Fast and Low-Cost Genomic Foundation Models via Outlier Removal
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Summary: Outlier-Free Genomic Foundation Model Experimental Studies: Significant Reduce Outlier Experimental Studies: Efficient GFM with GERM.

* We introduce a new outlier-free Genomic Foundation Model (GFM)
architecture called GERM, featuring superior post-quantization and
low-rank adaptation performance.

GERM significantly reduces ||x|| .. compared to vanilla attention and | | GERM reduces both fine-tuning and inference time
enhances post-quantization performance.  GERM reduces fine-tuning time by 34.85% and improves inference
latency by 24.79%.
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» Larger GFMs, especially generative models, require substantial com- infinity norm of model’s outputs in DNABERT-2.

putational resources for deployment and fine-tuning. - GERM achieves a 37.98% improvement in model fine-tuning perfor-

More Experiments: Influence of Continual Learning.

mance.
GERM Models Low-Rank MCC ()~ DeltaMCC  AvgPerformance oo Max inf. GERM-T shows the smallest performance drop during quantization and
GERM is a GFM architecture with an outlier-free layer that enhances Adaptation Method different () Drop (}) & norm({) low-rank adaptation compared to other continual learning steps.
. _ _ Full 59.11 7.00 - 270.90 61.41 Fine-Tuning Avg Performance
post-quantization and low-rank adaptation performance. <& LoRA 5091+1.67 152 13.87% : 219.20 Method Method ~ MCC (D Drop (1)
_ _ A K QLoRA 50.65+0.13 15.46 14.31% 292.85 53.91 ] ]
- We propose a new GFM architecture GERM by replacing the Softmax . LoftQ 50764006 1531 14.05% 299.18 54.18 oNABERT2 g _
In the attention mechanism with Softmax; to achieve the Quantization , Full 59.73 6.38 - 21.29 10.62 Out20k Full 59.21 i
- ~ LoRA 57.27+0.70 8.84 4.12 % - 19.41 GERM-T Full 59.3() i
Robustness and Fast Low-rank Adaptatlon. 8 QLoRA 53.161+0.21 12.95 10.99 % 34.29 27.27 Out100k Full 60.56 ;
exp(S LoftQ 53.110.08 13.00 11.08% 33.02 27.41
Softmax (5) = s : DNABERT-2 LoRA 50.91 13.87%
1+ Z exp( S) —~ Full 59.30 6.81 - 251.40 28.49 GERM LoRA 56.78 4.949,
1=1 ¢ > LoRA 55.60+0.28 10.51 6.23% - 140.86 Out?0k LoRA 54.75 7 539
- ~ = QLoRA 51.05+0.07 15.06 13.90% 287.95 53.92 GERM-T LoRA 55 60 6.24%
, AACGCACTATATA O LoftQ 51.20+0.13 14.91 13.65% 286.16 53.35 Out100k LoRA 56.61 6.52%
\ | utlier-free - ngn -
soencepioes DRI e I 2 Layer 1 53 L, We also observe a significant performance improvement on the ONABERT2 giggﬁ b o
[ | 59 Nucleotide Transformer 2.5B model; please refer to our paper for Out20k QLoRA 50.61 14.52%
AT, G, C,TA,AC} v L= . details GERM-T QLoRA 51.05 13.91%
o N J pistribution wio outlier ' Out100k QLoRA 51.24 15.39%
o _ o . « GERM achieves a 50.83% in PTQ perfOrmance and 66.02% In Low- DNABERT.? LoftQ 50.76 14.13%
» The original OutEffHop method requires training from scratch; we rank adaptation performance. GERM LoftQ 53.11 11.08%
propose a trade-off variant, GERM-T, to achieve sub-optimal per- . o o Out20k Lot 20 13:7%
: : : o - ] _ GERM-T LoftQ 51.20 13.66%
formance with small-step continual learning. GERM-T achieves a 36.73% in PTQ performance and 34.56% in GERMT LgﬁQ 3120 13.66%

Low-rank adaptation performance.




