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Continual pre-training — important stage for LLM domain adaptation
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Continual pre-training — important stage for LLM domain adaptation
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A wide range of phenomena and properties is known for SFT stage

Linear Mode Connectivity
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A wide range of phenomena and properties is known for SFT stage
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Linear mode connectivity

Task arithmetic, ability transfer

Language Models are Super Mario

Abilities on Math- and Code-related Tasks:
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A wide range of phenomena and properties is known for SFT stage
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Objective: Investigate the CPT stage and identify its properties




Investigation of weight matrices spectra can lead to new insights
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Investigation of weight matrices spectra can lead to new insights
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Investigation of weight matrices spectra can lead to new insights

Heavy-tailed self-regularization theory
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Eigenvalues A of X

Power law tails develop as
training progresses

PPN X) = ¢- A 7@

Hypothesis — power law parameter and other spectral

properties correlate with model quality




Investigation of weight matrices spectra can lead to new insights

Heavy-tailed self-regularization theory
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We use Diffract package to investigate CPT stage through the spectral lens




Experimental setup: OLMo 2 pre-train + CPT
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Spectral evolution along the pre-train stage and CPT spectral properties
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Spectral evolution along the pre-train stage and CPT spectral properties
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Takeaway: complex spectral shape enables finer CPT delta structure




Structure of CPT delta — head heterogeneity
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Structure of CPT delta — head heterogeneity

Layer

HEAD HETEROGENEITY

* Some heads change domain-agnostically, others domain-specifically

* Update magnitude is also heterogeneous: a small subset of heads accounts for most of the change
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Takeaway: CPT changes are concentrated and domain-specific




Structure of CPT delta — head-wise rewind
Effect of head heterogeneity on model quality
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Structure of CPT delta — head-wise rewind

“Greedy” rewind pattern
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Structure of CPT delta — head-wise rewind

“Reference domain” rewind pattern
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Structure of CPT delta — head-wise rewind

* Rewinding 15% heads yields +2% GSM8K * Rewinding 15% heads yields +4% GSM8K
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Takeaway: head-wise rewind can consistently increase quality for larger models




Structure of CPT delta — SVD truncation

CPT delta is increasingly redundant with scale

Larger model = lower-rank update

7B model: 50% of singular values truncatable

13B model: up to 70% truncatable
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Takeaway: CPT update becomes more compressible for larger models, but not enough for DARE-like methods




Structure of CPT delta — domain connectivity
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Structure of CPT delta — domain connectivity

DROP F1 score
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Structure of CPT delta — domain connectivity
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Takeaway: larger pre-train budgets enable domain connectivity




Further research directions

Theoretical framework for
complex spectral shapes

Downstream effects of head-
wise rewind

Spectral fingerprints of SFT and
RL fine-tuning

Combination with analysis of
activations

2:5
2.0
1.3
1.0
0.5

3.0

2:0

1.0

0.0

2.9

1.0

0.0

0.4 0.6
AGREEMENT

0B , , .
. ) = .
7 o A X
nte, ) i Yo
6.;‘:' ek e, g ¥
Tid% s e e
100B \ :
°® .“ ° ¥ 3 ¥
R4 -.“ [ 3
os [ ]
'..;!:9 :‘ &s’.' '0.9‘?. :"3}'
.\& ° :.‘. p;{. \J d‘:
.&U Pt ety Q%
. v | W sl
400B ) 3
© ‘ L bt
e ) =t
P o 2%,
'3;3‘ o "g ":?b
L O =
'Jw :! 13 :3
L L] 4
5




Thank you for your attention!

DIFFRACT - SPECTRAL VIEW OF LLM DOMAIN ADAPTATION
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