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Abstract
As the demand for larger and more capable language models grows, the computational cost of pre-training
becomes prohibitively expensive. Efficient pre-training techniques are crucial for making LLM training more
accessible, particularly for researchers with limited computational resources. We introduce STOPANDGROW, a
method for efficient pre-training where a model is partially trained at a smaller size (e.g., Pythia-70M) before
being grown in a function-preserving manner to a compatible larger size (e.g., Pythia-410M) to continue training.
Our approach reduces total GPU hours while maintaining the same training token exposure. We compare full
model fine-tuning, LoRA, and ReLoRA approaches after model growth across different growth timing strategies,
finding that parameter-efficient methods, particularly ReLoRA, offer the best performance-efficiency trade-off.
To facilitate reproducibility, we release our implementation as open-source code with accompanying Jupyter
notebooks.

1. Introduction
Pre-training large Transformer-based (Vaswani et al., 2017) models requires substantial computational resources, often
involving thousands of GPU-hours and enormous amounts of data. The recent trend toward developing and releasing model
families of various sizes (Meta, 2024; Team et al., 2023; Biderman et al., 2023) has highlighted the correlation between
parameter count and model capability, with larger models consistently demonstrating superior performance (Brown et al.,
2020; Touvron et al., 2023; Dosovitskiy et al., 2020; Meta, 2024). However, the standard practice of training each model
variant from scratch with randomly initialized parameters (Radford et al., 2019; Devlin et al., 2019) introduces significant
inefficiencies in the development pipeline, resulting in excessive energy consumption, carbon emissions, and financial costs
(Strubell et al., 2019).

The machine learning community has investigated various approaches to improve model efficiency. Post-training optimiza-
tion techniques such as quantization (Liu et al., 2023; Hubara et al., 2016), pruning (Frankle and Carbin, 2018; Frankle et al.,
2020), and knowledge distillation (Hinton et al., 2015; Guo et al., 2025) have successfully reduced memory requirements
and computational costs at inference time. Complementary to these approaches, model expansion techniques (Wang et al.,
2023; Chen et al., 2021; 2015; Samragh et al., 2024; Shen et al., 2022) aim to transform smaller pre-trained models into
larger ones using function-preserving projections. However, existing expansion methods typically require approximately
twice the training tokens compared to training from scratch (Samragh et al., 2024) and have primarily been demonstrated
using high-end computational resources that remain inaccessible to many researchers. The efficiency of these approaches in
computationally constrained environments has received limited attention.

To address these challenges, we introduce STOPANDGROW (Figure 1), a technique that leverages partially trained smaller
models as starting checkpoints for larger models through function-preserving transformations. Using modest compute (8
A6000 GPUs, 48-hour budget), our experiments with models under 1B parameters demonstrate significant efficiency gains
while preserving model quality. We systematically compare full fine-tuning, LoRA (Hu et al., 2021), and ReLoRA (Lialin
et al., 2023) after growth, finding that ReLoRA consistently delivers the best performance-efficiency trade-off. These results
establish a foundation for more accessible LLM pre-training in resource-constrained environments.
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Figure 1. Overview of STOPANDGROW pipeline. The process involves (left) pre-training a small model on N tokens, (middle) applying
function-preserving expansion to increase model size, and (right) continuing pre-training on M additional tokens using either full model
fine-tuning or parameter-efficient methods like LoRA/ReLoRA. This approach reduces computational cost while maintaining the same
total training tokens (N +M ).

2. Related Work
Function-preserving model growth techniques enable knowledge transfer from smaller to larger models while maintaining
identical network behavior. Net2Net (Chen et al., 2015) pioneered this approach by introducing network widening and
deepening operations that preserve functional equivalence during expansion. Building on this foundation, bert2BERT (Chen
et al., 2022) adapted these techniques to BERT (Kenton and Toutanova, 2019) models, introducing advanced knowledge
initialization (AKI) that leverages adjacent layer weights to initialize grown models by combining upper layer rows with
sampled lower layer rows.

Recent advances have introduced more sophisticated expansion methods. Mango (Pan et al., 2024a) establishes linear
correlations between pre-trained and target model weights. LEMON (Wang et al., 2023) develops vector and matrix-level
lossless expansion operators. Apollo (Pan et al., 2024b) prepares information about future higher layers during lower
layer training. LiGO (Wang et al., 2022) constructs grown matrices by interleaving rows and columns with their linear
combinations. Shen et al. (2022) transfer both weights and optimizer states to maintain training dynamics during expansion.
HyperCloning (Samragh et al., 2024) applies function-preserving expansion to fully pre-trained models before continuing
training on the entire dataset.

While prior research has established various model expansion techniques, most studies focus primarily on the technical
mechanisms of growth rather than computational efficiency. Our work shifts this focus by investigating the parameter
and cost efficiency of using grown models as starting checkpoints. We quantitatively measure GPU hour reductions when
growing from smaller checkpoints compared to training from scratch, while maintaining constant total token exposure. Our
analysis of growth timing relative to total training provides insights into optimal expansion points for maximizing efficiency.

Our approach most closely relates to Du et al., who investigated optimal pre-training strategies using growth operators at
different training stages under fixed computational budgets. While they focused on full model fine-tuning after expansion,
we explore combining model growth with parameter-efficient fine-tuning methods. Our key contribution is extending their
framework to evaluate whether LoRA (Hu et al., 2021) and ReLoRA (Lialin et al., 2023) can maintain model quality
while further reducing computational requirements—a particularly valuable investigation for resource-constrained research
environments.

3. STOPANDGROW

We introduce STOPANDGROW, a method for efficient language model pre-training that follows a three-phase approach.
First, we partially pre-train a smaller model with parameters θsmall on N tokens. Next, we apply a function-preserving
transformation (Figure 2) to expand the model to a larger size with parameters θgrown small. Finally, we continue pre-training
the expanded model on M additional tokens, either by updating all parameters or using parameter-efficient fine-tuning
methods.

The function-preserving property is central to our approach, ensuring that the expanded model initially produces outputs
identical to the smaller model for any input: ∀x, f(x; θsmall) = g(x; θgrown small), where f and g represent the smaller
and grown models respectively. This property provides an optimal initialization point for continued training, eliminating the
performance drop typically associated with random initialization of larger models.
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Figure 2. Function-preserving model growth encompasses both width expansion (increasing hidden dimensions) and depth expansion
(increasing number of layers), similar to approaches in Shen et al. (2022); Du et al..

We systematically evaluate STOPANDGROW across various configurations by adjusting the token allocation between initial
pre-training (N ) and continued training (M ) while keeping their sum constant (N +M ). This allows us to identify optimal
growth timing and quantify efficiency gains compared to training the larger model from scratch with parameters θlarge. We
also compare the effectiveness of different parameter-efficient fine-tuning methods applied after model growth to determine
which approach offers the best performance-efficiency trade-off.

4. Results
For our experiments, we evaluated models with parameters under 1 billion using a cluster of 8 A6000 GPUs with a 48-hour
training time limit. We additionally validated our findings by reproducing key experiments on a single A100 GPU on
Google Colab 1. We selected the Pythia family of models and the Pile (Gao et al., 2020) pre-training corpus for two primary
advantages: the Pythia family includes several models in the ≤ 1B parameter range and provides the exact pre-training data
ordering used in the original Pile training. While the entire dataset contains 300B tokens, our computational constraints
limited us to using only the last n tokens from the dataset, ranging from 1B to 4B in steps of 1B tokens, while maintaining
the original token order. We conducted experiments to partially pre-train a small model (Pythia-70M) with (100 − x)%
tokens, grow the model using the grow() operator, and then continue training the larger model (Pythia-410M) with x%
tokens. Due to computational constraints, we evaluated configurations with x% corresponding to 1 billion, 2 billion, and 4
billion tokens.

To evaluate performance, we measured perplexity (Jelinek et al., 1977) on LAMBADA (Paperno et al., 2016) as pre-
processed by OpenAI (EleutherAI, 2024) and the Paloma (Magnusson et al., 2023) benchmarks. To quantify computational
requirements, we calculated total pre-training FLOPs as shown in Equation 1, where FLOPs represents the floating point
operations, T is the number of tokens processed, and L is the sequence length of each chunk. Our calculations include both
forward and backward pass FLOPs, with the approximation that backward pass FLOPs typically require 2× the computation
of forward pass FLOPs (DeepSpeed, 2025). The performance results are presented in Table 1 and the computational savings
in Table 2. We also compare the compute costs and perplexity scores between full model pre-training, LoRA, and ReLoRA
in Figure 3.

Compute cost =
FLOPs× T

L
(1)

5. Future Work
We introduced STOPANDGROW, an efficient pre-training approach that grows smaller models to larger sizes using function-
preserving transformations and parameter-efficient fine-tuning. Our experiments with limited compute (8 A6000 GPUs,
48-hour training) on models under 1B parameters show promising efficiency gains. Future research should extend this work
to larger model scales and earlier growth checkpoints to better understand the efficiency-performance trade-offs across
different computational regimes.

1https://github.com/EfficientLLMs/lazy-pretrain/blob/main/Efficient_Pre_training.ipynb
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Figure 3. Perplexity on the LAMBADA (left) and Dolma (right) datasets as a function of total compute (FLOPs). ReLoRA consistently
outperforms both Full pretraining and LoRA in terms of perplexity while requiring similar or less total compute.

Table 1. Perplexity on LAMBADA and Dolma datasets across different model growth checkpoints, adaptation methods, and training
budgets. Lower is better (↓).

Base Checkpoint Target Modules # Tokens (B) LAMBADA PPL (↓) Dolma PPL (↓)

Baseline Pythia-70m – – 130.96 162.57

step143000
Full Pretraining 1 106.18 151.51
LoRA 1 107.99 152.29
ReLoRA 1 100.49 146.77

step142000
Full Pretraining 2 105.56 151.42
LoRA 2 105.73 151.01
ReLoRA 2 95.53 144.98

step141000
Full Pretraining 4 101.28 148.48
LoRA 4 105.44 151.42
ReLoRA 4 93.20 145.62

Table 2. Total compute cost (in GFLOPs) and savings across different pretraining strategies. Compute savings are relative to training the
Pythia-410M model from scratch.

Checkpoint Method Pretrain
Comp.

Pretrain
Tokens

Continue
Comp.

Continue
Tokens

Total Com-
pute (↓)

Compute
Saved (↑)

(GFLOPs) (B) (GFLOPs) (B) (GFLOPs) (%)

Pythia-410M – 1086.66 300 0.00 0 636.71 –
Pythia-70M – 137.19 300 0.00 0 80.38 87.38%

Step 143k
Full Model 137.19 300 1086.66 1 82.51 87.04%
ReLoRA 137.19 300 777.31 1 81.90 87.14%
LoRA 137.19 300 671.52 1 81.70 87.17%

Step 142k
Full Model 137.19 298 1086.66 2 84.09 86.79%
ReLoRA 137.19 298 777.31 2 82.89 86.98%
LoRA 137.19 298 671.52 2 82.47 87.05%

Step 141k
Full Model 137.19 296 1086.66 4 87.80 86.21%
ReLoRA 137.19 296 777.31 4 85.39 86.59%
LoRA 137.19 296 671.52 4 84.56 86.72%
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