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Reliability and uncertainty on vision classifiers
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Reliability and uncertainty on vision classifiers
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Reliability and uncertainty on vision classifiers

[] [ - Vision classifiers are being™

deployed at high-stake

applications!
-pp




Reliability and uncertainty on vision classifiers

= Model calibration
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Plot from [Guo et al., On Calibration of Modern Neural Networks, ICML 2020]



Reliability and uncertainty on vision classifiers

validation data
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Reliability and uncertainty on vision classifiers

= Model calibration

= ] Cat

] Dog

) Frog (some works already on
| ' Car vision-language models)

e C-TPT: Calibrated Test-Time Prompt Tuning for

Uncal. - CIFAR-100 Temp. Scale - CIFAR-100 Vision-Language Models via Text Feature
ResNet-110 (SD) ResNet.110 (SD)

: 1.0 Dispersion, ICLR 2024.
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Plot from [Guo et al., On Calibration of Modern Neural Networks, ICML 2020]



Reliability and uncertainty on vision classifiers

= Uncertainty quantification
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Reliability and uncertainty on vision classifiers

= Uncertainty quantification
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Plot modified from [Geifman et al., Selective Classification for Deep Neural Networks, NIPS 2017]




Reliability and uncertainty on vision classifiers

= Limitations, pitfalls.

1. Why to reject samples?

Cat (p=0.53, u=0.8) {Cat (p=0.53),
REJECT X Dog (p=0.29)}




Reliability and uncertainty on vision classifiers

= Limitations, pitfalls.

1. Why to reject samples?

b S A

{éﬁ (p:O.é;,
Dog (p=0.29)}

Cat (p=0.53, u=0.8)
REJECT X

Weight Acc@1 Acc@5
AlexNet_Weights.IMAGENET1K_V1 56.522 79.066
ConvNeXt_Base_Weights.IMAGENET1K_V1 84.062 96.87
ConvNeXt_large Weights.TMAGENET1K_ V1 84.414 96.976
CconvNeXt_Small Weights.TIMAGENET1K V1 83.616 96.65
ConvNeXt_Tiny_Weights.IMAGENET1K_V1 8252 96.146
DenseNet121_Weights.IMAGENET1K_V1 74.434 91.972
DenseNet161_Weights.IMAGENET1K_V1 77.138 93.56
DenseNet169_Weights.IMAGENET1K_V1 75.6 92.806
DenseNet201_Weights.TMAGENET1K V1 76.896 93.37
EfficientNet_BO_Weights.TMAGENET1K V1 77.692 93.532
EfficientNet_B1_Weights.IMAGENET1K_V1 78.642 94.186

https://pytorch.org/vision/stable/models.html

‘v
¥

|

{marmot, fox squirrel,
mink, weasel, beaver}

From [Uncertainty Sets for Image Classifiers Using Conformal Prediction, ICLR 2021]




Reliability and uncertainty on vision classifiers

Weight Acc@1 Acc@5
AlexNet_Weights.IMAGENET1K_V1 56.522 79.066
84.062 96.87

. e e o 4 ConvNeXt_Base_Weights.IMAGENET1K_V1
I m I a I o n S’ p I a S ° convNeXt_Large Weights.TMAGENET1K_V1 84.414 06.976

CconvNeXt_Small Weights.TIMAGENET1K V1 83.616 96.65
ConvNeXt_Tiny_Weights.IMAGENET1K_V1 8252 96.146
Dense Net121_Weights.IMAGENET1K_V1 74.434 91.972
Dense Netl6l_Weights.IMAGENET1K_V1 77.138 93.56
H Dense Net169_Weights.IMAGENET1K_V1 75.6 92.806
1 . Wh y to reJ eCt S am p I eS ? Dense NetZE)l,hIeiihts.IMAGENET1K7V1 76.896 93.37
EfficientNet_BO_Weights.TMAGENET1K V1 77.692 93.532
EfficientNet_B1_Weights.IMAGENET1K_V1 78.642 94.186

https://pytorch.org/vision/stable/models.html

Cat (p=0.53, u=0.8) {Cat (p=0.53),
REJECT X Dog (p=0.29)}

From [Uncertainty Sets for Image Classifiers Using Conformal Prediction, ICLR 2021]

2. Lack of guarantees.

“Set of predictions that covers the true diagnosis
with a high probability (e.qg., 95%)”.




(Brief) Introduction to (split) Conformal Prediction

Conformal prediction (CP) is a machine learning freamework that provides
model agnostic, and distribution-free, finite-sample vailidy guarantees for
handling reliability, by producing predictive sets.




(Brief) Introduction to (split) Conformal Prediction

Conformal prediction (CP) is a machine learning freamework that provides
model agnostic, and distribution-free, finite-sample vailidy guarantees for
handling reliability, by producing predictive sets.

= Random data points (X, y) from a data distribution 73;53; :
* Labelspace ) = {1,2,.., K}

= Set-valued mapping function C : X — 2%, such that Cx)Cc).

= Desired error level « € (0,1).




(Brief) Introduction to (split) Conformal Prediction

Conformal prediction (CP) is a machine learning freamework that provides
model agnostic, and distribution-free, finite-sample vailidy guarantees for
handling reliability, by producing predictive sets.

= Random data points (X, y) from a data distribution 73;53; :
* Labelspace ) = {1,2,.., K}
= Set-valued mapping function C : X — 2%, such that Cx)Cc).

= Desired error level « € (0,1).
Coverage property

PYelx)>1—a

(marginal over Pxy )

For more details, see [Vovk et al., Learning in a Random World, 2005]
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= Split conformal prediction (SCP). /D 1 4 \
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= Split conformal prediction (SCP). /D 1 4 \
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(Brief) Introduction to (split) Conformal Prediction u

= Split conformal prediction (SCP). /D 1 4 \

4 )
k‘)(y Dtest \_ Dtry
G J
2.4 0.53
21 Normalize | .39
0.4 0.07 N
19 001 Dy = {(7(x), )},
XZ Black-box Class Scores Softmax N+M
Classifier (Logits) outputs Dtest — {(W(Xi)a) i:—lj_\f—l—l

p; = T(x;)




(Brief) Introduction to (split) Conformal Prediction

= Split conformal prediction (SCP).

0.53 0.47

0.39 0.61

1. Define a non-conformity score. evaluated LAC

5@ = S(p@/ 0.01 0.99




(Brief) Introduction to (split) Conformal Prediction u

= Split conformal prediction (SCP).
0.53 0.47

evaluated 0.39 LAC 0.61

0.07 > 10.93
. per label
5@ — S(p@/ 0.01 0.99
2. Compute the cumulative score distribution from the calibration set for true labels.

si=SPi®i) |

1. Define a non-conformity score.




(Brief) Introduction to (split) Conformal Prediction u

= Split conformal prediction (SCP).
0.53 0.47

evaluated 0.39 LAC 0.61

5@ = S(p@/ 0.01 0.99

2. Compute the cumulative score distribution from the calibration set for true labels.

3. Search the l-alpha quantile in such distribution. g — S( , 0.61
() pza
/ (bo? 100% 1 Dcal\

1. Define a non-conformity score.

.\g b % A
O
S 5
non-conformity score
(true labels)




(Brief) Introduction to (split) Conformal Prediction u

= Split conformal prediction (SCP).
0.53 0.47

evaluated 0.39 LAC 0.61

5@ — S(p@/ 0.01 0.99

2. Compute the cumulative score distribution from the calibration set for true labels.

3. Search the 1-alpha guantile in such distribution. S S (p , @ 0.61
(A 19

1. Define a non-conformity score.

//7 (§?1$3: IDCaf\\
AQ). 75% .

\00&9 s0%- 4. Produce output sets for new data points.
>

O’ .0

N g\ 25% 1 ~ - . o

Q/é@\o o- S C(X) _ {y S y ' S(pay) S S}
non-conformity score

(true labels)




(Brief) Introduction to (split) Conformal Prediction m

= Split conformal prediction (SCP).

Theoretical guarantees

PY € Ox)>1—a

Generaly, there exist theoretical finite-sample coverage
guarantees under the assumption of i.i.d or, at least, exchangable
data distributions for calibration and testing.

Dcal Dtest
N

same marginals!

For more details, see [Vovk et al., Learning in a Random World, 2005]



(Brief) Introduction to (split) Conformal Prediction m

= Split conformal prediction (SCP).

1. Efficiency 2. Empirical Coverage 3. Adaptability
(we want small sets) (keep the desired error) (set size should adapt to give
coverage to difficult subgroups)
Size(D C'(x; Cov(D Ol(y; C C(x CCV(D) = 100X — Cov(Dy.)
w(D) =+ 3 |Clx) )= 238l © Ol (D) |y|Z| k)= (1=a)]
’LED 1€D ke)

From [Angelopoulos et al, Uncertainty Sets for Image Classifiers Using Conformal Prediction, ICLR 2021]



Literature in Vision Classifiers

= Explored in the standard supervised scenario.

ImageNet

(val) ImageNet
V .
(train)
Dtrain
ImageNet
(test) - /

= Different adaptive non-conformity scores have been proposed.

SLAC<X7 y) =1 - pk:y

[Sadinle et al., Least ambiguous set-valued classifiers with bounded error levels, Jour. American Statistical Association 2019]

Saps(X,y) = pz(y) + Pr=y - v

[Romano et al., Classification with valid and adaptive coverage., NeurlPS 2020]

SrAPS(X,Y) = Saps(x, ¥)+A-(0(x, y)—kyeg)

[Angelopoulos et al., Uncertainty Sets for Image Classifiers Using Conformal Prediction, ICLR 2021]




Literature in Vision Classifiers Not yet explored

for vision-language (CLIP)

» Explored in the standard supervised scenario. models _\/_
ImageNet 4 N\ ImageNet
(val) (train)
Dtrain
ImageNet
(test) \ S

= Different adaptive non-conformity scores have been proposed.

SLAC<X7 y) =1 - pk:y

[Sadinle et al., Least ambiguous set-valued classifiers with bounded error levels, Jour. American Statistical Association 2019]

Saps(X,y) = pz(y) + Pr=y - v

[Romano et al., Classification with valid and adaptive coverage., NeurlPS 2020]

SrAPS(X,Y) = Saps(x, ¥)+A-(0(x, y)—kyeg)

[Angelopoulos et al., Uncertainty Sets for Image Classifiers Using Conformal Prediction, ICLR 2021]




Vision-Language (zero-shot) Models

“A photo of Text
[CLS]" | Encoder va = f¢ (ty)
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Dot product
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Encoder ) Frog 0.4 0.07
= ] Car 1.9 0.01
f@ (Xz) — Z’i Class Scores Softmax

(Logits) outputs




Conformal Prediction for Zero-Shot Models

* Transfer learning setting. Diff t dat
ifferent data

distributions, tasks, etc.

/ D g \ — ™

cal

( h Dtrain )
K‘)C'y k Diegt ) \_ Dtry L Py y

Classical, supervised Foundation models
scenario




Conformal Prediction for Zero-Shot Models

" Transfer learning setting.

& 80f a0
= 75t - A
) s
< 70 / r'd /r""/
2 65 AN

S1s g /
£ ) 28 . S
m /7 y ’
L 60F 7
e "
N B[ S [—e— WiT-B32, p=0.99+
T o3 9 4~ VIT-B-16, p=0.98**
Z g | g ®- ViT-L-14, p=0.94**

T 102 10° 10* 10°  10°
Pre-training Concept Frequency

Plot 1 from [Udandaro et al., No “Zero-Shot” Without Exponential Data: Pretraining Concept Frequency Determines Multimodal Model Performance, NeurlPS 2024]



Conformal Prediction for Zero-Shot Models

" Transfer learning setting.

LAION-400M Average over 11 datasets
& 80f g
(va ] “/" P 70 7]
& 75t -
= Mo . e —
= 2 S
{ 70 //. ’ ,v' sy ..J 60 *
§ 65 - Q Zero-shot
7 ) _gi " < 50+
& I Va F= 40 - —e— LP (sklearn solver)
N 22 : 4 ~e— ViT-B-32, p=0.99* —e— CLIP-Adapter
= D o~ 4~ VIT-B-16, p=0.98* 30 —e— ZS5-LP
Z g ®- ViT-L-14, p=0.94** TS 8 16
i 12 4
45'IO‘ 10 10° 10* 10° 10°

Pre-training Concept Frequency Support samples per class

Tackled trough few-shot
Linear Probing

Plot 1 from [Udandaro et al., No “Zero-Shot” Without Exponential Data: Pretraining Concept Frequency Determines Multimodal Model Performance, NeurlPS 2024]
Plot 2 from [Silva-Rodriguez et al., A Closer Look at the Few-Shot Adaptation of Large Vision-Language Models, CVPR 2024]



Conformal Prediction for Zero-Shot Models

= Can we adapt and conformalize using the same data?
XY




Conformal Prediction for Zero-Shot Models

= Can we adapt and conformalize using the same data?
XY

o Training a Linear Probe on the logit space

N
Dcal — {(I’L? yZ)}Z:1 Dtest — {(IZJ) ff\i—'j_\]]\_{l

= New class prototypes on the logit projections are defined W & REXA

= These obtain new class scores based on the temperature-scaled Euclidean distance lk = —§| 11— wp||.

= Using calibration data, optimize the class prototypes to minimize cross-entropy loss.

min — < Z Z ik 108 D

zlkl




Conformal Prediction for Zero-Shot Models

= Can we adapt and conformalize using the same data?
XY

o Conformal Prediction performance

0.20 Calibration 0.20 - Calibration
Test Test

0.15- Coverage = 0.900 0.15- Coverage = 0.827
é’ Set size=17.94 é‘ Set size =6.05
) 7))
S 0.10- £ 0.10-
o o

0.05- /\ 0.05- /

—_— ————/ -
0_00 T — T T T 0_00 T T T KRN T T
000 025 050 075 1.00 000 025 050 0.7 1.00
LAC Score LAC Score

Zero-shot Adapt + Conformalize in Calibration




Conformal Prediction for Zero-Shot Models

= Can we adapt and conformalize using the same data? -
Dt cal

o Conformal Prediction performance

The exchangeability of the

0.201 Calibration 0.201 Calibration =~ Cal/Test scores Is broken
Test Test
0.15- Coverage = 0.900 0.15- Coverage = 0.827
é‘ Set size=17.94 é‘ Set size £ 6.05
" 7))
< 0.10- < 0.10-
(] (]
0.051 /\ 0.051
—_— ————/ -
0_00 T — T T T 0_00 T T T — T T
000 025 050 075 1.00 000 025 050 0.7 1.00
LAC Score LAC Score

Zero-shot Adapt + Conformalize in Calibration




Conformal Prediction for Zero-Shot Models

* Transfer Learning for Conformal Prediction
XY

1. Does not directly rely on Cal labels.

[ Unsupervised ] Do = (1))},




Conformal Prediction for Zero-Shot Models

* Transfer Learning for Conformal Prediction
XY

1. Does not directly rely on Cal labels.

[ Unsupervised ] Do = (1))},

. - o ST
2. Jointly modifies Cal/Test score distributions. o \\,‘\(."\(—‘;':'m
) RN - - o
~ ~ - ’\
Transductive N \/ 0 03
o )
| (v irdy O
Inductive Transductive
One test sample Joint test-time

at a time prediction




Conformal Prediction for Zero-Shot Models

* Transfer Learning for Conformal Prediction
XY

1. Does not directly rely on Cal labels.

[ Unsupervised ] Do = (1))},

. L . . . \\\ \-(\ I
2. Jointly modifies Cal/Test score distributions. o \\,‘\O'\Or\" v
1 - - o
- - ~ /\
\\\\ . \ / \\. -~ /,
Transductive " V0TS
SO0,

= Similarity matrix. ‘ _
Inductive Transductive

Kx(N+M) _ 7, \b=Ki=N+M One test sample Joint test-time
SeR N [lkz]k:u:l at a time prediction




Conformal Prediction for Zero-Shot Models

Algorithm 1 Conf-OT conformal prediction.

u CO nfo rma I O pti ma I Tra ns po rt I: input: calibration dataset Deg— {(li, v:)}i,. query
set Dies— {(1;)} :‘_JC\"'L , non-conformity score function

S, error level «v, entropic weight 7, iterations T'.

Learning goal: find the joint probability matrix (codes) which

maximize the similarity assighment. 2 S € RFEXVEM) — [, =t m v
max tr(Q'S)
QeQ
Kx(N+M)

where Qe R} is the assignment matrix, formed by

individual codes for each sample, ;.




Conformal Prediction for Zero-Shot Models

Algorithm 1 Conf-OT conformal prediction.
CO nfo rma I O pti ma I Tra nsS po rt I: input: calibration dataset Deg— {(l;,y;)} |, query

. - N+M . .
set Diew= {(li) };_ Ny 1» non-conformity score function
S, error level «v, entropic weight 7, iterations T'.

Learning goal: find the joint probability matrix (codes) which

. . . . . . N4+ M k=K ,i=N+M
maximize the similarity assignment. 2 8 € RFXIVHAD — 1] 700

tr(Q'S
S r(Q'S)

where Q € fo(NjLM) is the assignment matrix, formed by
individual codes for each sample, ;.

More concretely, QQ is restricted to be an element of the
transportation polytope:

Q={Q| QL iy =m, Q'1y = U(N+M) )




Conformal Prediction for Zero-Shot Models

Algorithm 1 Conf-OT conformal prediction.

= Conformal Optimal Transport i input; calibration dataset Deu— {(Li y)}1L,. query
set D= {(1;)} i_} 415 non-conformity score function
S, error level «v, entropic weight 7, iterations T'.
/! Block 1. - Transductive transfer learning.

Learning goal: find the joint probability matrix (codes) which /I Step 1.1. - Init. optimal transport problem.
maximize the similarity assignment. 2 S € RFXIVHM) — [1,,,] =5 VM /7 Sim. matrix.
N b
3 m = % > y;l :
max t?‘(QTS) e
QeQ
Kx(N+M) . . .

where Qe R} (N+M) is the assignment matrix, formed by

individual codes for each sample, ;.

More concretely, QQ is restricted to be an element of the
transportation polytope:

Q={Q| QL @Tl[( @JrM)}

mariinals!




Conformal Prediction for Zero-Shot Models

Algorithm 1 Conf-OT conformal prediction.

= Conformal Optimal Transport i input: calibration dataset Dea= {(L, )}, query
set D= {(Ez)}f:‘i }ﬂi ,» non-conformity score function

S, error level «v, entropic weight 7, iterations T'.
/! Block 1. - Transductive transfer learning.
Qualitative Interpretation. // Step 1.1. - Init. optimal transport problem.
2: § € REX(N+M) _ [, AB=KA=N+M / Sim. matrix.

—1.i—1
— 1 N ulwe
m=5)y

4: U(N+M} = ml(w+ﬂ-r)

Lad

ry 19
P \"/ \_ Class1 \
b prototype

Y\~
A
r\
oS !
S -
N
-~ “\ Class 2
S ) prototype

- @

Zero-shot




Conformal Prediction for Zero-Shot Models

= Conformal Optimal Transport

Qualitative Interpretation.

Larger average
similarity for class 1

—7

r\ 1\
P \"/ \_ Class1
b prototype

Y\~
- T
oS !
r\ \ Class 2
- - I\
St prototype
= O
Zero-shot

Algorithm 1 Conf-OT conformal prediction.

input: calibration dataset Deg— {(L;, %)} |, query
set D= {(Ez)}f:‘i }ﬂi ,» non-conformity score function
S, error level «v, entropic weight 7, iterations T'.

/! Block 1. - Transductive transfer learning.

/I Step 1.1. - Init. optimal transport problem.

S € REX(N+M) _ [ A=K E=NEM )y Sim. matrix.

Lad

—1.i—1
— 1 N ulwe
m= Y

WN+M) = TN LN+M)




Conformal Prediction for Zero-Shot Models

Algorithm 1 Conf-OT conformal prediction.

= Conformal Optimal Transport i input: calibration dataset D= {(Le, )}, query

set Des= {(13) }; % 415 non-conformity score function
S, error level «v, entropic weight 7, iterations T'.
/! Block 1. - Transductive transfer learning.
Qualitative Interpretation. // Step 1.1. - Init. optimal transport problem.
2: § € REX(INVHM) — (1 15=HK2=N+M 7 Gim. matrix.
, m= %Yy
Lab8|-marglnal 90% 4 WN4M) = U\Tlfkff]1(’w+‘1'f)

Lad

A

prototype

1\~ \
- T
ry S !
S /-
r\ ) Class 2
S\ prototype
L

Label-marginal: 10%
Zero-shot




Conformal Prediction for Zero-Shot Models

Algorithm 1 Conf-OT conformal prediction.

= Conformal Optimal Transport i input: calibration dataset Dea= {(L, )}, query
set D= {(Ez)}f:‘i }ﬂi ,» non-conformity score function

S, error level «v, entropic weight 7, iterations T'.
. . . /! Block 1. - Transductive transfer learning.
Qualitative Interpretation. // Step 1.1. - Init. optimal transport problem.

2: § € REX(INVHM) — (1 15=HK2=N+M 7 Gim. matrix.

Constraint to - —
specified marginals! em =y 2 il
. 4 WNtM) = Ay LV+M)
v,
r\ 1y SA
-~ - a 1 ~ ~ \ e
’\ (‘) ass \ ’\ f\ ,
~f ~f\>
““\ prototype “"\ Y .
A -~ *
’\ ’\
ry S0 ) - \ S0
4 - - -~
;\ <= s < . <
~ \v \ prototype -

- @ ®

Zero-shot Optimal Transport




Conformal Prediction for Zero-Shot Models

Algorithm 1 Conf-OT conformal prediction.

= Conformal Optimal Transport i input: calibration dataset Dea= {(L, )}, query

set D= {(Ez)}f:‘i }ﬂi ,» non-conformity score function
S, error level «v, entropic weight 7, iterations T'.

L. . ) o /! Block 1. - Transductive transfer learning.
Optimization: We solve the linear program trough the efficient // Step 1.1. - Init. optimal transport problem.

. . c L - . . k=K i=N+M ;; a- .
Sinkhorn algorithm, which incorporates an entropic-constraint. 2 8 € RFXVHM) — 1] 7035 T /7 Sim. matrix.
3: m = 4 3> y# // Label-marginal.
4 WNpM) = mI(N+M) /l Sample marginal.

.
max 1r(QTS) + =H(Q)  woare L Compele eror atie

6: ¢ =1y ian
7: fortin[1,...,7T] do

: o r® = m/(Q@el1)) 9
9: c(t) = U{N_FM}K{(QEUJF(E}) 10
10: end for

11: Q* = Diag(r(")Q®)Diag(c‘™)
122 Q° = Q*Diag(1/)", q;;)

[Cuturi et al., Sinkhorn distances: Lightspeed computation of optimal transport, NeurlPS 2013]



Conformal Prediction for Zero-Shot Models

Algorithm 1 Conf-OT conformal prediction.

= Conformal Optimal Transport i input: calibration dataset Dea= {(L, )}, query

set D= {(Ez)}f:‘i }ﬂi ,» non-conformity score function
S, error level «v, entropic weight 7, iterations T'.
/! Block 1. - Transductive transfer learning.

Optimization: We solve the linear program trough the efficient // Step 1.1. - Init. optimal transport problem.
. . . . . . k=K i=N+M ;; - .
Sinkhorn algorithm, which incorporates an entropic-constraint. 2 8 € RFXVHM) — 1] 7035 T /7 Sim. matrix.

3 m=L%V y;:" // Label-marginal. |
4 WNyM) = e LvEM) /l Sample marginal.

T
max tfr. S —I_ 8% B 0) — EXP T EXp T
QEQ (Q ) (Q) Z Q{}j 1{{'~.ius}’j It remmlis

7: fortin[1,.. . Tjdo
r (1) II].}.{(QI:“}C“;_ IJ) 0

Now, the soft codes Q™ are the solution of the optimization H";f md“fi:i_ v/ (QPr ) v
problem, which can be efficiently optimized by computing '
marginal-renormalization vectors, such that: 11: Q* = Diag(r(")Q “JDﬂg{ﬂ“ )

12: Q° = Q*Diag(1/ Y, ¢i)

QF = Diag(r(t))Q(O)Diag(c(t))

[Cuturi et al., Sinkhorn distances: Lightspeed computation of optimal transport, NeurlPS 2013]
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= Conformal Optimal Transport

Optimization: We solve the linear program trough the efficient

Al

gorithm 1 Conf-OT conformal prediction.

2

3

4:

. input: calibration dataset Deg— {(l;,y;)}Y,, query
set D= {(Ez)}f:‘i }ﬂi ,» non-conformity score function
S, error level «v, entropic weight 7, iterations T'.

/! Block 1. - Transductive transfer learning.

/I Step 1.1. - Init. optimal transport problem.
: § € REXINHM) — [, 3= K= NHEM )y Sim. matrix.

:m=~L7 y;:" // Label-marginal. |
W(N+M) = TR A L(v+M) /l Sample marginal.

Sinkhorn algorithm, which incorporates an entropic-constraint.
Norm S as
max tT(QTS) 4 E’H(Q) initial Q

QcQ

Now, the soft codes Q™ are the solution of the optimization
problem, which can be efficiently optimized by computing
marginal-renormalization vectors, such that:

QF = Diag(r(t))Q(O)Diag(c(t))

[Cuturi et al., Sinkhorn distances: Lightspeed computation of optimal transport, NeurlPS 2013]

\

0
7: fortin[1,...,7T] do

: Q{m = (exp(S/7)/ > (exp(S/7))

=1y

r) = m/(Q@Wel 1) 0
c® = unim)/(Q@r) 10
: end for

: Q* = Diag(r(")Q" Diag(c™)
Q" = Q*Diag(1/ 3, g;)
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Algorithm 1 Conf-OT conformal prediction.

= Conformal Optimal Transport i input: calibration dataset Dea= {(L, )}, query

set D= {(Ez)}f:‘i }ﬂi ,» non-conformity score function

S, error level o, entropic weight 7, iter] .
L. . . o /I Bloek 1. - Transductive transfer lear Divide rows
Optimization: We solve the linear program trough the efficient /I Step 1.1. - Tnit. optimal transport prq by initial label
. . . . . . k=K i=N+M
Sinkhorn algorithm, which incorporates an entropic-constraint. 2 S e R = Ll 5 5T marginal
3: m = 4 3> y# // Label-marginal.
1 .
_l_ Incorporate 4 WNpM) = IM_M51KN+M‘,I // Sample marg
gléa}é tT(Q S) + Eﬁ(Q) prior I'abel N~ C%;m — (exp(S/7)/ Yo (exp(S/
marginal ¢ = Linim
7: forwg 1, ..., T do
8- t-[tJ II].}.{(QI:H}C“;_ 1 J) 0
% . .. . a. JE) () ..(#)
Now, the soft codes (Q° are the solution of the optimization H’;- de v/ (QTPr) o
. . . . . . : cn nr
problem, which can be efficiently optimized by computing
marginal-renormalization vectors, such that: 11: Q* = Diag(r")) Q" Diag(c™)
12: Q" = Q*Diag(1/ 3, q;)

QF = Diag(r(t))Q(O)Diag(c(t))

[Cuturi et al., Sinkhorn distances: Lightspeed computation of optimal transport, NeurlPS 2013]



Conformal Prediction for Zero-Shot Models

Algorithm 1 Conf-OT conformal prediction.

= Conformal Optimal Transport i input: calibration dataset Dea= {(L, )}, query

set D= {(Ez)}f:‘i }ﬂi ,» non-conformity score function

S, error level «v, entropic weight 7, it .
L. . . o // Block 1. - Transductive transfer leg Divide columns by
Optimization: We solve the linear program trough the efficient /I Step 1.1. - Tnit. optimal transport ff  observed sample
. . . . . . k=K i=N+M
Sinkhorn algorithm, which incorporates an entropic-constraint. 2 8 € RFFVIMD = [, =050 marginal
3: m = 4 3> y# // Label-marginal.
1 .
T Incorporate 4 WNyM) = e LvEM) // Sample margina
I1ax tT(Q S) —I_ Eﬁ(Q) prior Sample \ 5: QU = (exp(S/7)/ Y. (exp(S/7))
QEQ marginal . c® = Linyan
tin[l,...,T]| do
: Ny m/(Q@ et~ )
% . . o o= (0)()
Now, the soft codes (Q° are the solution of the optimization H’;- de v/ (QTPr) o
. . . . . . : cn nr
problem, which can be efficiently optimized by computing
marginal-renormalization vectors, such that: 11: Q* = Diag(r")) Q" Diag(c™)
12: Q" = Q*Diag(1/ 3, i)

QF = Diag(r(t))Q(O)Diag(c(t))

[Cuturi et al., Sinkhorn distances: Lightspeed computation of optimal transport, NeurlPS 2013]
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Algorithm 1 Conf-OT conformal prediction.

= Conformal Optimal Transport i input: calibration dataset Dea= {(L, )}, query

set D= {(Ez)}f:‘i }ﬂi ,» non-conformity score function
S, error level «v, entropic weight 7, iterations T'.
/! Block 1. - Transductive transfer learning.

Optimization: We solve the linear program trough the efficient // Step 1.1. - Init. optimal transport problem.
. . . . . . k=K i=N+M ;; - -
Sinkhorn algorithm, which incorporates an entropic-constraint. 2 8 € RFXVHM) — 1] 7035 T /7 Sim. matrix.

3 m=L%V y;:" // Label-marginal. |
4 WNyM) = e LvEM) /l Sample marginal.

T
max {r S)+eH QO — (o ‘
QEQ (Q ) (Q) : S;}:’_ l{t(ffgi[T]fZ{(xp(S/T])

7: fortin[1,...,7T] do
t-[tj — II].}.{(Q(“}CW_I)) 0

Now, the soft codes Q™ are the solution of the optimization v mdcf'i:i— u-vy/(Qr ) 10
problem, which can be efficiently optimized by computing ' _
marginal-renormalization vectors, such that: 11: Q* = Diag(r™)Q”Diag(c™)

12: QF = Q*Diag(1/>", ;)

Q* — Diag(r(t))Q(O)Diag(c(t)) Apply renorm. vectors

and sample-wise.

[Cuturi et al., Sinkhorn distances: Lightspeed computation of optimal transport, NeurlPS 2013]
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Algorithm 1 Conf-OT conformal prediction.

= Conformal Optimal Transport i input: calibration dataset Dea= {(L, )}, query

set D= {(Ez)}f:‘i }ﬂi ,» non-conformity score function
S, error level «v, entropic weight 7, iterations T'.

L. . . /! Block 1. - Transductive transfer learning.
Conformal prediction: we follow the standard SCP setting using // Step 1.1. - Init. optimal transport problem.

codes instead of the original probabilities. 2 S € RFWVEM) — [, = 55N 1/ Sim. matrix.
3: m = 4 3> y# // Label-marginal.
4 WNpM) = mI(N+M) /l Sample marginal.
// Step 1.2. - Compute renormalization vectors.

— ) , N - QO — (exp(S/T exp(S/7)) // Init. codes.
Dear = 1(Qis ¥i) 121 5 Q) = (exp(S/7)/ S(exp(S/7)) / Tnit. code

6: cl® = 1(n+4ar) // Init. renormalization vector.
7: for tin [1,...,7T] do
. ®) —m/(Q@Wc—1) 1/ Eq. (9
8 r m c g. (9).
D _ {( _ ) N+M 900 ® = upan /(QOr®) // Eq. (10).
test q.’L ) Z:N+1 10: end for

/f Step 1.3. - Compute codes.
1: Q* = Diag(r(M)Q®Diag(c™) // Transport codes.
122 Q* = Q*Diag(1/%", gi.) // Normalize.

13: Dea={(a? ", i) H1, D= {(a LR,

14: {s;}Y, = {S(q; L)
15: 5+ {5}¥ 0

16: return: {C(q; [ VL N1 4




Conformal Prediction for Zero-Shot Models

= Enhancing popular non-conformity scores

a = 0.10 a = 0.05
Top-11 Cov  Size] CCVJ] Cov. Sizel CCVJ]
CLIP ResNet-50

Method

LAC [42] 547 0900 10.77 9.82 0.950 19.22 591
w/ Conf-OT 573,26 0900 8.61:, 9.15,7 0.951 15.53.37 5.613
APS [54] 547 0900 16.35 8.36 0.950 26.50 5.34
w/ Conf-OT 57.3,,6 0.900 12943, 7.647 0.950 20.96.55 5.033
RAPS [2] 547 0900 13.37 8.46 0.950 22.06 5.44
w/ Conf-OT 57-3+2.6 0.900 11.17_2_2 7.72_0.7 0.950 17.24_4_8 5.19.0_3
_corevir-t¢.
LAC [42] 63.8 0.899 5.52 10.37 0.950 10.24 6.14
w/ Conf-OT 66.7.,.2_9 0.900 4.40.1,1 9.48.0,9 0.949 7.99.2_3 5.80.0_3
APS [54] 63.8 0900 9.87 8.39 0.950 16.92 5.51
w/ Conf-OT 66.7.29 0.899 7.64,, 7.44.,, 0.949 12.58.43 5.09.94
RAPS [2] 63.8 0900 8.12 8.50 0.950 12.66 5.52

w/ Conf-OT 66.7.9 0.900 6.68.14 7.48,:9 0949 10.11.5 5.16,4




Conformal Prediction for Zero-Shot Models

= Enhancing popular non-conformity scores Valid coverage!
Method o = 0.10 /6 — 0.05
Top-11  Cov i CCV] Co Size] CCV]
CLIPResNet-50 [ ——1 | -5
"LAC [42] 547 0900 | 10.77  9.82 0.950| 19.22 591
w/ Conf-OT 57.3,24| 0.900 | 8.6155 9.15,, | 0.951 | 15535, 5.61.05
APS [54] 547 0900 | 1635 836 | 09s50| 2650 534
w/ Conf-OT 57.3,54| 0.900 12945, 7.6447 | 0.950 |20.96:55 5.03.03
RAPS [2] 547 0900 | 1337 846 | 0950| 2206 544
w/ Conf-OT 57-3+2.6 0.900 11.17_2_2 7.72_0.7 0.950 17.24_4_8 5.19.0_3
cuevitBie | | I
LAC [42] 63.8 | 0.899 | 5.52 10.37 0.950 | 10.24 6.14
w/ Conf-OT 66.7,29| 0.900 | 4.40..; 9.48,0 | 0.949 | 7.99,5 5.80.05
APS [54] 638 0900 | 987 839 | 0950 1692 551
w/ Conf-OT 66.7,29| 0.899 | 7.642> 7.44.0 | 0.949 |12.58.45 5.09.04
RAPS [2] 638 0900 | 812 850 |o09s50| 1266 552
w/ Conf-OT 66.7,29| 0.900 | 6.68..c 7.48..0 | 0.949 |10.1125 5.16.0.4

N\ 4

15-20% better



Conformal Prediction for Zero-Shot Models

= Comparison to popular transductive methods

Method a = 0.10
Top-11 T GPU Cov. Sizel CCVJ]
LAC [42] 63.8 0.42 - 0.899  5.52 10.37

TIMKL(E| lug) [6] 64.7.,.[]_9 11.05 8.24 0.899 8.30+2_3 10.4l+0_(}
TIMg g [jmm) (6] 650,12 1103 824 0.898 7.73.2: 10.89.03
TransCLIP [74] 65. 1+1_3 12.00 12.2 0.892 5.76.,.(}_2 1 1.02_,_[]._7
Conf-OT 66.7.,o 0.61 - 0.900 4.40,; 948,

TIM from [Boudiaf et al., Transductive Information Maximization for Few-Shot Learning, NeurlPS 2020]
TransCLIP from [Zanella et al., Boosting Vision-Language Models with Transduction, NeurlPS 2024]



Conformal Prediction for Zero-Shot Models

= Comparison to popular transductive methods

Method a = 0.10
Top-11 T GPU Cov. Sizel CCVJ]
LAC [42] 63.8 0.42 - 0.899 552 10.37

TIMky (| ug) [0] 64709 1105 824 [0.899 830,25 104100 _
TIMgp (s |m) [6]  65.0:12 11.03 824 [0.898 7.73.,, 10.89,5 | NOImprovement
TransCLIP [74] 65. 1+1_3 12.00 12.2 0.892 5.76_,_[].3 1 1.02.4_".7
Conf-OT 66.7.,0 061 - 0900 4.40,, 9.48,,

/ \ J
1
training-free

Better than SoTA even in the
discriminative aspect!

TIM from [Boudiaf et al., Transductive Information Maximization for Few-Shot Learning, NeurlPS 2020]
TransCLIP from [Zanella et al., Boosting Vision-Language Models with Transduction, NeurlPS 2024]
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= Evaluation of the data-efficiency

Method Ratio o =0.10
Calib - Test Top-117 Cov. Sizel CCV] Method M a=0.10
0.1 -0.9 638 0903 7.71 9.65 Top-11  Cov. Sizel CCV]
LAC g'g - gg gg‘z g'ggg ggg f'dgjﬂ? LAC ; 63.8 0.809  5.52 10.37
- = L. - - - ' w/ Conf-OT  Full 66.7 0.900  4.40 9.48
o 08-02 638 0899 556 1170 T W/ Cont-OT™ T3 T T665 T 0898 T 443 T T966
0.1-09 666 0901 453 8.73 w/ Conf-OT 16 66.5 0.898  4.43 9.67
Conf-OT+LAC  02-08 667 0899 439 886 w/ Conf-OT 8 66.6 0898 442 967

Robustness to small Robustness to small
calibration sets qguery inputs



Conformal Prediction for Zero-Shot Models

= Evaluation of the data-efficiency

Method Ratio v =0.10
Calib - Test Top-117 Cov. Sizel CCV] Method M a=0.10
0.1-09 638 0903 771 9.65 Top-1+  Cov. Sizel| CCV]
LAC g'g - gg gg‘z g'ggg ggg ;3'(;33”? LAC ! 638  0.899 552 1037
2 - 0. ~ - - ' w/Conf-OT [Full] 667 [0000 240| 9.48
o _ ¢ 0802 =638 083 0526 1170 T TwiContOorT |32 [ T665 T| 0898 T 343 [ T986
‘;; - Eg 22'3 gggé 4:; 2-;2 w/Conf-OT | 16 | 665 0898 443| 967
: 0.2 - 0. - - 4. - w/ Conf-OT 8 66.6 0.898 442 9.67
Conf-OT+LAC 15 05| 667 0900 440 948
08-02| 667 0899 441 |i112
Robustness to small Robustness to small
calibration sets query inputs
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