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Notation

• x l ∈ Rk , hl ∈ Rd : layer (l = 1, · · · , L) input / output (authors set

k = d).

• D = {(xi , yi )}Ni=1: fine-tuning dataset.

• W l
0 ∈ Rd×d : frozen pre-trained weight; ∆W l : learned update.

• B l ∈ Rd×r , Al ∈ Rr×d : LoRA factors, rank r ≪ d .

• E l ∈ Rr×r : lightweight middle matrix.

• E l
x : data-dependent version of E l , with

qϕ(E
l
x | x) = N

(
µl
ϕ(x), {Ωl

ϕ(x)}2
)
.

• θ = {B l ,Al}Ll=1: deterministic adapter parameters.

• ϕ = {ϕl}Ll=1: contextual module parameters (small per-layer NNs

g l
ϕ).

• z l = Alx l−1 ∈ Rr : low-dim input fed to the contextual module.

• p(y | x , θ): likelihood.
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Motivation

• LoRA fine-tunes LLMs, but it tends to be overconfident and

hallucinate.

• Bayesian LoRA methods add uncertainty, but mostly target model

uncertainty:

• Laplace-LoRA: post-hoc Laplace approximation.

• BLoB: Variational inference over the LoRA A matrix.

• Key limitation: their weight distribution is input-independent, so the

uncertainty estimate does not adapt to each input.

Idea of C-LoRA

Make the LoRA weight distribution depend on the input x , so that

uncertainty is estimated per sample.
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Preliminary

• LoRA freezes W l
0 and learns a low-rank update ∆W l = B lAl :

hl = (W l
0 +∆W l)x l−1 = (W l

0 + B lAl)x l−1. (1)

• Trainable parameters: r × (d + k) instead of d × k, with r ≪ d .

• Full posterior over LLM (or even all LoRA) weights is intractable.

3



Preliminary

• Bayesian Low-Rank Adaptation by Backpropagation (BLoB) keeps

B deterministic and A random with a prior p(A) and proxy

distribution q(A) = N (A | µA,Ω
2
A).

• Trains µA,ΩA by maximizing the ELBO:

L′ = Eq

[
log p(D | A,B)

]︸ ︷︷ ︸
expected log-likelihood

− KL
(
q(A) ∥ p(A)

)︸ ︷︷ ︸
regularizer

. (2)

• A ∈ Rr×d , so the number of stochastic parameters grows in d .
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Method

• Insert a small middle matrix E l ∈ Rr×r between B l and Al :

hl = (W l
0 +∆W l)x l−1 = (W l

0 + B l E l Al) x l−1. (3)

• Make only E l stochastic; learn B l and Al deterministically.

• Effect on cost: the number of random parameters becomes

r × d︸ ︷︷ ︸
BLoB: scales with d

−→ r × r︸ ︷︷ ︸
C-LoRA: constant in d

.

• This r × r stochastic matrix is what makes a data-dependent

Bayesian method scalable enough to apply to LLMs.
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Model

• Let the middle matrix depend on the input: ∆W l = B l E l
x A

l such

that

qϕ(E
l
x | x l−1) = N

(
µϕ(x

l−1), Ω2
ϕ(x

l−1)
)
. (4)

• A network g l
ϕ predicts the variational parameters of E l

x for any x l−1.

• Across L layers, Ex = (E 1
x , · · · ,E l

x) is factorized following:

qϕ(Ex | x) =
L∏

l=1

qϕ
(
E l
x | x l−1

)
. (5)

• At layer l : feed z l = Alx l−1 ∈ Rr into a g l
ϕ → outputs (µl

ϕ,Ω
l
ϕ).

• The likelihood is a softmax over the answer tokens:

pθ(y | x ,Ex) = softmax
(
fθ(x ,Ex)

)
y
, (6)

where fθ is given transformer model.
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Learning

• Maximize a ELBO:

L =
N∑
i=1

[
Eqϕ(Exi

|xi ) log pθ(yi | xi ,Exi ) − KL
(
qϕ(Exi | xi ) ∥ p(Exi )

)]
.

(7)

• Update θ (B,A): use only the NLL term (drop KL)

∇θL(x , y) = Eqϕ(Ex |x)∇θ log pθ(y | x ,Ex). (8)

Authors approximate this expectation with Monte Carlo.

• Update ϕ: appears in both NLL and KL; use the reparameterization

E l
x = µl

ϕ +Ωl
ϕ ⊙ E l , E l ∼ N (0, I ), i.e. Ex = kϕ(E , x):

∇ϕL(x, y) = EE∼N (0,I )

[
∇ϕ

(
log pθ

(
y | x, kϕ(E, x)

)
− log

qϕ
(
kϕ(E, x) | x

)
p
(
kϕ(E, x)

) )]
. (9)

• Prior p(Ex): a fixed Gaussian.
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Inference

• Deterministic (M=0): replace Ex by its mean and predict

p
(
y | x , µϕ(x)

)
— a fast point estimate.

• Bayesian (M=10): sample Ex M times and average,

p(ytest | xtest,D) =
1

M

M∑
m=1

p
(
y | x ,Em

x

)
, Em

x ∼ qϕ(Ex | x). (10)

Summary

Stochastic matrix E l
x is tiny (r × r) and input-driven ⇒ scalable,

sample-specific uncertainty.

8



Experiments

Setup. LLaMA2-7B, 6 commonsense reasoning tasks; metrics: ACC, ECE

(calibration), NLL. Baselines: MAP, MC-Dropout, Deep Ensemble,

Laplace-LoRA, BLoB.
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