nested student
models, we present the results of NML (V = 2)
in Figure 2. The findings reveal a relationship be-
tween the loss weight A and model performance.
Specifically, as the loss weight of the nested stu-
dent models increases from 0.8 to 0.9, we observe
an improvement in the performance of the smaller
model with a larger hidden size (H = 512). This
enhancement can be attributed to the increased
emphasis on student learning, which allows the
model to leverage more information from the train-
ing process. Conversely, the smaller model with a
smaller hidden size (H = 256) experiences a de-
crease in performance, highlighting a trade-off in-
herent in nested model training. As the loss weight
reaches 1.0, the focus shifts entirely to training the
nested student models, regardless of the full model
parameters, which significantly impacts the overall
performance of the full-size model. Therefore, it
is important to carefully calibrate the loss weights
to achieve an optimal balance between the perfor-
mance of larger and smaller student models, and
to fully leverage the potential of nested model ar-
chitectures.
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Figure 2: Performance comparison for different
student model loss weights A of NML (N = 2).

7. Conclusion

We introduce Nested Matrix Learning (NML), a new
highly efficient framework for generating multiple
student models of varying sizes during the fine-
tuning process of a pre-trained teacher model, all
while preserving the original performance of the
teacher model. This flexibility allows NML to cre-
ate scalable models that are well-suited for different
computational budgets and downstream tasks. The
student models produced by NML can either be de-
ployed directly in scenarios where lightweight mod-
els are needed, or they can serve as strong initial-
ization points for further fine-tuning on downstream
tasks. NMLs capacity to create high-performing,
compact smaller models makes it a powerful tool
for real-world applications where memory efficiency
and computational speed are crucial, while still
maintaining competitive accuracy. This approach
can reduce the financial and environmental costs
associated with training and maintaining multiple
separate models.

Future work can extend this research in several
promising directions. The most direct path is apply-
ing NML during the pre-training phase, learning a
nested structure from scratch. Additionally, the sub-
matrix selection strategy itself could be a learned



policy rather than a fixed one, potentially discov-
ering more optimal sub-architectures. Extending
NML to other modalities, such as vision transform-
ers, is another promising direction.

8. Ethics Statement

Compressing large models may inadvertently am-
plify the existing biases present in the original pre-
trained models. If the student models inherit biases
from the teacher model, it could lead to unfair or dis-
criminatory outcomes, especially if the models are
deployed in sensitive applications like hiring, health-
care, or law enforcement. To ensure fairness and
prevent bias, a thorough evaluation of the smaller
models is necessary. In addition, while NML aims
to reduce model size and improve computational ef-
ficiency, training multiple nested models could still
raise concerns about the environmental impact.
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A. More Implementation Details

We perform a grid search over gradient accumula-
tion steps from the set {64, 128, 256, 512} and learn-
ing rates from {le — 4,1e — 5,3e — 5,5¢ — 5} and
adopt the hyperparameter settings mentioned in
Section 4. The widely-used contrastive learning
objective L, is defined as:

cos(Xbi ,X;f )/ T
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where b represents the batch index, m is the num-
ber of positive pairs in the b-th batch, and N de-
notes the batch size. The terms X;" and th de-
note the respective positive samples corresponding
to X;, and Xy, respectively, while cos(-) indicates
the cosine similarity function. 7 is the temperature
hyperparameter. The angle objective is given by:
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where 7 is a temperature hyperparameter, s rep-
resents the cosine similarity, and A6 is the angle
difference. The condition s;; > s.,, stems from
the ranking of training data labels. The optimizing
of L.ngic @ims to reduce the angle difference for
pairs with higher similarity relative to those with low
similarity (Li and Li, 2024). Both the model and
dataset are licensed under the Apache-2.0 license.
For the test data statistics of STS12-16, STS-B, and
SICK-R, we refer to (Muennighoff et al., 2023) and
report the following counts: 6216, 3000, 7500, 6000,
2372, 2758, and 19854, respectively.


https://doi.org/10.18653/v1/S15-2045
https://doi.org/10.18653/v1/S15-2045
https://doi.org/10.18653/v1/S15-2045
https://doi.org/10.3115/v1/S14-2010
https://doi.org/10.3115/v1/S14-2010
https://doi.org/10.18653/v1/S16-1081
https://doi.org/10.18653/v1/S16-1081
https://doi.org/10.18653/v1/S16-1081
https://aclanthology.org/S12-1051/
https://aclanthology.org/S12-1051/
https://aclanthology.org/S13-1004/
https://aclanthology.org/S13-1004/
arXiv preprint arXiv:2309.16609
arXiv preprint arXiv:2309.16609
https://doi.org/10.18653/v1/D15-1075
https://doi.org/10.18653/v1/D15-1075
https://doi.org/10.18653/v1/S17-2001
https://doi.org/10.18653/v1/S17-2001
https://doi.org/10.18653/v1/S17-2001
https://aclanthology.org/L14-1314/
https://aclanthology.org/L14-1314/
https://aclanthology.org/L14-1314/
https://doi.org/10.18653/v1/N18-1101
https://doi.org/10.18653/v1/N18-1101
https://doi.org/10.18653/v1/N18-1101

	Introduction
	Related Work
	Nested Matrix Learning (NML)
	NML Framework
	Nested Multi-Head Attention (MHA).
	Nested Multi-Layer Perceptron (MLP).

	Training and Inference

	Experimental Settings
	Experimental Results
	Analyses
	Conclusion
	Ethics Statement
	Bibliographical References
	Language Resource References
	More Implementation Details

