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Introduction

Problem: Approximate Bayesian Inference

@ Given some observations, how to estimate the underlying posterior
distribution.
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Problem: Approximate Bayesian Inference

@ Given some observations, how to estimate the underlying posterior
distribution.

@ Beneficial in quantifying and tackling uncertainty for deep learning
models.
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Introduction

Problem: Approximate Bayesian Inference

@ Given some observations, how to estimate the underlying posterior
distribution.

@ Beneficial in quantifying and tackling uncertainty for deep learning
models.

@ Contribution: we propose a Bayesian Inference method with
improved generalization ability
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o Consider a family of neural networks fg(x), where 8 € © C RY a
training set S = {(x;, yi)}7_; sampled from a distribution D
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Background

o Consider a family of neural networks fg(x), where 8 € © C RY a
training set S = {(x;, yi)}7_; sampled from a distribution D

@ Prior works typically focus on approximating the empirical posterior

p(6]5)  p(8) [ ] plyil S, 6).
i=1

p(0|S) = exp <— iZE(ﬂ;(M),Yi)) p(6)

i=1
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Background

o Consider a family of neural networks fg(x), where 8 € © C RY a
training set S = {(x;, yi)}7_; sampled from a distribution D

@ Prior works typically focus on approximating the empirical posterior

p(6]5)  p(8) [ ] plyil S, 6).

i=1

p(0|S) = exp <— iZE(ﬂ;(M),Yi)) p(6)

i=1

@ However, we may want to approximate p(8|D) instead to avoid

overfitting
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Theoretical Analysis

To avoid overfitting, it is preferable to sample the particle models 6;.,
from the population posterior p(6|D)
Proposition 1: Consider the problem

Qﬁégg {EGNQ[ED(E’)] + DKL(QHPO)}y

where we search over Q absolutely continuous w.r.t Py, and
Lp(0) = E(, y)~pll(fo(x),y)] is the population loss. The closed-form
solution to this problem is exactly the population posterior p(6|D)
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Theoretical Analysis

@ Objective: Approximate p(0|D) with a simpler distribution g*

q" = arg min Dk, <q(0)”p(9]D)> .

qeF

@ We define F as the set of distributions for random variables of the
form ¢ = T(@), where T : © — © is a smooth, bijective mapping.

@ We restrict the set of T to the maps of the form T(8) = 6 + f(6),
where f € H9 is a vector-valued RKHS
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Theoretical Analysis

The optimization problem becomes:

f*= argmin DKL(q[I+f](0)||p(0|D)).

feM,||fl,a<e

where we have

qir(9) = g(T71(9))| det(Vy T~H(9))-

P lcmL
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Theoretical Analysis

Theorem (Informal)

Let g be any distribution and dyc denotes the VVC dimension of he
hypothesis space F = {fg : @ € ©}. For any p > 0, with probability of
1 — § over the training set S generated by distribution D, we have:

D D)) < /
<u(aunllp@iD) < | max i (arerllp(01S))

1 n 2en
o \/Iog(l + 1) +log (2) /dvclog 32
n—1 5v2n

v

o Ic M L
infernational Conference
On Machine Learning

Tuan Truong (Qualcomm) Flat Hilbert Bayesian Inference ICML 2025

7/16



Theoretical Analysis

Goal: find a sequence of transportation functions {fi }x that converges to
the optimal £*, we can obtain the flow of distributions g(k) = q(1+f]-

argmax Dk, (q[,+f/]|\p(9|8)> A2 arg max <f, VD1, (q[,+f]|]p(9|8)>> R
IF—Fll,,a<p I1£la<1 H

o VeDa(arnletis)

VDkr, (Q[H-f]“P("S))

Hd
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Theoretical Analysis

Functional sharpness-aware procedure

Vet (qunlp(19))|
VD (a1 1p(1S) )

fir = fi— VD (qunllp(19) |

f=f,

fk*:p‘

f=f, ‘ Hd
f=fi+fr

q(k+1) = QUi 1f,]-
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Theoretical Analysis

Functional sharpness-aware procedure

Vet (qunlp(19))|
VD (a1 1p(1S) )

fir = fi— VD (qunllp(19) |

f=f,

fk*:p‘

f:fk‘ Hd
f=f+f;

q(k+1) = QUi 1f,]-

Let F[f] = Dxvr(qu+allp(:|S)). When |[f|| is sufficiently small,

V¢F[f] = —Eq[Velog p(6 + F(6)[S)k(6,-) + Vak(6,-)].

Tuan Truong (Qualcomm) Flat Hilbert Bayesian Inference ICML 2025 9/16



Practical Algorithm

Input: Initial particles {950)}?;1, number of epochs N, step size p > 0
Output: A set of particles {6;}™ , that approximates the population
posterior distribution p(6|D)

for iteration k do

Ak ot
SR ||Z§e'“;|| where
9(8) =~ SL[K(8, 6])V g0 log p(6]1S) + V 5 k(6. 6]
01(k+1) <_0(k Ew(e(k i(k))
where
¥(6,¢) = 1 M [k(6, e}k))v ) log p(81) +¢[S) + v, kO, ).
end for
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Experimental Results

Experimental settings:
@ Problem: Fine-tune the Vision Transformer architecture ViT-B/16
o Dataset: VTAB-1K, consisting of 19 datasets on three domains:
Natural, Specialized, Structured
o Baselines: full fine-tune, AdamW, SAM, BayesTune, SADA-JEM,

SGLD, Sharpness-Aware Bayesian Neural Network, SVGD, Bayesian
Deep Ensemble
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Experimental Results

Table 1. VTAB-1K results evaluated on Top-1 accuracy. All methods are applied to finetune the same set of LoRA parameters on ViT-B/16
prc,u‘aincd with ImageNet—21K dataset.
Na

tural T Specialized T Structured T
s = B 5 - o« 2|5 2 g s 3 &
= 5 K] 5| £ 3 g9 &8 8 -~ 3 o - -]
F £ o § . E 2| % ¢ £|: &t 3 E : 2 8 8
Mehod © & & & 2 7 3|38 & & &|8 S 3 2 % 2 Z % |ae
FFT 689 877 643 972 869 874 388 | 797 957 842 739 | 563 586 417 655 575 467 257 291 | 656
AdamW 671 907 689 981 901 845 542 | 841 49 84 829 92 49 785 757 471 310 440 720
SAM 727 903 714 990 902 844 524 | 820 926 841 74( 767 683 479 743 716 434 269 391 | 705
DeepEns 691 889 677 989 907 851 545 [ 826 948 827 753 [ 466 471 474 82 TI1 366 3001 356 | 670
Byefluie 672 917 5 990 907 8.4 547 | 849 953 8e1 71 |28 9 7 93 743 466 03 08 | 122
SGLD 687 910 670 986 %93 K30 516 | 812 937 32 764 | 300 700 482 762 711 393 312 384 | 704
SADAJEM 703 915 02 982 912 56 47| 843 941 s34 770 |99 21 516 M4 07 453 296 401 721
SA-BNN 651 915 710 989 894 893 552 | 832 45 864 752 | 614 632 400 713 645 345 272 312 | 681
SVGD 713 902 710 987 902 843 527 | 834 932 867 751 | 758 707 496 799 691 412 306 331 | 709
FHBI 741 930 T43 991 924 873 565 | 853 950 872 796 | 8501 723 522 804 728 5L2 319 413 | 73T
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Figure 2. Domain-wise average scores on Natural (left), Specialized (middle), and Structured (right) datasets. FHBI performs best in all
three domains compared to the Bayesian inference baselines.
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Experimental Results

Table 2. VTAB- 1K results evaluated on the Expected Calibration Error (ECE) metric. All methods are applied to finetune the same set of
LoRA on ViT-B/16 pre-trained with ImageNet —21K dalasel.
Natural T Specialized T Structured

s = o z| 3 =

8 & 8 £ & oo |2 g . = &

Z % 3 z 5/ & % £E|? % 8 g 7 ¢ g g

£ feg 22228 2 2 EEE OGS
Method © G 8 E & % & |0 @ &£ & | T T B ¥ 2 3% % % |ac
FFT 029 02 020 013 027 019 045|021 013 018 017 | 041 045 042 02 014 025 024 040 026
AdamW 038 019 018 005 009 010 014|011 009 012 001 [012 019 034 018 014 021 018 031 017
SAM_ 021 025 020 011 012 015 014 017 016 014 009|012 017 024 016 021 019 013 016 016
DecpEns 024 012 022 004 010 013 023 | 016 007 015 021 | 031 032 036 013 032 031 016 029 020
BayesTunc 032 008 020 003 085 012 022 013 007 013 022|012 023 030 024 028 028 031 026 023
SGLD 026 020 017 005 018 014 023|018 009 012 032 (026 029 021 026 042 039 011 024 022
SADAJEM 022 011 020 005 013 016 018 0I5 021 023 026|019 020 025 027 035 020 014 013 | 019
SABNN 022 008 019 0I5 012 012 024|013 006 012 08| 014 021 022 024 025 041 046 034 020
SVGD 020 013 019 004 016 009 020|015 011 013 042|017 021 030 018 021 025 014 026 018
FHBI 009 010 0.16 006 006 009 016 009 005 012 008 | 014 015 021 0I5 016 048 011 007 012
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Ablation Studies

FHBI reduces the sharpness of every particle and promotes ensemble
diversity.
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Conclusion

@ We presented a framework that strengthens prior generalization
bounds from Euclidean spaces to the reproducing kernel Hilbert
spaces (RKHS).

@ We translated this framework to the context of Bayesian inference.

@ We presented Flat Hilbert Bayesian Inference (FHBI), which improves
generalization ability upon prior works.
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Thank you for your attention.
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