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Checkpoint in Post-training
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No optimization to the checkpoint itself!

Utilize the architecture of the checkpoint
to minimize overhead at the source!
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LLMTailor: A checkpoint-merging framework that
filters and assembles layers from different

checkpoints to form a composite checkpoint.

We enable saving only part of the original checkpoint to reduce

checkpoint overhead. (up to 4.3 times smaller storage size

and 3.0X speedup in checkpointing time)
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What is included in the checkpoint for resuming training?
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How large is a checkpoint?
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How large is a checkpoint?
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1. Two momentum terms in the Adam Series Optimizer
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2. FP32 precision & Master weight

MIXED PRECISION TRAINING
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Question 1: Do we really need to save everything every time?

5

L
{ )
AN
i J 7] =
Model Optimizer Random Data loader Meta data
seed state

17




Background  Motivation Challenges LLMTailor Results Conclusion DII?EAB

Question 1: Are the weights of all layers uniformly updated

each time the model is saved?
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Question 1: Are the weights of all layers uniformly

updated each time the model is saved?

Answer: No.

Therefore, we can checkpoint a subset of all layers at

different checkpoints based on the magnitude of updates.
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Checkpoint a subset of all layers

Question 2: Can we split and merge the

checkpoints layer-wise?
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Question 2: Can we split and merge the

checkpoints layer-wise?
Answer: For the models, we already

have a toolkit - mergekit

LLMTailor

[1]

mergekit

« mergekit is a toolkit for merging pre-
trained language models.

« Merges can be run entirely on CPU or
accelerated with as little as 8 GB of VRAM.,

« Many merging algorithms are supported.
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[1] Charles Goddard, Shamane Siriwardhana, Malikeh Ehghaghi, Luke Meyers, Vladimir Karpukhin, Brian Benedict, Mark McQuade, and Jacob Solawetz. 2024.Arcee’s MergeKit: A Toolkit for Merging Large
Language Models. In Proceedings of the 2024 Conference on Empirical Methods in Natural Language Processing: Industry Track, Franck Dernoncourt, Daniel Preotiuc-Pietro, and Anastasia Shimorina (Eds.).
Association for Computational Linguistics, Miami, Florida, US, 477-485. do0i:10.18653/v1/2024.emnlp-industry.3
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Checkpoint a subset of all layers

Question 2: Can we split and merge the

checkpoints layer-wise?
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Challenge 1: How to divide tensors in the optimizer?
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Challenge 2: How to divide auxiliary layers in the model?

mergekit can only
manipulate

hidden layers
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Challenge 3: How to adapt distributed training ?
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Challenge 1: Unindexable

tensors in the optimizer

Solution: Divide the

training group to divide

the optimizer naturally

Challenges LLMTailor

Based on model structure
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Challenge 1: Unindexable

tensors in the optimizer

Solution: Divide the

training group to divide

the optimizer naturally
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Challenge 2: Unindexable

auxiliary layers in the model Model in ckpt
embed_tokens -
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Challenge 3: Distributed

checkpoints when merging

Solution: Merge

with node index

Challenges LLMTailor Results Conclusion @
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- hame:
model:

DIRLAB
LLMTailor: Usage
 YAML-driven configuration (Inherited « Simple setup
from mergekit)

/ T T L el —

I slices: # YAML \ ( " bash-\
. cources: | OUTPUT_PATH= |

| - model: | CONFIG_YML= |
layer_range: I

| - | COPY_TOKENIZER= |
- sources: I NUM_GPU=8

I - model: | I

I layer_range: I I FAILURE_STEP=100
. | TOTAL_LAYERS=28 |

| pre_weights: | N /
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Setup
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Use case 1: Parity Merge

The original checkpoint logic: save_step = 100
embed_tokens embed_tokens embed_tokens
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Use case 1: Parity Merge

géf with LLMTailor:
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1. Checkpointing Efficiency

Checkpoint Size Checkpoint Time
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2. Post-trained Model Quality

We compare the model quality of the finally trained models resumed from
different checkpointing methods:

Checkpoint

Default 73.14 89.00 60.75 64.02 75.20
> Parity merged 72.89 87.00 60.58 64.10 76.20
Default 60.00 75.00 53.10 55.15 77.20
T Parity merged 60.03 72.00 53.12 54.36 76.60

Benchmark Evaluation Results

36
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Use case 2: Filter layers

Previous work shows that the first several layers and the last two

layers of the model have a greater impact on model reasoning.!1]
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[1] Andrey Gromov, Kushal Tirumala, Hassan Shapourian, Paolo Glorioso, and Daniel A. Roberts. 2025. The Unreasonable Ineffectiveness of the Deeper Layers. arXiv:2403.17887

[cs.CL] https://arxiv.org/abs/2403.17887
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The original checkpoint logic:
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Use case 2: Filter layers
géf with LLMTailor: )
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1. Checkpointing Efficiency
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2. Post-trained Model Quality

We compare the model quality of the finally trained models resumed from
different checkpointing methods:

Checkpoint

Default 73.14 89.00 60.75 64.02 75.20
> Parity merged 71.64 84.00 59.50 62.06 75.60
Default 60.00 75.00 53.10 55.15 77.20
T Parity merged 62.06 77.00 53.45 54.91 78.00

Benchmark Evaluation Results
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Ongoing: Tailoring by monitoring model updates

gé* with LLMTailor:
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1. Preliminary results: Checkpointing Efficiency

Total Checkpoint Size Checkpoint Time
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2. Preliminary results: Post-trained Model Quality

We compare the model quality of the finally trained models resumed from
different checkpointing methods:

Checkpoint method Final train loss

Default 1.80

with LLMTailor 1.80

Qwen2.5-7B in an SFT task.

Checkpoint

Default 71.68 88.00 59.74 62.14 74.40
with LLMTailor 71.44 89.00 59.77 63.00 74.40

Benchmark Evaluation Results
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! LLMTailor g@o

« Assembling a resumable
“Frankenstein” checkpoint

« Substantially lower storage
requirements & checkpoint time

« Adaptively checkpointing by
monitoring model update

\_

~

Minqiu Sun (mgsun@udel.edu)
https://zenodo.org/records/16909083

—_— -

47

Results

Conclusion

Github Repo

<

DIRLAB




Background

Motivation Challenges LLMTailor Results Conclusion

Loading time of different method of merging

Model Name  Checkpoint Size (G)  Total layers CKPTs included  Time (s)

Baseline: 1 0.80
2 117

Llama3-1B 17.29 18 parity (2) 233.6
8 60.4
18 62.5

Baseline: 1 16.8

2 332.4

Llamas3-8B 112.47 35 parity (2) 1027.5
8 279.2

35 264.3

Engineering

Issue
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