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* Training-Free Bayesianization for Low-Rank Adapters of LLMs
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Background: Uncertainty Estimation of LLMs

* Verbalized Uncertainty for Generation

* Directly ask for uncertainty/confidence in the prompt.
* It has been controversial.
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[1] Xiong et al. Can lims express their uncertainty? an empirical evaluation of confidence elicitation in llms. arXiv preprint arXiv:2306.13063, 2023.

10/20/2025 [2] Tian et al. Just ask for calibration: Strategies for eliciting calibrated confidence scores from language models fine-tuned with human feedback. EMNLP, 2023.



Background: Uncertainty Estimation of LLMs

* Uncertainty Estimation for Downstream Adaptation
e Data is usually scarce, hence overconfidence is more likely.

well-calibrated overconfident

Accuracy

A e o 0 0 o 'do 0.2 04 0.6 0.8 1.0
' Confidence ' ' Sanfidatice
. overfit .
Pretrained Fine-tuned
Model Fine-tuning Model

Data

10/20/2025



Background: Uncertainty Estimation of LLMs

* Uncertainty Estimation for Downstream Adaptation
e Data is usually scarce, hence overconfidence is more likely.
* Closer to the traditional uncertainty estimation setting.
* Bayesian Neural Networks are built for it!
P(ylz.D) = [ Plyle,W)P(W|D)aW «(W6)

approximate
predictive distribution posterior distribution < variational distribution

* The true posterior is usually intractable!

ming KL[g(W0)[|P(W|D)] <«  ming —Eqwg)llog P(D|W)] + KL[g(W16) || P(W)]

Variational Free Energy

* What about the extra cost of “Bayesianziation”?

10/20/2025 5



Background: Uncertainty Estimation of LLMs

* Uncertainty Estimation for Downstream Adaptation
e Data is usually scarce, hence overconfidence is more likely.
e Bayesian Neural Nets (BNNs) for uncertainty estimation.
* Parameter-Efficient Fine-Tuning (PEFT) for parameter efficiency.
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[3] Hu et al. LoRA: Low-Rank Adaptation of Large Language Models. ICLR, 2021
[4] Wang et al. LoRA Ensembles for Language Model Fine-tuning. arXiv preprint arXiv:2310.00035, 2023
10/20/2025 [5] Gal et al. Dropout as a Bayesian Approximation: Representing Model Uncertainty in Deep Learning. ICML, 2016
[6] Yang et al. Bayesian Low-rank Adaptation for Large Language Models. ICLR, 2024



Background: Uncertainty Estimation of LLMs

* BLoB: Bayesian Low-Rank Adaptation by Backpropagation for Large Language Models!”!
* Asymmetric Bayesianization (AB):
* Elements of A are independent Gaussian:

q(Al0 = {M,Q}) =[], N(Ai| M5, Q)
* Elements of B are deterministic:

Wij = Wo,z'j + Z B’ikAkja

k=1
s ———
3 B [ =] rb<\>
Pretrained w Advantage:
Weights 4 p— * Reduces sampling noise -> Improves convergence!
n &= A * Reduces additional memory cost by 50%!
7 D

ib) BLoB (Ours)

10/20/2025 [7] Wang et al. BLoB: Bayesian Low-Rank Adaptation by Backpropagation for Large Language Models. Neur/PS, 2024 7



Training-Free Bayesianization (TFB): Motivation R

* Main Problems with Verbalized Uncertainty of LLMs:

* No good theoretical guarantees
* Empirically unstable

* Main Challenges of BLoB:

* Training configuration might heavily depend on different data distributions

* Hard to find the right training configuration yielding good uncertainty estimation ability

Can we “Bayesianize” a low-rank adapter in a

theoretically sound and empirically simple way?

10/20/2025 8



Training-Free Bayesianization (TFB)

* TFB Modeling

* Variational posterior: low-rank isotropic Gaussians

q(vec(W)|B, 0) = N (vec(W)|pq, proj(o 1))

controlled by single variable

Pretrained Pretrained
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sample
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Figure: BLoB Bayesianization Figure: TFB Bayesianization

10/20/2025 [10] Shi et al. Training-Free Bayesianization for Low-Rank Adapters of Large Language Models. arXiv preprint arXiv:2412.05723, 2024 9



Training-Free Bayesianization (TFB)

* TFB Modeling

* Variational posterior: low-rank isotropic Gaussians
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controlled by single variable

* |n practice: i
* Given the LoRA adapter {B, A};
e Compact Singular Value Decomposition (SVD) of B:

B=UDV',

=

7

<:' sa_mﬁile
= mk'aq
{B'=UD,A'=VTA)}, e

Figure: TFB Bayesianization

* Transform the original LoRA into a new pair:

e Calculate the variance matrix 2:

Qij = Jq/di, Vi € [T’],Vj S [TL]

10/20/2025 [10] Shi et al. Training-Free Bayesianization for Low-Rank Adapters of Large Language Models. arXiv preprint arXiv:2412.05723, 2024 10



Training-Free Bayesianization (TFB)

* TFB Modeling

* Instead of performing Variational Inference (VI), we perform maximal variance search:

max oy

st. [I(D|B', M, Q(0,)) - (D|B, A)| <«

where
« [(D|B, A) isthe original performance
« [(D|B',M,Q(0,)) is the post-Bayesianization performance
* € isthe max tolerance of the performance change

10/20/2025 [10] Shi et al. Training-Free Bayesianization for Low-Rank Adapters of Large Language Models. arXiv preprint arXiv:2412.05723, 2024 11



Training-Free Bayesianization (TFB)

 TFB Modeling

* Instead of performing Var

Algorithm 1 Training-Free Bayesianization (TE'B)

input D: Anchor Dataset;

input {B, A}: Low-Rank Component; yariance search:

input [: Model Evaluation Metric;
input e: Performance Change Tolerance;

- input [0, . ,0, . ]: search range of the posterior STD.

where
- I(D|B, A) is the origir
* I(D|B',M,Q(cy)) is

10/20/2025

€ is the max tolerance of t

1: Evaluate the original performance: py « {(D|B, A).
2: Singular Value Decomposition on B: ’

U,D,V < SVD(B). > Eqn. 4.
3: Get an equivalent pair of the low-rank component:
B «UD; A «V'TA. > Eqn. 5.

4: while o, not converged do
5: Oq < (o-qmax+0-9min)/2.
6:  Calculate the STD matrix € for A’:
Qi; = 94/Dy. > Eqn. 6.
7. Evaluate the performance:
p < (D|B', A", Q).
8: if |[p — po| < € then

9: Oqmin < Tq-
10:  else

11: Ogmax < Oq-
12:  endif

13: end while
output {B’ A’ Q}: Bayesianized Low-Rank Adapter.

[10] Shi et al. Training-Free Bayesianization for Low-Rank Adapters of Large Language Models. arXiv preprint arXiv:2412.05723, 2024
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Training-Free Bayesianization (TFB): Theory

* Theoretical Analysis
* (Thm.1) TFB produces low-rank isotropic Gaussian posteriors.
q(vec(W)log) = N (vec(W)|pq, Zy),
where  p, = vec(Wy + B'M),
L,

zqzag-fn@)[ 0 }

* (Thm.2) TFB is equivalent to Variational Inference.

max o, _
o min Ip(o,) + AKL[g(W]|o,) || P(W)],
s.t. Ip(og) <, o4
Variational Inference Variational Inference

* If lp isthe NLL loss and locally convex [0, €j);
* And the prior standard deviation g;, > €.

10/20/2025 [10] Shi et al. Training-Free Bayesianization for Low-Rank Adapters of Large Language Models. arXiv preprint arXiv:2412.05723, 2024 13



Training-Free Bayesianization (TFB): Experiments

* Main Conclusions
* TFB improves accuracy & uncertainty estimation across trained LoRA checkpoints (MLE, MAP, BLoB).

Qut-of-Distribution Datasets (OBQA—X)

. In-Distribution Datasets
Metric Method TF? Small Shift Large Shift
WG-S ARC-C ARC-E WG-M OBQA BoolQ ARC-C ARC-E Chem Phy
MCD X 78.03+o061 81.64+1.79 91.37+038 83.18+084 87.20+1.02 89.93+0.16 81.42+138 87.27+084 47924225 46.53+0.49
ENS X 78.82+052 82.55+042 91.84+036 83.99+074 87.37+067 90.50+0.14 79.62+057 86.56+060 49.65+3.22 44.444196
LAP BP 76.05t09%2 79.95+042 90.73+008 82.83+085 87.90+020 89.36+052 81.08+1.20 87.21+120 48.264+3.93 46.18+1.30
MonteCLoRA X 69.20+018 78.38+089 90.79+062 74.79+023 84.13+031 89.17+030 79.63+087 86.58+049 50.00+1.04 42.01+2.41
BLoB X 7645+037 82.32+1.15 91.14+054 82.01+056 87.57+021 89.65+0.15 79.75+043 87.13+000 42.71+371 44.79+6.64
ACC (1) MLE - 77.87+054 81.08+048 91.67+036 82.30+053 87.90+0.87 89.58+026 81.48+241 86.83+0.87 45.83+085 42.36+1.77
+TFB (Ours) « 77.44+030 82.53+1.00 91.33+037 82.53:056 88.53+0.57 89.75+025 79.76+124 85.52+056 44.33+4.03 37.00+2.16
MAP - 76.90+097 81.08+2.48 91.61+044 82.59+028 85.73+0.19 90.09+028 79.98+087 86.58+0.79 43.40+4.98 38.54+340
+TFB (Ours) ¢ 76.43+072 82.80+142 91.39+037 82.64+058 86.00+0.16 89.96+0.18 80.61+1.24 86.30+089 45.33+287 35.67+411
BLoB-Mean X 77.72+012 82.60+060 91.64+055 83.92+048 88.00+080 89.86+005 82.06+1.15 88.54+031 39.93+520 39.93+4.02
+TFB (Ours) ¢ 77.81+036 83.33+0.0 91.76+048 83.81+039 87.80+0.16 90.11+028 82.93+1.54 87.64+051 39.67+732 37.33+665
MCD X 16.13+054 13.69+1.11 6.73+x071 13.05+099 9.76+071  7.95+017 13.63+118 9.27+060 30.91+357 33.08+1.40
ENS X 1472+017 13.45+119 6.59+045 11.17+092 8.17+086 7.35+055 11.37+182 7.21+113 18.9246.03 26.80+3.23
LAP BP 4181011 9264308 5274051 3.50+078 8.93+034 1931022 7.83+149 7.80+199 14.49+057 13.17+2.14
MonteCLoRA X 1829+027 12.22+075 7.23x071 15.97+045 9.79+007 7.09+052 10.65+053 8.182026 23.21+0.17 30.39+476
BLoB X 9931022 541+117 2.70:os7 4.28+064 2.91+092 2.58+025 5.61+040 2.48+043 16.67+087 12.78+4.18
ECE (|) MLE - 17.024046 16.35+068 7.00+053 13.832065 9.77+081 8.69+021 14.45+219 10.78+050 32.46+2060 38.41+4.44
+TFB (Ours) « 12981037 11.631068 5.142014 10.01x070 7.20+047 7.39+026 6.54+053 5.69+164 14.63+146 19.68+327
MAP - 1871074 15.77+160 6.62+064 14264092 12.19+055 8.40+025 16.46+044 11.36+058 34.79+3.76 38.50+2.18
+TFB (Ours) ¢ 14.95+065 11.27+253 5.76+063 10.97+119 9.70+069 6.86+031 13.25+095 9.22+091 27.21+262 35.91+4.12
BLoB-Mean X 1543+015 12414152 491+028 9.37+133 6.44+015 6.26+020 11.22+038 6.341071 26.65+3.06 25.4045.40
+TFB (Ours) ¢ 8.16+048 6.48+036 2.44+050 3.83+043 2.67+0a8 3.10+050 6.69+163 3.61+087 18.45+675 20.53+627
MCD X 0.83+001 0994010 045+006 0.64+003 0.62+008 049+001 1.03+002 0.61+003 1914018 2.02+015
ENS X 0.75+002 0.80+011 0.38+003 0.55+002 0.45+005 042+005 0.72+007 0.44+003 1404018 1.50+013
LAP BP 0.56+000 1.18+002 1.04+001 0.51+000 0.94+000 043000 1.17+001 1.11+000 1.27+001 1.28+0.00
MonteCLoRA X 0.82+002 0.71+003 0.51+004 0.74+002 0.55+002 036+002 0.68+003 0.49+0m 1434000 1.44+006
BLoB X 0.58+000 0.51+003 0.23+001 043+001 0341001 0.26+001 0.56+002 0.35+002 1.34+004 1.35+010
NLL (}) MLE - 0.88+004 1.20011 0.46x004 0.68+001 0.61+006 0.52+001 1.07+£006 0.72x006 1.91+016 2.25+021
+TFB (Ours) v 0.68+003 0.85+002 0.33+003 0.53+001 0.46+004 0421000 0.66+002 0.44+001 1.39+011 1.49+005
MAP - 099+007 1.12+023 0.46+003 0.74+007 0.794002 0.52+001 1.19+004 0.83+006 1.97+013 2.32+0.10
+TFB (Ours) v 0.77+005 0.80+015 0.38+003 0.57+005 0.61+003 040+0m 0.96+008 0.66+006 1.69+016 2.12+0.08
BLoB-Mean X 074x002 0.73x004 0.29+003 047+003 0374002 032x002 0.67+007 0.39+003 1.53x013 1.54+0.15
+TFB (Ours) ¢ 0.55+t001 0.53+004 0.23:002 0.40+001 0331002 0271001 0.52+005 0.35+002 1.36+013 1.46+0.11

10/20/2025 [10] Shi et al. Training-Free Bayesianization for Low-Rank Adapters of Large Language Models. arXiv preprint arXiv:2412.05723, 2024 14



Training-Free Bayesianization (TFB): Experiments R

* Main Conclusions

* TFB improves accuracy & uncertainty estimation across trained LoRA checkpoints (MLE, MAP, BLoB).
* TFB works perfectly with small amount of data (for search).

Table 7: Dataset Statistics. The size of the Anchor Set D is used in Table 1, 3 and 14.

WG-S ARC-C ARC-E WG-M OBQA BoolQ Combined
Size of Label Space 2 5 5 2 4 2 7
Size of Training Set 640 1,119 2,251 2,258 4,957 9,427 20,652
Size of Anchor Set D 500 (78%) 500 (45%) 500 (22%) 500 (22%) 500 (10%) 500 (5%) 500 (2%)
Size of Test Set 1,267 299 570 1,267 500 3,270 7,173

10/20/2025 [10] Shi et al. Training-Free Bayesianization for Low-Rank Adapters of Large Language Models. arXiv preprint arXiv:2412.05723, 2024 15



Training-Free Bayesianization (TFB): Experiments

* Main Conclusions

* TFB improves accuracy & uncertainty estimation across trained LoRA checkpoints (MLE, MAP, BLoB).

* TFB works perfectly with small amount of data (for search).
* TFB works the best among other posterior families.

R

Metric Method

In-Distribution Datasets

Out-of-Distribution Datasets (OBQA—X)

Small Shift Large Shift
WG-S ARC-C ARC-E WG-M OBQA BoolQ Rk.(l) ARC-C ARC-E Chem Phy

BLoB-Mean 77.7240.12 82.60+060 91.64+0.55 83.92+048 88.00+080 89.86+0.05 2.50 82.06+1.15 88.54+0.31 39.93+520 39.93+4.02
ACC (1) + TFB (FR) 75.57+025 83.20+065 91.58+067 82.19+1.09 88.73+0.41 89.46+017 2.83 81.33+082 88.06+0.75 42.00+2.16 41.33+5.44
+ TFB (C-STD) 76.35+0.08 83.20+033 91.33+0.70 81.79+051 88.20+0.57 89.65+008 3.00 81.73+068 88.18+0.65 43.00+1.41 39.33+3386

+ TFB (Final) 77.81+036 83.33+0.19 91.76+0.48 83.81+039 87.80+0.16 90.11+0.28 1.67 82.93+1.54 87.64+051 39.67+732 37.33+6.65
BLoB-Mean 15434015 12.41+152 4914028 9.37+133 6.444015 6.26+020 4.00 11.22+038 6.34+071 26.65+3.06 25.40+540

ECE (1) + TFB (FR) 10.42+029 7.45+088 2.01+1.03 4.36+068 3.70+104 3.62+010 2.67 7.19+140 3.29+103 17.78+1.01 19.14+4.01
+ TFB (C-STD) 9.23+020 5.98+032 2941067 3.86+045 3.174+021 2.82+062 1.83 6.89+089 2.76+088 18.27+252 19.45+346

+ TFB (Final) 8.16+048 6.48+036 2.44+050 3.83+043 2.67+0a8 3.10+059 1.50 6.69+163 3.61+t087 18.45+675 20.53+627
BLoB-Mean 0.74+002 0.73+004 0.294+003 0.47+003 0374002 0.32+002 3.67 0.67+007 0.39+003 1.53+013 1.54+0.15

NLL (1) + TFB (FR) 0.60+0.01  0.53+003 0.23+002 0.43+001 0.33+002 0.27+001 2.00 0.57+004 0.34+002 1.34+007 1.42+009
+ TFB (C-STD) 0.57+001 0.51+0.02 0.2240.01 0.43+001 0.33+0.01 0.26+001 1.33 0.56+004 0.33+002 1.34+008 1.41-+0.09

+ TFB (Final)  0.55+0.01 0.53+004 0.234002 0.40+001 0334002 0.274+001 1.50 0.52+005 0.35+002 1.364013 1.46+0.11

10/20/2025 [10] Shi et al. Training-Free Bayesianization for Low-Rank Adapters of Large Language Models. arXiv preprint arXiv:2412.05723, 2024
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Training-Free Bayesianization (TFB): Experiments R

* Main Conclusions
* TFB improves accuracy & uncertainty estimation across trained LoRA checkpoints (MLE, MAP, BLoB).
* TFB works perfectly with small amount of data (for search).
* TFB works the best among other posterior families.
* TFB works for various LLM backbones.

Table 3. Performance of different LLLM backbones on the com-
bined dataset of six commonsense reasoning tasks.

10/20/2025

Method ACC (1) ECE (}) NLL (})
Llama2-7B 81.41+0.64 4.50+4037 0.43+0.00
+ TFB (Ours) 81.32+051 1.24 +0.22 0.43-+0.00
Llama3-8B 86.93+0.09 4.2840.54 0.34+0.00
+ TFB (Ours) 86.61+0.20 1.64+0.64 0.34+0.00
Llama3.1-8B 86.70-+0.08 4.74+0.28 0.35+0.00
+ TFB (Ours) 86.45+033 1.05+0.06 0.340.00
Mistral-7B-v(.3 86.88-+0.51 5.05+0..8 0.35+0.02
+ TFB (Ours) 86.64+0.28 1.68+0.53 0.33+0.01

[10] Shi et al. Training-Free Bayesianization for Low-Rank Adapters of Large Language Models. arXiv preprint arXiv:2412.05723, 2024
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Training-Free Bayesianization (TFB): Experiments

* Main Conclusions

* TFB improves accuracy & uncertainty estimation across trained LoRA checkpoints (MLE, MAP, BLoB).
TFB works perfectly with small amount of data (for search).
TFB works the best among other posterior families.
TFB works for various LLM backbones.
TFB works beyond LoRA adapters.

10/20/2025

Table 4. Performance of different LoRA-like PEFT methods on
the combined dataset of six commonsense reasoning tasks.

Method ACC (1) ECE (]) NLL ()
LoRA 86.70+0.08 4.74+0.28 0.35+0.00
+ TF'B (Ours) 86.45+0.33 1.05+0.06 0.34+0.00
VeRA 84.93+0.50 5.11+055 0.39+0.01
+ TFB (Ours) 84.28+0.48 1.44+0.44 0.38-+0.01
PiSSA 86.83+0.51 4.2640.14 0.35+0.00
+ TEFB (Ours) 86.61+0.43 1.17 +0.22 0.33+0.00

[10] Shi et al. Training-Free Bayesianization for Low-Rank Adapters of Large Language Models. arXiv preprint arXiv:2412.05723, 2024

R
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Training-Free Bayesianization (TFB): Experiments R

* Main Conclusions
* TFB improves accuracy & uncertainty estimation across trained LoRA checkpoints (MLE, MAP, BLoB).
TFB works perfectly with small amount of data (for search).

TFB works the best among other posterior families.
TFB works for various LLM backbones.

TFB works beyond LoRA adapters.
TFB achieves significant improvement in terms of efficiency.

Datasets
Batch
Method "¢, o WG-S ARC-C ARC-E WG-M OBQA BoolQ
Time (s) Mem. (MB) Time (s) Mem. (MB) Time (s) Mem. (MB) Time (s) Mem. (MB) Time (s) Mem. (MB) Time (s) Mem. (MB)
LoRA 4 338 12,894 632 19,762 1,238 18,640 1,339 13,164 2,692 17,208 6,489 29,450

BLoB 4 371 (1.10x) 13,194 (1.02x) 685 (1.08x) 21,736 (1.10x) 1,360 (1.10x) 20,700 (1.11x) 1,476 (1.10x) 13,194 (1.00x) 3,257 (1.21x) 18,046 (1.05x) 7,251 (1.12x) 30,578 (1.04x)
TFB(Ours) 4 1,203 356x) 10,372 0.80x) 1,257 (1.99x) 11,966 (0.61x) 1,246 (1.01x) 11,202 (0.60x) 1,237 0.92x) 10,344 (0.79x) 1,238 (0.46x) 10,376 (0.60x) 1,452 0.22x) 16,340 (0.55x)
TFB (Ours) 8 628 (1.86x) 10,666 (0.83x) 731 (1.16x) 15,286 0.77x) 702 0.57x) 12,598 (0.68x) 634 (047x) 10,662 (0.81x) 642 0.24x) 12,116 ©.70x) 1,015 (0.16x) 22,146 (0.75%)
TFB (Ours) 12 446 (131x) 12,064 0.93x) 599 0.94x) 18,204 092x) 540 (0.43x) 14,310 0.76x) 441 ©0.32x) 11,370 (0.86x) 487 (0.18x) 13,410 0.77x)0 908 (0.13x) 25,220 (0.85%)

10/20/2025 [10] Shi et al. Training-Free Bayesianization for Low-Rank Adapters of Large Language Models. arXiv preprint arXiv:2412.05723, 2024
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Training-Free Bayesianization (TFB): Experiments R

* Main Conclusions

TFB improves accuracy & uncertainty estimation across trained LoRA checkpoints (MLE, MAP, BLoB).
TFB works perfectly with small amount of data (for search).

TFB works the best among other posterior families.

TFB works for various LLM backbones.

TFB works beyond LoRA adapters.

TFB achieves significant improvement in terms of efficiency.

TFB improves w/ Scaling Test-Time Compute

ACC (%) vs. #Samples ECE (%) vs. #Samples NLL vs. #Samples
1.0
78 A 18 A
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77 16
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X x
~— 76 - ~ j
Q w 12 A =2
g 3 0.7 1
75 A 10 A
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74 -
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10/20/2025 [10] Shi et al. Training-Free Bayesianization for Low-Rank Adapters of Large Language Models. arXiv preprint arXiv:2412.05723, 2024 20



Training-Free Bayesianization (TFB): Experiments R

* Main Conclusions

* TFB improves accuracy & uncertainty estimation across trained LoRA checkpoints (MLE, MAP, BLoB).
TFB works perfectly with small amount of data (for search).

TFB works the best among other posterior families.
TFB works for various LLM backbones.

TFB works beyond LoRA adapters.

TFB achieves significant improvement in terms of efficiency.
TFB improves w/ Scaling Test-Time Compute.

TFB is robust against anchor dataset size.
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