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Abstract

Pre-training Large Language Models (LLMs)
from scratch at larger scales yields remark-
able performance but incurs substantially high
training costs. Depth up-scaling provides an
efficient alternative by inserting new layers
into a pre-trained LLM, avoiding training from
scratch. However, most existing methods copy-
ing or averaging base layers for new layer,
which misalign functionally corresponding neu-
rons, leading to neuron permutation mismatch
that harms performance. To address this is-
sue, we propose Optimal Transport Depth Up-
Scaling (OT-DUS), which leverages Optimal
Transport (OT) theory to align and fuse func-
tionally corresponding neurons module by mod-
ule in adjacent base layers for new layer con-
struction. OT-DUS achieves better overall per-
formance in both general and specialized do-
mains than existing methods for continual pre-
training and supervised fine-tuning across dif-
ferent model sizes and model families. Our
analysis of insertion strategies further finds
that inserting new layers at higher positions
yields not only stronger performance but also
improved training efficiency.1

1 Introduction

Large Language Models (LLMs) performance is
largely attributed to scaling laws, where capabili-
ties often improve with increased model and data
size (Brown et al., 2020; Kaplan et al., 2020; Wei
et al., 2022; Chung et al., 2024). However, scaling
poses sustainability challenges, stemming from in-
creased computational (Thompson et al., 2022; Wu
et al., 2022; Luccioni et al., 2023) and data (Ben-
der et al., 2021; Birhane et al., 2023; Villalobos
et al., 2024) constraints. To address these chal-
lenges, model expansion approaches have been
proposed, which increase the parameter size of a

1Our code is available at https://github.com/
voalmciaf/OpT-DeUS.
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Figure 1: Illustration of our proposed OT-DUS. OT-
DUS uses optimal transport to initialize new layers,
each derived from two adjacent base layers fi and fi+1.
It first aligns each module b to previous module b − 1
in fi (i.e. Alignment within Layer), then aligns it to b in
fi+1 (i.e. Alignment across Layer).

pre-trained model without altering its original ar-
chitecture. This can be achieved by increasing the
number of neurons per layer (i.e., width up-scaling)
or the number of layers (i.e., depth up-scaling).

Depth up-scaling has shown better training effi-
ciency and downstream performance than width
up-scaling (Du et al., 2024). Recent depth up-
scaling approaches update only the new layers for
training efficiency while mitigating catastrophic
forgetting (Kim et al., 2024; Yang et al., 2025b).
Depth up-scaling largely relies on copying (Wu
et al., 2024; Kim et al., 2024; Du et al., 2024) or
averaging (Yano et al., 2025) for new layer con-
struction. While effective, directly copying or aver-
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aging from base layers ignores neuron permutation
differences across layers, which can incorrectly
align neurons, leading to neuron permutation mis-
matches that harm performance (Li et al., 2015;
Yurochkin et al., 2019a,b). An alternative approach
(Yang et al., 2025b) initializes new layers by train-
ing an auxiliary neural network, but it introduces
additional computational overhead that increases
rapidly with model scale. These challenges mo-
tivate our main research question: How can new
layers in depth up-scaling be effectively initialized
to mitigate neuron permutation mismatches without
substantial additional computation?

Inspired by applying Optimal Transport (OT)
(Singh and Jaggi, 2020; Imfeld et al., 2024), we
propose Optimal Transport Depth Up-Scaling (OT-
DUS). As shown in Figure 1, OT-DUS aligns and
fuses adjacent layers module-wise to create neuron-
aligned new layers. Newly added layers are ini-
tialized via OT and inserted into the top half of
the base model. Certain module weights are set
to zero for better neuron alignment and function
preservation. Our contributions are as follows:

• We introduce OT-DUS, which creates inter-
mediate layer from adjacent layers by neuron
alignment via OT. Experiments show that OT-
DUS outperforms existing baselines on both
continual pre-training and supervised fine-
tuning training stages across various model
sizes, model families, and diverse tasks.

• OT-DUS achieves the highest overall effi-
ciency, requiring minimal additional computa-
tion. Our comprehensive study on layer inter-
polation position shows that inserting new lay-
ers at higher positions leads to higher training
efficiency while obtaining better performance.

• Extensive ablation studies validate the con-
tributions of the OT-DUS components, con-
firming that our design effectively mitigates
neuron permutation mismatches. Analysis of
neuron functionality reveals a strong correla-
tion between depth up-scaling performance
and high transport matrix entropy.

2 Related Work

2.1 Model Expansion

Model expansion accelerates neural network train-
ing by expanding a base model to reduce train-
ing time and computational overhead (Chen et al.,

2016; Wei et al., 2016; Chang et al., 2018; Rusu
et al., 2022). Network architecture preservation
has proven effective for iterative expansion in
encoder-only LLMs (Gong et al., 2019; Yang et al.,
2020; Chen et al., 2022). More recently, various
model expansion approaches have been explored
for decoder-only LLMs. Du et al. (2024) showed
depth up-scaling yields greater training efficiency
and stronger downstream performance compared
to width up-scaling. However, prior work primar-
ily focuses on expansion during the pre-training
stage with a relatively large pre-training corpus
(Shen et al., 2022; Wang et al., 2023, 2024; Yao
et al., 2024; Yano et al., 2025), resulting in high
overall computational costs. Limited work focuses
on post-training expansion (Kim et al., 2024; Wu
et al., 2024; Yang et al., 2025b), using a substan-
tially smaller corpus compared to the original pre-
training corpus for training efficiency.

2.2 Depth Up-Scaling
Stacking. Stacking methods insert a series of new
layers, typically on top by copying layers from the
base model (Du et al., 2024; Kim et al., 2024). Du
et al. (2024) proposed stacking entire base layers
for stronger downstream performance during pre-
training. Kim et al. (2024) introduced SOLAR, a
partial stacking approach that omits bottom and
top base layers for continual pre-training. How-
ever, stacking requires updating the entire model,
incurring extra computational costs.
Interpolation. Interpolation methods insert new
layers inside the base model. Previous work fo-
cuses on creating function preservation layers,
where the expanded model performs identically
to the base model before further training. Achiev-
ing function preservation leads to steadier learning
processes and better performance. This is achieved
by setting the LayerNorm weights to zero for new
layer initialization (Shen et al., 2022), initializing
the entire new layer to zero (Wang et al., 2024),
or employing dynamic masking mechanisms (Yao
et al., 2024). Wu et al. (2024) proposed LLaMA
PRO, which initializes the inserted new layers by
copying weights from the base model. For function
preservation, the output matrices of attention and
MLP in these new Transformer layers are set to
zero, termed zero-init. Yano et al. (2025) initial-
ized new layers by averaging weights from adjacent
base layers for pre-training. LESA (Yang et al.,
2025b) initializes new layers using an auxiliary
network given adjacent layers at interpolation posi-
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Figure 2: State-of-the-art depth up-scaling methods and our proposed OT-DUS.

tions as input. However, existing methods largely
rely on copying (Kim et al., 2024; Wu et al., 2024)
or averaging (Yano et al., 2025) to initialize new
layers, neglecting neuron permutation differences.

3 Preliminaries

3.1 Depth Up-scaling
LetM be a base LLM with n Transformer layers
{fi}ni=1, parametrized by θ. The aim is to obtain
an expanded modelM′ with parameters θ′ by in-
troducing k additional Transformer layers {f ′

i}ki=1.
M′ retains the same layer type and hidden size.

Each Transformer layer fi is composed of a se-
quence of modules. We denote the parameters of
layer fi by {W(i)

b }Bb=1, where W
(i)
b represents the

weight matrix of module b in layer fi. Accordingly,
each new layer f ′

i is parameterized by {W′(i)
b }Bb=1.

Stacking. M is expanded by adding a set of new
layers on top of the base layers to obtainM′. ◦ de-
notes the connection between Transformer layers:

M′(x; θ′) = f ′
k ◦ · · · ◦ f ′

1 ◦ fn ◦ · · · ◦ f1(x).

Each new layer f ′
i is initialized by duplicating a

selected base layer fj (Du et al., 2024; Kim et al.,
2024), where j is not necessarily equal to i:

W′(i)
b ←W

(j)
b , ∀b ∈ {1, . . . , B}.

Interpolation. Figure 2 illustrates different inter-
polation strategies adopted by existing depth up-

scaling methods.M is expanded by inserting new
layers between base layers as follows:

M′(x; θ′) =
{
f ′
i ◦ fi, if a new layer is inserted,
fi, otherwise.

Interpolation methods initialize f ′
i from adjacent

base layers fi and fi+1. This corresponds to initial-
izing each module weight matrix W′(i)

b using W
(i)
b

and W
(i+1)
b . Prior work initialize f ′

i by copying
(Wu et al., 2024; Kim et al., 2024; Du et al., 2024),
averaging (Yano et al., 2025), or prediction via an
auxiliary network (Yang et al., 2025b):

W′(i)
b ←





W
(i)
b , copying,

Avg
(
W

(i)
b ,W

(i+1)
b

)
, averaging,

NN
(
W

(i)
b ,W

(i+1)
b

)
, prediction,

OT-DUS
(
W

(i)
b ,W

(i+1)
b

)
, our method,

3.2 Optimal Transport
Optimal Transport is a mathematical framework
determining the most cost-effective way to trans-
form one probability distribution into another,
given a defined transport cost. Formally, let
µ =

∑n
i=1 αiδ(x

(i)) and ν =
∑m

j=1 βjδ(y
(j)) be

two discrete probability measures supported on
{x(i)}ni=1 and {y(j)}mj=1 with probability distribu-
tion α = (α1, . . . , αn) and β = (β1, . . . , βm),
respectively, where δ(s) denotes the unit mass at
point s. Given a cost matrix C ∈ Rn×m where
Cij is the cost of transporting mass from x(i) to
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Figure 3: Neuron permutation mismatch caused by average and duplicate. Each column represents the order of
neurons within layer. Multiple colours of each neuron represent multiple functions it contributes to.

y(j), the Optimal Transport (OT) problem seeks an
transport matrix that minimizes the total cost:

OT(µ, ν,C) = argmin
T∈Rn×m

+

∑

i,j

TijCij

s.t. T1m = α,T⊤1n = β.

4 Optimal Transport Depth Up-Scaling

4.1 Motivation

Copying and averaging from original layers are
commonly used methods for creating new lay-
ers (Wu et al., 2024; Kim et al., 2024; Du et al.,
2024; Yano et al., 2025). However, such approach
neglects neuron permutation mismatch, which is
widely present in deep neural networks and Trans-
formers (Li et al., 2015; Yurochkin et al., 2019a,b).
During training, a single neuron may contribute
to multiple functions (Nguyen et al., 2016), and
same-index neurons in different layers may not
be functionally corresponding (Sajjad et al., 2022;
Klabunde et al., 2025). As shown in Figure 3, av-
eraging from base layers to initialize f ′

i can in-
correctly merge neurons with different functionali-
ties, while copying from fi to initialize f ′

i breaks
the connectivity between fi and f ′

i . Thus, directly
copying or averaging can cause misalignment be-
tween fi and fi+1, potentially harming perfor-
mance (Li et al., 2015; Yurochkin et al., 2019a,b).

Neuron permutation mismatch can be mitigated
by aligning neurons between fi and fi+1 using
OT, which models functional similarity per neuron.
Singh and Jaggi (2020) and Imfeld et al. (2024)
show that aligning neurons layer-wise via OT leads
to better-initialized new layers for model merg-
ing. Recent research further shows that using in-
formation from adjacent layers provides stronger
initialization than random initialization in depth
up-scaling (Du et al., 2024; Yano et al., 2025; Yang
et al., 2025b). This inspires our Optimal Transport

Depth Up-scaling (OT-DUS), illustrated in Figure 1.
OT-DUS is a progressive interpolation approach
that updates only f ′. It aligns and fuses layers fi
and fi+1 module by module to create f ′

i via OT.
OT-DUS inserts new layers f ′

i in the top half of
M, between base layers fi and fi+1. This layer
interpolation strategy provides better performance
(Section 7.1) and training efficiency (Section 7.2).

4.2 Transport Matrix Flow for OT-DUS
OT-DUS relies on two types of transport matrices:
Tin and Tout. Each module weight matrix W

(i)
b

in f ′
i is assigned a Tin. Tin aligns W(i)

b to W
(i)
b−1

within the layer. Tout aligns W(i)
b to W(i+1)

b across
layers. Tin for W(i)

b is initialized by reusing the
Tout from the previous module W(i)

b−1. Tout is com-
puted by solving an OT problem (Section 4.3).

Normalization Attention MLP

Transport Matrix Pre-Attn Pre-MLP Query Key Value Output Gate Up Down

Tin I 1
2(TO + I) I I I I TO TO I

Tout I 1
2(TO + I) TQ TK TV TO TGate TUp TDown

Table 1: Transport Matrix Flow. We manually set Tin
to each module for alignment within layer. Tout is cal-
culated through OT for alignment across layers (except
Normalization component). Modules highlighted in
underline deviate from Imfeld et al. (2024).

We use Transport Matrix Flow (TMF) to define
the assignment of Tin for each module (Table 1).
Following Imfeld et al. (2024), at the layer entrance
of f ′

i , Tin is initialized as the identity matrix I.
For residual connections (i.e., Pre-MLP Normal-
ization), Tin is set by averaging the Tout from both
paths (i.e. layer entrance and attention output).

However, vanilla TMF is no longer applicable.
We therefore modify the TMF design, these modi-
fications are further ablated in Section 7.3.

Architectural Advancements. Group-Query At-
tention (Ainslie et al., 2023) and SwiGLU MLP
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(Shazeer, 2020) introduce dimensional mismatches
that makes vanilla TMF inapplicable. We thus
set Tin = I for Attention Output and MLP Down.
As Group-Query Attention and SwiGLU MLP are
widely used in current LLMs, including LLaMA
(Grattafiori et al., 2024), Qwen (Yang et al., 2025a),
and OLMo (OLMo et al., 2025), our modified TMF
covers a broad range of mainstream architectures.

Non-consecutive Alignment. Alignment is ap-
plied only to non-consecutive f ′

i . Tin at layer en-
trance does not carry meaningful cross-layer infor-
mation. Incorporating this will dilute the impact of
alignment. Thus, we set Tin = TO for MLP Gate
and Up that after the residual connection.

4.3 Weight Initialization with OT

Given the parameters of layers fi and fi+1 and the
pre-defined TMF, Algorithm 1 demonstrates how
to initialize the new layer f ′

i via OT. The overall
procedure consists of five steps, described below.

Algorithm 1 Optimal Transport Depth Up-Scaling

Input: W
(i)
b , W(i+1)

b ; TMF = {T(b)
in }Bb=1 (Table 1)

Output: W′(i)
b

1: for base layer fi (n2 ≤ i < n) do
2: for each module b do
3: Initialize µ and ν ▷ OT instantiation
4: Ckj = ∥δ(x(k))− δ(y(j))∥2 ▷ OT instantiation
5: Tin ← TMF [b] ▷ Retrieve Tin from TMF
6: W

(i)
b ←W

(i)
b ·Tin ▷ Alignment within layer

7: Tout = OT(µ, ν,C) ▷ Solve OT problem
8: W

(i)
b ← T⊤

out ·W(i)
b ▷ Align across layer

9: W′(i)
b ← 1

2
(W

(i)
b +W

(i+1)
b ) ▷ New Weights

10: end for
11: W′(i)

O ,W′(i)
Down ← 0 ▷ Zero-init

12: end for

Step-1: OT problem instantiation. Based on the
definition of OT, we initialize µ and ν over W(i)

b

and W
(i+1)
b . Their probability distributions α and

β are initialized uniformly, treating each neurons
equally (cf. line 3). To measure neuron differences,
we instantiate the unit mass δ using weight-based
support (Singh and Jaggi, 2020), representing each
neuron directly by its weight value without auxil-
iary constraints. The transport cost Ckj is defined
as the Euclidean distance between the k-th neuron
in W

(i)
b and the j-th neuron in W

(i+1)
b (cf. line 4).

Step-2: Alignment within layer. The permuta-
tion change caused by aligning W

(i)
b−1 to W

(i+1)
b−1

disrupts the original neuron correspondence be-
tween W

(i)
b−1 and W

(i)
b . Such permutation change

information is stored in Tin for W
(i)
b . To re-

store this, W(i)
b needs to align with W

(i)
b−1 using

Tin. Tin is defined by TMF for each module,
shown in Table 1. After retrieving Tin (cf. line
5), the alignment within the layer is performed via
W

(i)
b ←W

(i)
b ·Tin (cf. line 6).

Step-3: Alignment across layer We then solve
OT(µ, ν,C) to compute the transport matrix. Im-
feld et al. (2024) found that the Sinkhorn-Knopp
algorithm (Knight, 2008) is optimal for solving
OT(µ, ν,C) in Transformer fusion. We employ
this approach to obtain Tout for W(i)

b (cf. line 7).
W

(i)
b is then aligned with W

(i+1)
b using the com-

puted Tout via W
(i)
b ← T⊤

out ·W(i)
b (cf. line 8).

Step-4: Compute new-layer weights. W′(i)
b is the

average of aligned W
(i)
b and W

(i+1)
b (cf. line 9).

Step-5: Zero-Init. We set Tin = I for WO and
Wdown in TMF due to architectural advancements
(Section 4.2), which may cause misalignment prob-
lem. Inspired by zero-init (Wu et al., 2024), we set
WO = 0 and Wdown = 0 (cf. line 11), which nat-
urally resolves this issue while ensuring function
preservation, a property crucial for retaining model
performance (Wang et al., 2024; Wu et al., 2024).

5 Experimental Setup

5.1 Base Model

Following prior work (Wu et al., 2024; Kim et al.,
2024; Yang et al., 2025b), we use off-the-shelf 32-
layer Llama-3.1-8B (Grattafiori et al., 2024) as our
base model. We further conducted a smaller-scale
experiment using off-the-shelf 16-layer Llama-3.2-
1B. Following Yang et al. (2025b), we insert a num-
ber of new layers equal to 50% of the base lay-
ers. The expanded model sizes are fixed at 11.5B
parameters with 48 layers (adding 16 layers) and
1.72B with 24 layers (adding 8 layers) for all depth
up-scaling methods.

5.2 Baselines

We experiment with state-of-the-art depth up-
scaling methods, as shown in Figure 2. Hyper-
parameter and implementation details are provided
in Appendix A and B.
Base. We continue pre-training the base model
without expansion. All layers are trained.
SOLAR. This method copies the bottom and top
m layers fromM to formM′. We choose m = 24
and m = 12 for 11.5B and 1.72B expanded models.
All layers are trained in line with Kim et al. (2024).
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LLaMA PRO. It dividesM into g groups of m
layers. p new layers are created by copying the top-
p base layers and inserted on top of each group with
zero-init. We use g = 16 (11.5B expanded models)
and g = 8 (1.72B expanded models); m = 2 and
p = 1 are used throughout. Only f ′ are trained
following Wu et al. (2024).
LESA. This approach uses an auxiliary network to
initialize f ′

i given fi and fi+1. LESA inserts f ′
i in

the top half ofM. We insert new layers between
f16 and f32 (11.5B expanded models), and between
f8 to f16 (1.72B expanded models). Only f ′ are
trained as in Yang et al. (2025b).

5.3 Training Data

For Continual Pre-Training (CPT), we opt using
data of same size as in Yang et al. (2025b), pub-
lished after the base model’s knowledge cut-off.
We sample 1.5B tokens from the CC-MAIN-2024-
51 subset of FineWeb-Edu (Penedo et al., 2024).
For supervised fine-tuning (SFT), we choose Al-
paca GPT4 (Peng et al., 2023) and update the whole
model following Yang et al. (2025b).

5.4 Evaluation

Following previous studies (Wu et al., 2024; Yang
et al., 2025b), we conduct experiments focusing
on general knowledge-related tasks. We further
conduct extensive experiments on specialized do-
mains: biomedical (Lee et al., 2019; Gu et al., 2021;
Luo et al., 2022; Singhal et al., 2023) and legal
(Chalkidis et al., 2019; Zheng et al., 2021; Hender-
son et al., 2022; Niklaus et al., 2024) as they are
widely explored within LLMs. Following common
practice in LLM evaluation (Arabelly et al., 2025;
Li et al., 2025; Cao et al., 2026), we report results
averaged over three random seeds.
General. We include ARC-Easy (Clark et al.,
2018), LogiQA (Liu et al., 2020), Winogrande
(Sakaguchi et al., 2021) for Reasoning; CSQA
(Talmor et al., 2019), BoolQ (Clark et al., 2019),
PIQA (Bisk et al., 2020) for Commonsense and
Knowledge; MMLU (Hendrycks et al., 2021) for
Examination; and WikiText (Merity et al., 2017)
for Language Modeling.
Biomedical. Following previous work (Williams
et al., 2026), we include MultiMedQA benchmark
(Singhal et al., 2022), specifically the PubMedQA
(Jin et al., 2019), MedQA (Jin et al., 2021), MedM-
CQA (Pal et al., 2022) tasks, and relevant subsets
from MMLU (Hendrycks et al., 2021) (anatomy,

clinical knowledge, college medicine, medical ge-
netics, professional medicine, college biology).
Legal. We follow Williams et al. (2026) in us-
ing CaseHOLD (Zheng et al., 2021) and ECtHR
(Task A) (Chalkidis et al., 2019) from LexGLUE
(Chalkidis et al., 2022) and Legal-MMLU, cover-
ing jurisprudence, professional law, and interna-
tional law (Hendrycks et al., 2021).

6 Experimental Results

6.1 General Performance

Table 2 (Top) presents the CPT and SFT results
of 11.5B expanded models. For CPT, we observe
that OT-DUS achieves top performance on six out
of eight benchmarks, specifically Wiki-PPL (7.73),
ARC (82.06) ,Winogrande (74.77), BoolQ (82.18),
PIQA (80.56), MMLU (62.99). This strong perfor-
mance across various downstream tasks, yielding
the highest average score (68.84), highlights the
effectiveness. We note that the strong performance
continues in SFT. It achieves top performance on
Winogrande, CSQA, BoolQ, PIQA, MMLU and
second performance on Wiki-PPL, and ARC, with
the top average score (69.65).

To analyze performance with different training
budgets, we save five checkpoints while training the
11.5B expanded models (every 20% training steps),
shown in Appendix C. We observe that OT-DUS
consistently achieves top performance on at least
five out of eight benchmarks across all checkpoints.

6.2 Performance at Smaller Scales

Table 2 (Bottom) presents the CPT and SFT results
of the 1.72B expanded models. For CPT, OT-DUS
achieves the highest average score (51.97), ranking
first on Wiki-PPL (12.19), LogiQA (22.84), and
CSQA (42.97), while ranking second on Wino-
grande, PIQA, and MMLU. For SFT, OT-DUS
again achieves the highest average score, ranking
first on CSQA, BoolQ, and PIQA, and second on
Wiki-PPL, Winogrande, and MMLU.

Compared with LESA, the strongest baseline on
average, OT-DUS achieves top-2 results on more
benchmarks in both CPT and SFT settings (Ta-
ble 2). In CPT, OT-DUS achieves two best and
three second-best results at 1.72B, and five best and
one second-best results at 11.5B, compared with
LESA’s two best and one second-best, and one best
and six second-best results, respectively. In SFT,
OT-DUS achieves three best and two second-best
results at 1.72B, and five best and one second-best

10903



Perplexity ↓ Zero-shot Performance ↑
Methods Wiki-PPL ARC LogiQA Wino CSQA BoolQ PIQA MMLU Average

C
PT

Base-8B 8.350.00 79.910.05 26.680.18 72.190.30 65.190.08 81.850.04 79.040.26 58.860.22 66.250.04
SOLAR-11.5B 9.900.00 80.020.15 26.880.00 71.800.24 57.360.05 80.760.05 78.510.05 54.320.05 64.240.05
LLaMA PRO-11.5B 7.810.00 81.450.15 29.390.09 73.930.24 70.710.21 81.710.06 79.890.08 62.590.03 68.520.04
LESA-11.5B 7.730.00 81.920.15 28.060.09 74.090.12 72.320.14 81.890.04 80.360.06 62.610.03 68.750.03
OT-DUS-11.5B (Ours) 7.730.00 82.060.06 27.340.00 74.770.20 71.960.33 82.180.07 80.560.22 62.990.02 68.840.04

SF
T

Base-8B 8.320.00 81.070.09 24.730.15 72.170.28 68.250.25 82.060.08 79.850.12 59.380.19 66.790.05
SOLAR-11.5B 9.680.00 80.810.11 25.290.09 71.190.24 60.990.21 81.340.13 79.140.03 55.210.17 64.850.07
LLaMA PRO-11.5B 7.810.00 83.300.05 27.390.18 73.930.16 72.070.16 82.260.03 80.810.08 62.480.14 68.890.03
LESA-11.5B 7.720.00 83.840.04 26.830.24 75.610.36 72.970.29 82.720.24 80.520.20 63.820.22 69.480.05
OT-DUS-11.5B (Ours) 7.730.00 83.800.04 26.730.00 75.880.44 73.000.09 83.310.04 80.890.11 63.990.15 69.650.07

C
PT

Base-1B 13.680.00 68.640.25 21.560.18 58.430.09 24.570.16 62.690.32 75.030.10 29.270.37 48.600.14
SOLAR-1.72B 13.870.00 69.000.10 21.350.15 59.540.12 21.540.71 61.120.09 74.880.27 28.700.14 48.020.15
LLaMA PRO-1.72B 12.430.00 67.430.17 20.990.09 61.480.47 34.230.25 62.830.10 75.570.05 31.810.10 50.620.09
LESA-1.72B 12.280.00 66.700.02 21.450.23 59.640.87 40.890.12 63.720.09 74.740.08 33.270.21 51.490.11
OT-DUS-1.72B (Ours) 12.190.00 67.100.09 22.840.23 60.060.61 42.970.37 62.750.08 75.170.14 32.880.13 51.970.07

SF
T

Base-1B 13.570.00 69.850.11 21.970.41 59.350.44 25.830.45 62.940.18 75.720.13 30.170.24 49.400.12
SOLAR-1.72B 13.680.00 70.410.04 22.220.09 59.110.16 25.250.54 60.880.09 75.860.03 29.790.35 49.080.13
LLaMA PRO-1.72B 12.360.00 68.080.06 21.100.23 60.620.32 38.190.42 64.090.06 76.030.21 30.990.22 51.300.07
LESA-1.72B 12.540.00 67.860.11 20.840.09 60.250.60 43.730.25 65.050.20 75.810.06 34.980.44 52.650.16
OT-DUS-1.72B (Ours) 12.460.00 68.280.13 21.150.32 60.300.27 44.690.19 65.760.07 75.900.10 33.220.11 52.760.04

Table 2: CPT on 1.5B tokens and SFT (after CPT) performance of 11.5B and 1.72B expanded models.

results at 11.5B, compared with LESA’s one best
and two second-best, and one best and five second-
best results. These results demonstrate the consis-
tent effectiveness of OT-DUS across model scales,
training stages, and benchmarks.

6.3 Up-scaling Stability at Larger Scales

We follow previous work (Yano et al., 2025; Yang
et al., 2025b) by reporting perplexity without any
training to evaluate up-scaling stability on larger
models. Appendix D presents the perplexity at dif-
ferent model scales. We observe that both LLaMA-
Pro and OT-DUS match the base model’s perplex-
ity regardless of model parameters due to zero-init,
demonstrating maximum expansion stability com-
pared to other baselines. Surprisingly, we find that
LESA’s perplexity sharply increases when applied
to Llama-3.2-1B (871.50). We hypothesize this is
because smaller models have fewer layers. This
leads to less training data for the auxiliary network,
consequently causing it to underfit.

6.4 Domain Specific Performance

Table 3 presents the performance on biomedical
and legal domains. We observe OT-DUS achieves
the best overall performance. In biomedical tasks,
OT-DUS wins two out of four tasks (i.e. MedM-
CQA and MedQA), while offering the second best
performance on PubMedQA. Strong performance
is also observed in the legal domain, where OT-
DUS wins two out three legal tasks and achieves
second best on the remaining one.

Methods MedMCQA MedQA Bio-MMLU PubMedQA

B
io

m
ed

ic
al Base 48.920.28 53.260.00 68.350.10 76.330.12

SOLAR 45.220.13 47.240.05 57.410.14 76.200.00
LLaMA PRO 54.470.22 59.310.14 71.160.27 77.670.12

LESA 56.730.19 60.070.18 71.400.36 76.000.00
OT-DUS 56.790.16 60.360.09 71.300.29 76.330.12

Methods Legal-MMLU CaseHOLD ECtHR

L
eg

al

Base 64.480.01 47.420.06 56.060.12
SOLAR 62.620.15 41.020.13 38.900.26
LLaMA PRO 68.580.15 48.310.17 60.400.12
LESA 67.140.11 51.060.06 61.100.19
OT-DUS 68.140.18 51.910.09 61.220.07

Table 3: Domain-specific CPT performance of 11.5B
expanded models.

7 Experimental Analysis

7.1 Interpolation Positions
We extensively investigate the best interpolation
positions of OT-DUS. We evaluate the following
strategies: inserting in the bottom half (Btm), in
the middle portion (Mid), in the top half (Top), and
at the top and bottom quarters (T&B). The layer
index ranges are defined as follows:

M′(x; θ′)◦ =





f ′
i ◦ fi, i ≤ n

2
if Btm

f ′
i ◦ fi, n

4
< i ≤ 3n

4
if Mid

f ′
i ◦ fi, n

2
≤ i < n if Top

f ′
i ◦ fi, i ≤ n

4
or 3n

4
≤ i < n if T&B

Table 4 illustrates the performance of different
interpolation strategies. We observe that OT-DUS-
Top is the best performing strategy, overall. It
achieves the top performance on five out of eight
benchmarks, while obtaining the second best per-
formance on two benchmarks. The performance
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difference between interpolation strategies is con-
sistent with previous work, where inserting new
layers into the top part offers additional perfor-
mance gains (Yang et al., 2025b). This further
supports previous findings showing that bottom
layers in Transformers are more critical (Jawahar
et al., 2019), while top layers are less sensitive to
modification (Men et al., 2025).

Interpolation Strategy Average

OT-DUS-Btm 68.390.12
OT-DUS-Mid 68.280.01
OT-DUS-Top 68.840.04

OT-DUS-T&B 68.440.04

Table 4: Average performance of OT-DUS-11.5B using
different interpolation strategies. Full results are pre-
sented in Table 11 (Appendix F).

7.2 Training Efficiency

Previous work ignores the impact of interpolation
strategy regarding training efficiency (Wu et al.,
2024; Yang et al., 2025b). Table 5 shows that
progressive depth up-scaling methods consider-
ably outperform SOLAR (22:54:11) in training ef-
ficiency. We observe a strong correlation between
interpolation positions and efficiency: top-half in-
sertions, exemplified by OT-DUS-Top (12:52:04)
and LESA (12:54:07), are notably faster. Con-
versely, strategies inserting layers in the bottom
half, such as OT-DUS-Btm (14:56:00) and LLaMA
PRO (14:58:34), require longer training time. This
pattern holds regardless of the initialization method.
The efficiency differences mainly arise from higher
backpropagation costs when updating layers in-
serted at lower positions in the model.

Methods Trainable Training Time

SOLAR-11.5B 11B 22:54:11 (+78.0%)
LLaMA PRO-11.5B 4B 14:58:34 (+16.4%)
LESA-11.5B 4B 12:54:07 (+0.3%)

OT-DUS-Btm-11.5B 4B 14:56:00 (+16.1%)
OT-DUS-Mid-11.5B 4B 13:53:14 (+7.9%)
OT-DUS-Top-11.5B 4B 12:52:04
OT-DUS-T&B-11.5B 4B 14:45:38 (+14.7%)

Table 5: Training time for 11.5B models.

OT-DUS incurs additional computation for solv-
ing the OT problem. Compared with baselines
that also require extra computation (Table 10, Ap-
pendix E), it introduces less overhead and achieves
the best overall efficiency among the baselines.

7.3 Ablation Studies

Ablation Variants Average

T
M

F Attention Output Tin = TQ-1.72B 51.960.03

MLP Gate and Up Tin = 1
2
(TO + I))-1.72B 51.790.02

O
T

Average-1.72B 51.590.61

Copy-1.72B 50.130.01

Random-1.72B 51.390.13

Z
er

o-
In

it Average + Zero-Init-1.72B 51.200.61

Copy + Zero-Init-1.72B 51.670.00

Random + Zero-Init-1.72B 51.580.00

OT-DUS-1.72B (Ours) 51.970.07

T
M

F Attention Output Tin = TQ-11.5B 68.710.02

MLP Gate and Up Tin = 1
2
(TO + I))-11.5B 68.730.01

O
T

Average-11.5B 68.440.04

Copy-11.5B 68.590.01

Random-11.5B 67.110.05

Z
er

o-
In

it Average + Zero-Init-11.5B 68.620.03

Copy + Zero-Init-11.5B 68.820.06

Random + Zero-Init-11.5B 68.430.06

OT-DUS-11.5B (Ours) 68.840.04

Table 6: Average performance of ablation variants. Full
Results are presented at Table 12 (Appendix G).

Ablation on TMF design. We modify the vanilla
TMF to account for architectural advancements and
non-consecutive alignment (Section 4.2). We fur-
ther compare our design with alternative variants
for architectural advancements (Output: Tin =
TQ) and non-consecutive alignment (Gate/Up:
Tin = 1

2(TO + I)). Table 6 shows that OT-DUS
achieves the best overall performance (Avg: 51.97),
validating our TMF design.

Ablation on OT alignment. To validate OT (Sec-
tion 4.1), we compare it with direct copy, aver-
age, and random (Table 6). Compared with the
second-best variant, Copy + Zero-Init, OT-DUS
outperforms it on 4 of 7 benchmarks at 11.5B and
6 of 7 benchmarks at 1.72B (Table 12), demon-
strating consistent gains across model scales and
tasks. These results demonstrate that OT align-
ment provides a more meaningful initialization that
mitigates neuron permutation mismatch.

Ablation on Zero-Init. OT-DUS adopts zero-init
(Section 4.3). We further compare it with non-OT
variants using zero-init (Table 6). OT-DUS consis-
tently outperforms these variants, while zero-init
improves performance for non-OT variants. To-
gether with the observed up-scaling stability (Sec-
tion 6.3), these results support the use of zero-init.

10905



Ablation on Model families. We further con-
duct experiments using Qwen-3-8B (Yang et al.,
2025a) as base model. Table 7 shows that OT-DUS
achieves the best overall performance, obtaining
the top performance on five out of eight bench-
marks. This further validates the generalization of
OT-DUS across model families.

Methods Average

Base-8B 73.590.01
SOLAR-11.5B 72.360.00
LLaMA PRO-11.5B 73.800.04
LESA-11.5B 73.760.17
OT-DUS-11.5B (Ours) 74.470.06

Table 7: Average Performance of expanded models us-
ing Qwen3-8B as base model. Full results are presented
in Table 13 (Appendix G).

7.4 Analysis of Neuron Functionality
To investigate neuron functionality mapping, we
analyze the transport matrix between each new
layer and its adjacent base layers. Following Algo-
rithm 1 (Section 4.3), we instantiate the OT prob-
lem and solve it with the same hyperparameters,
then compute the entropy (Shannon, 1948) of each
transport matrix (Table 8). The transport matrix
reflects neuron-level functional correspondence,
while entropy measures how diffuse the mapping
is. Higher entropy indicates a smoother mapping
(Cuturi, 2013). SOLAR and LESA are excluded
since SOLAR inserts continuous new layers and
LESA does not directly use base layers.

Attention MLP

Methods Query Key Value Output Gate Up Down Average

LLaMA PRO 12.23 9.99 10.29 16.64 14.17 14.20 16.63 13.45
Average 11.69 7.32 10.90 15.60 17.06 18.71 8.56 12.84
OT-DUS 13.25 10.32 11.57 16.64 16.78 18.36 16.64 14.79

Table 8: Layer-averaged Entropy of the transport matrix
between base and new layers in the 11.5B expanded
models. Normalization components are excluded as
they do not involve cross-neuron mixing.

We observe a clear correlation between higher
transport matrix entropy and stronger performance.
OT-DUS achieves the highest entropy (14.79) and
the best performance (68.84), followed by LLaMA
PRO (13.45/68.52) and Average (12.84/68.44).
Higher entropy indicates that information from
each neuron is distributed across multiple neurons
in the next layer, forming representations through a
richer mixture of input features and a more diverse
representational space (Tax et al., 2017; Yu et al.,
2021), which leads to better performance.

Average yields low entropy for the Key Projec-
tion (7.32 vs. 9.99/10.32) and Down Projection
(8.56 vs. 16.63/16.64), suggesting these modules
are more sensitive to averaging and thus suffer
greater performance degradation. Low entropy
indicates that functionality from old neurons is
concentrated on fewer neurons in the new layer,
causing a small subset to dominate the module out-
put. This observation aligns with prior works on
the low-rank bottleneck in Query and Key (Bho-
janapalli et al., 2020) and parameter redundancy in
Down (Pires et al., 2023; Wei et al., 2024).

8 Conclusion

We introduced OT-DUS, a depth up-scaling ap-
proach that aligns neurons within and across layers
via OT to mitigate neuron permutation mismatches.
Results demonstrate that OT-DUS achieves better
performance in both general and specialized do-
mains with improved efficiency compared to exist-
ing approaches across different model sizes, model
families, and training stages. Our systematic analy-
sis of interpolation positions reveals that inserting
new layers closer to the top leads to higher training
efficiency with improved performance. Our neuron
functionality analysis further reveals a correlation
between strong performance and high transport ma-
trix entropy when initializing new layers.

Limitations

Following recent work (Kim et al., 2024; Wu et al.,
2024; Yang et al., 2025b), we focus on up-scaling
already pre-trained LLMs rather than up-scaling
during pre-training as in prior work (Shen et al.,
2022; Wang et al., 2023, 2024). OT-DUS miti-
gates neuron permutation mismatch by aligning
neurons with similar functionalities across adjacent
base layers, which implicitly assumes that base
layers have already learned relatively stable func-
tionalities. This assumption may not hold during
intermediate stages of pre-training, when neurons
are still learning new features. Moreover, apply-
ing up-scaling during pre-training would require
tremendous training budgets, which are beyond our
current computational resources.
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A Hyper-parameter Details

We set the regularization parameter of Sinkhorn-
Knopp algorithm to 0.06, as in Imfeld et al. (2024).
We set the global batch size and sequence length
to 64 and 2048. For CPT, we use a maximum
learning rate of 1e-4 for 1.72B expanded models
and 5e-5 for 11.5B expanded models. For SFT,
the maximum learning rate is set to 1e-5 and 5e-6,
respectively.

B Implementation Details

We employ Flash-Attention 2 (Dao, 2024) and
mixed-precision bf16 for accelerated training. We
use Language Model Evaluation Harness (Gao
et al., 2024) for evaluation. 11.5B expanded mod-
els are trained on four NVIDIA GH200 (96GB)
GPUs while 1.72B expanded models are trained
on a single NVIDIA A100 (80GB). We create all
expanded models using AMD EPYC 7413 CPU
and a single NVIDIA A100 (80GB).

C Performance across checkpoints
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Figure 4: Number of benchmarks that achieve top per-
formance during the training process of 11.5B expanded
models. Sums may exceed 8 due to ties.

D Scaling Stability

Model Base SOLAR LLaMA PRO LESA OT-DUS

Llama-3.2-1B 11.57 16.64 11.57 871.50 11.57
Llama-3.1-8B 7.33 9.01 7.33 9.35 7.33

Mistral-24B 4.43∗ 6.51∗ 4.43 5.17∗ 4.43
Qwen-2.5-32B 3.78∗ INF∗ 3.78 5.67∗ 3.78
Llama-3-70B 1.98∗ 4.21∗ 1.98 2.62∗ 1.98

Table 9: PPL after 1.5x layer expansion initialization for
different base models, along with PPL of base models.
* denotes results from Yang et al. (2025b), Results for
LLaMA PRO and OT-DUS in bottom-half are obtained
via reasonable extrapolation from top-half.

E Additional Computation Cost

Expanded Model Creating Time

LESA-1.72B 00:26:15
OT-DUS-1.72B 00:02:34

LESA-11.5B 04:52:13
OT-DUS-11.5B 00:37:16

Table 10: Instantiation time for LESA and OT-DUS.

Both LESA and OT-DUS require additional com-
putation. LESA necessitates extracting latent pat-
terns using Singular Value Decomposition (SVD),
while OT-DUS requires solving the OT problem
module-wise. Table 10 presents the additional com-
putation time required by LESA and OT-DUS to
create the expanded model. We observe that LESA
requires more time compared to OT-DUS (00:26:15
vs. 00:02:34). This time scales massively with
larger models (04:52:13 vs. 00:37:16). We hypoth-
esize that this increased time for LESA is mainly
caused by the extra computation required for SVD
when scaling up base models. Combining Table 5
and Table 10, our OT-DUS achieves the best time
efficiency among the baselines.

F Interpolation Strategy

G Ablation Results

10912



Perplexity ↓ Zero-shot Performance ↑
Methods Wiki-PPL ARC LogiQA Wino CSQA BoolQ PIQA MMLU Average

OT-DUS-Btm 7.830.00 81.750.10 28.210.09 74.590.41 70.100.14 81.750.02 79.990.13 62.330.08 68.390.12
OT-DUS-Mid 7.700.00 82.070.00 27.650.00 74.320.05 70.250.23 81.000.12 80.200.09 62.530.06 68.280.01
OT-DUS-Top 7.730.00 82.060.06 27.340.00 74.770.20 71.960.33 82.180.07 80.560.22 62.990.02 68.840.04

OT-DUS-T&B 7.870.00 81.460.10 28.570.00 74.610.18 70.050.05 82.120.02 79.850.03 62.440.03 68.440.04

Table 11: Performance of 11.5B OT-DUS trained on 1.5B tokens using different interpolation strategies.

Perplexity ↓ Zero-shot Performance ↑

Methods Wiki-PPL ARC LogiQA Wino CSQA BoolQ PIQA MMLU Average

T
M

F Attention Output Tin = TQ-1.72B 12.050.00 67.120.02 23.300.09 60.250.09 42.640.05 62.890.04 75.390.03 32.130.05 51.960.03

MLP Gate and Up Tin = 1
2
(TO + I))-1.72B 12.090.00 66.810.05 22.790.18 60.460.14 42.590.00 62.220.02 75.480.03 32.200.07 51.790.02

O
T

Average-1.72B 12.310.27 67.120.53 22.380.23 59.750.50 41.712.16 62.760.22 74.670.14 32.741.75 51.590.61

Copy-1.72B 12.620.00 68.000.02 22.730.00 59.750.14 34.750.10 62.960.02 74.520.16 28.200.09 50.130.01

Random-1.72B 16.400.00 66.790.29 22.270.00 59.850.32 40.950.28 62.690.05 74.990.03 32.190.00 51.390.13

Z
er

o-
In

it Average + Zero-Init-1.72B 12.470.27 67.500.54 22.890.40 59.380.72 40.352.12 62.540.32 74.720.08 31.072.30 51.200.61

Copy + Zero-Init-1.72B 12.230.00 67.090.07 22.270.27 59.480.05 41.010.24 64.290.02 75.060.06 32.450.05 51.670.00

Random + Zero-Init-1.72B 12.200.00 66.920.00 21.510.00 59.270.27 43.050.24 62.180.02 74.860.09 33.290.05 51.580.00

OT-DUS-1.72B (Ours) 12.190.00 67.100.09 22.840.23 60.060.61 42.970.37 62.750.08 75.170.14 32.880.13 51.970.07

T
M

F Attention Output Tin = TQ-11.5B 7.470.00 81.800.17 27.190.00 73.980.52 71.990.41 82.270.05 80.650.06 63.080.09 68.710.02

MLP Gate and Up Tin = 1
2
(TO + I))-11.5B 7.470.00 81.800.17 27.190.00 74.060.46 72.020.41 82.310.05 80.690.11 63.020.08 68.730.01

O
T

Average-11.5B 7.950.00 82.070.07 27.600.09 73.690.18 71.200.09 82.110.05 80.230.03 62.160.04 68.440.04

Copy-11.5B 7.790.00 82.210.02 27.650.00 74.240.09 71.940.05 81.600.04 79.740.13 62.780.07 68.590.01

Random-11.5B 11.690.00 79.710.00 27.190.00 72.510.04 69.450.29 80.570.04 78.580.06 61.780.02 67.110.05

Z
er

o-
In

it Average + Zero-Init-11.5B 7.530.00 82.140.02 27.090.09 74.030.14 71.830.42 82.070.02 80.470.00 62.700.03 68.620.03

Copy + Zero-Init-11.5B 7.670.00 82.360.15 27.650.00 74.870.05 71.640.33 82.060.02 80.380.16 62.800.02 68.820.06

Random + Zero-Init-11.5B 7.720.00 81.940.15 26.420.00 73.720.00 71.690.19 82.470.02 80.020.06 62.770.01 68.430.06

OT-DUS-11.5B (Ours) 7.730.00 82.060.06 27.340.00 74.770.20 71.960.33 82.180.07 80.560.22 62.990.02 68.840.04

Table 12: Ablation study on 1.72B and 11.5B expanded models.

Perplexity ↓ Zero-shot Performance ↑
Methods Wiki-PPL ARC LogiQA Wino CSQA BoolQ PIQA MMLU Average

Base-8B 9.200.00 84.720.15 39.320.00 73.610.32 82.250.19 82.270.02 79.470.13 73.470.00 73.590.01
SOLAR-11.5B 10.470.00 84.250.12 39.320.00 72.110.18 77.010.05 84.560.05 78.440.06 70.840.03 72.360.00
LLaMA PRO-11.5B 9.240.00 85.490.05 37.940.00 74.110.00 81.710.19 84.250.00 79.490.09 73.600.03 73.800.04
LESA-11.5B 10.750.00 82.700.07 40.300.09 73.481.09 81.630.05 84.800.05 79.520.03 73.880.05 73.760.17
OT-DUS-11.5B (Ours) 10.580.00 83.380.00 41.830.09 73.480.41 84.080.09 85.150.02 79.540.19 73.840.02 74.470.06

Table 13: CPT Performance of Expanded models using Qwen3-8B as base model.
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