Department of Appliec

N 7 YOMNSEI UNIVERSITY

ICLR

Uncertainty-driven
Embedding Convolution

Sungjun Lim', Kangjun Noh', Youngjun Choi', Heeyoung Lee'!, Kyungwoo Song'

1Yonsei University

@ R

Qi 9

"

Ak
-
T
aea
)

ICLR2026, Poster Session 5
A (In Room: Pavilion 3 Poster Location: P3-#220)

paper

Sungjun Lim, Department of Applied Statistics, Statistics and Data Science, Yonsei University



Motivation

Need for Uncertainty-driven Embedding Ensemble

Q_ No single embedding excels universally. = Need for Ensemble
ﬂ Without uncertainty, ensemble can lead to suboptimal performance.

Candidate A: It hunts in the jungle. &)
Candidate B: It has a powerful engine. €3

UEC (Ours)

Probabilistic Embeddings Ensembled Embeddings

Query: The jaguar is fast and dangerous.

Deterministic Embedding Ensemble

Deterministic Embeddings Ensembled Embeddings

Ensemble 2 \\Convolution
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Methodology

Overall

&¥ Propose Uncertainty-driven Embedding Convolution (UEC)!

Uncertainty-aware Similarity

Post-hoc Probabilistic Uncertainty-driven Embedding Convolution
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Methodology

(1) Post-hoc Probabilistic Embedding

@J C?p\_/grg embedding models into probabilistic ones via LA

Post-hoc Probabilistic IUncertainty-driven Embedding Convolution Uncertainty-aware Similarity
Embedding L
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Methodology

(1) Post-hoc Probabilistic Embedding
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Methodology

(2) Uncertainty-driven Embedding Convolution

Post-hoc Probabilistic  / Uncertamty-dnven Embedding Convolutuon I Uncertainty-aware Similarity

Embedding |
- ' -
= : :“m I A Y ~
z g N
@ | ( \\ Convolution I I N \
2 = & =\ | \ /7 N \
e ol ) - :; = | \ ; g S
=i s - \ .
g- " z(x) '-uux‘nL x) ’ :
a1
e —3 ™ :
I S - q = 2{x) ~ \ z_x (X g (x). Lr.lxl). (x; I
2 (%) ~ N{py(x). Bxix))
-> §_~_) §> ™ - Probabilistic Cosine Similarity
St = I ( - ’ r 2
| , | ‘A("L ] Ks(q.c) ~./\/(;1s.rr;))
It hunts ’
in the I Convolution |
Jungle ... : | ‘
3 ’ 11x|~\(p,ux\‘ ¥ x)) » I
X 2 Calibrated Cosine Similarity
> g) 2) e - | i I
s B = R s
£ | \\ I P R . —
= \\ \ (x) ~ N L (x') l\L’( HEL(x) \/1+£0'
I _— © - ozlx TR SITRES w X)X I RELE
Post-hoc Probabilistic Mm‘lel{L wx{X) ~ Nl (X, Zx (X)) )

Sungjun Lim, Department of Applied Statistics, Statistics and Data Science, Yonsei University



Methodology

(2) Uncertainty-driven Embedding Convolution

% Convolution Probabilistic Embedding

X k-th probabilistic embedding | 2
\ ™ Convolution
71,(x) ~ N (p (%), B (%)) o

’ z,(x) “'.‘\’“H(x)‘zl(x))

X Convolution K embeddings

K -’ ——— -~ o -
~. K K
Z(X) — Z Trk(x) ) ZR(X) N ——— ,’ q=2z(x)~N (Z”"(x)“"(x)'Z"i(")zk(x))
k A ZK(X) A'/’,\‘-(“"'(x)‘EI\'(X)) k=1 k=1
p— L !

How can we determine the convolution coefficients?
— 1/tr(2k(x))
>y 1/tr(5(x))

ﬁ Uncertainty-driven coefficientsri(x)
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Methodology

(3) Uncertainty-aware Similarity

Q‘}} Uncertainty-aware Similarity
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Uncertainty-driven Embedding Convolution
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Methodology
(3) Uncertainty-aware Similarity

q‘{}} Uncertainty-aware Similarity

; Estimate the similarity s — ' ¢ between two ensembled

embeddings q, c
s = #I,pvm

2

similarity W/thout any sampling via prob/t

approximation
A~ ﬂ's Hys g Mean / Covariance of query
S = .
1 T2 e, 2 Mean / Covariance of document
+ 8 O.,g| (corpus)

Probabilistic Cosine Similarity
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Results

MIRACL Subset (Toy)
nDCG@10 Recall@10 AUC@10 (Normalized)
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Zh Zh Zh
+~ Uniform Weighted +- UEC +~  Oracle

Ct Multi-lingual Setting: Dataset with 4 languages / 3 language-specific models

UEC achieves performance comparable to the oracle and even surpasses in some
cases, with particularly strong gains in AUC@10.

X UEC computes ensemble coefficients adaptively modulated by the uncertainty of
each embedding.
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Results

MMTEB
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Q MMTEB (Benchmark) with 5 tasks

X UEC achieves the highest average performance across all diverse metrics and
tasks.
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Results

Comparison with other ensemble and ablation study

% Comparison with other ensemble and ablation study

Property | Uniform | Weighted | UEC (Ours) ) e
Auto Coefficient _ B"_'l_______""“'--iib
Selection ) X v/ ? ?:Nm
Data-wise X X Y % ol ) ._______________-_t':z..?
Coefficient 5 9.6 507
Uncg?;lll;};gr ware X X v E 40 48.5 4:.3
Memory Complex. | O(KD) | O(KD) O(KD) 0l
Time (Rel.) 1.000 1.000 1.006 -8~ NDCG@10 .—
Time (Complex.) | O(KD) | O(KD) O(K D) [ o3 e
~ UEC - Unc Sim - Unc Conv -Both

UEC shows practical advantages for real-world deployment.
Both uncertainty convolution and similarity are essential.
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Thank you!

Looking forward to connect with you :)
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