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Background: PEFT can amplify inherited bias

Phenomenon: Low-rank bottlenecks may amplify inherited bias and noise during

downstream adaptation.
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Goal: Mitigate catastrophic inheritance with a lightweight PEFT framework.



Failure Modes of Catastrophic Inheritance

Catastrophic inheritance typically appears in three forms.
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Robust Pre-trained Knowledge Loss
Knowledge or Instability Diversity

Loss of Diversity

Overfitting to Noise
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Overfitting to Noise

Need: a lightweight PEFT solution that addresses all three failure modes.



BA-LoRA for NLU Tasks

1. Consistency Regularization
(CR-NLU): Aligns the fine-tuned
model with the pre-trained model
via KL divergence.

2. Diversity Regularization (DR-
NLU): Reduces inter-class output
correlation via covariance
regularization.

3. SVD Regularization (SVDR-
NLU): Encourages low-rank and
robust output representations via

SVD.
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Overall objective for NLU: Lnpu = Liask NLU + A1Lcr NLU + A2LDR NLU + A3LsVDR_NLU



BA-LoRA for NLG Tasks

1. Consistency Regularization
(CR-NLG): Aligns the fine-tuned
model with the pre-trained
model via KL divergence.

2. Diversity Regularization
(DR-NLG): Promotes diversity
within the Top-K candidate
tokens.

3. SVD Regularization (SVDR-
NLG): Encourages low-rank and

robust output structures via
randomized SVD.
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Overall objective for NLG: CLnrc = Liask NLe + A1 Ler NLa + A2Lpr NLe + A3LsvDR NLG



Main Results

Goal: Compare BA-LoRA against strong PEFT baselines on both NLG and NLU benchmarks.
Setup: LLaMA-2-7B for NLG and DeBERTa-v3-base for NLU.
Takeaway: BA-LoRA achieves the best overall performance across both domains. BA-LoRA converges
faster and reaches lower training loss.
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Optimization Dynamics
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Why Does BA-LoRA Help?

Noisier pre-training:
BA-LoRA shows larger gains when
inherited noise is stronger.

Imbalanced data:
BA-LoRA preserves clearer feature
separation under severe imbalance.
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LoRA 85631901 94.034002 62404071 91374997 87981423 84.28
FOPHEE R o TR ToTRE s e AN STy ega Canover
_____ e e e L0 3L SV R0 o PiSSA: +1.11
LoRA 85.30+0.04 94041011 69351005 92.96+0.09 68.38+0.01 82.01
T5-base PiSSA 85.754007 _94. 0?#) 06 74274030 _93.1540.14 76311951 8471 Gai
— ain over
BA-LoRA 86'91% Doz 95205059 8019503 04025 o 834304 87.07] PISSA: +3.26
=] o 20 =]
(a) LoRA, Balanced (b) PiSSA, Balanced (c) BA-LoRA, Balanced
E o E ol E 0|



Ablation and Efficiency

Ablation Study: All three regularizers
contribute positively, and the full BA-LoRA

model achieves the best overall performance.

Efficiency Analysis: BA-LoRA delivers strong
gains with only modest additional memory
and training time, achieving a favorable
performance-cost trade-off.

Configuration GSMSK MATH Average of GLUE
Baseline (P1ISSA) 51.484+0.34  7.60 £ 0.18 89.47
+ Lor 54.25+0.59  9.15+0.25 90.18
+ Lpr 53.60£0.46  8.95+0.18 89.85
3 J’SSVD[{, 52.95 £ 0.55 8.70 £ 0.22 89.71
' BA-LoRA (Full) 55.86+0.35 9.47+0.52 90.67 !

Method Memory Cost Training Time GSMSK

Full FT >96 GB >24h 48.9 £ 0.49

LoRA 66.32 GB 4h 31min 42.68 £ (.54

PiSSA 66.59 GB 4h 17min 51.48 4+ 0.34
 BA-LoRA ™~ 7734GB ~ = 4h48min ~ 5586 10.35
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