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Bayesian LoRA

W =W+ AW =W°+ AB
AT R

Pretrained [A, B] Py N‘(‘l’) 2)

Weights
W, € Rm*n

LoRA

No Uncertainty
Pretrained Standard
Weights

W, eRmxn nxr: (din a5 dout)

Parameter Inefficient

Bayesian
X1 (din+dou) < (K + 2)




B-LoRA-XS: epistemic uncertainty and

parameter efficiency
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B-LoRA-XS: Algorithm

» Compute truncated SVD of W": W'~ U,.S, VI,

» Freeze projections A = U,.S,, B= VI
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B-LoRA-XS: Algorithm

» Compute truncated SVD of W' W'~ U,S,V?I.
» Freeze projections A = U,.S,, B= VI
* Insert small adapter R:

AW = ARB, ReR"™.
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B-LoRA-XS: Algorithm

» Compute truncated SVD of W': W'~ U,.S,V!.
» Freeze projections A = U,.S,, B= VI,
* Insert small adapter R:
AW = ARB, ReR"™.
o Learn Bayesian posterior over R
p(R | D) = N(ur, Zr),
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B-LoRA-XS: Algorithm

» Compute truncated SVD of W': W'~ U,.S,V!.
» Freeze projections A = U,.S,, B= VI,
* Insert small adapter R:
AW = ARB, ReR"™.
o Learn Bayesian posterior over R
p(R | D) = N(ur, Zr),
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B-LoRA-XS: Algorithm

» Compute truncated SVD of W': W'~ U,.S,V!.
» Freeze projections A = U,.S,, B= VI
¢ Insert small adapter R:
AW = ARB, ReR"™.
o Learn Bayesian posterior over R
p(R | D) = N(ur, Zr),
with X low-rank (via SWAG).
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B-LoRA-XS: Properties

» Subspace learning: inference restricted to the affine subspace
Sp={w=uw"+ Pzlz ¢ R™*"}, w = vec(W), P= B @ A.

Subspace Inference for Bayesian Deep
Learning

Pavel Izmailov, Wesley J. Maddox, Polina Kirichenko, Timur Garipov, Dmitry Vetrov, Andrew
Gordon Wilson Proceedings of The 35th Uncertainty in Artificial Intelligence Conference, PMLR
115:1169-1179, 2020.
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B-LoRA-XS: Properties

» Subspace learning: inference restricted to the affine subspace
Sp={w=uw"+ Pzlz ¢ R™*"}, w = vec(W), P= B @ A.
» Covariance of AW induced by Kronecker structure:
Saw = (BT AT (BT A)'.
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B-LoRA-XS
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CoLA

Accuracy / ECE / NLL vs #Params
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Ablation: covariance rank k
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