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Scientific Discovery with Machine Learning (ML)

Goal: identify which X/ (e.g. genes, brain regions) are important for Y (e.g. a disease).

@ ML achieves high predictive accuracy.
@ We want procedures that are:

@ Model-agnostic: any model can be used.

@ Statistically valid: type-l or FDR control.
© Robust to misspecifications.
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From Predictive Model to Scientific Discovery

PREDICTIVE MODEL

Machine Learning

SCIENTIFIC DISCOVERY
Understanding the underlying reality
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Conditional Independent Testing
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Conditional Independent Testing
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A Highly correlated genomic data
= marginally, many genes are important. Isn’t it only because of correlation?
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Chromosome:
Problem: high local correlation Q: which genes are relevant given all others?

We need to select relevant variables conditionally on all the others!
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Related work: the Model-X framework

Classical guarantees rely on assumptions on Y | X, e.g. a GLM: g(E[Y | X]) = ¥,; B/ X.
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Related work: the Model-X framework

Classical guarantees rely on assumptions on Y | X, e.g. a GLM: g(E[Y | X]) = ¥,; B/ X.
Model-X (Candes et al., 2018)

Instead, assume knowledge of the input distribution:
® Pyjix-i = K(-| X™/) is known, so we can sample from it.

Motivation: if the relationship among inputs is easier than the one between inputs and
outcome, e.g. in genomics:

@ abundant unlabeled data on the genes,
@ inputs coming from the same measurement device.

Angel REYERO (IMT & Inria Paris-Saclay) Conditional Independence with ML November 5, 2026



Related work: the Model-X framework

Classical guarantees rely on assumptions on Y | X, e.g. a GLM: g(E[Y | X]) = ¥,; B/ X.
Model-X (Candes et al., 2018)

Instead, assume knowledge of the input distribution:
® Pyjix-i = K(-| X™/) is known, so we can sample from it.

Motivation: if the relationship among inputs is easier than the one between inputs and
outcome, e.g. in genomics:

@ abundant unlabeled data on the genes,
@ inputs coming from the same measurement device.

Model-X conditional null hypothesis

PR = {P(Xy) XTI Y | X, Py = K(- | X*f)}
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Related work: Model-X and Exchangeability under the Null

Model-X assumption: we can sample a r.v. X0 ~ K(X/ | X 7).
Under the null, for any importance statistic T : 2" x % — R, the statistics

T(X, X7 Y) and T(XY X Y)
are exchangeable:

Pixix-i,v) = Pxijx-i,y X Px-i,y = Pxijx-i X Px-i,y = Kxijx-1 X Pxi v = Pix0) x-i vy
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Related work: Model-X and Exchangeability under the Null

Model-X assumption: we can sample a r.v. X0 ~ K(X/ | X 7).
Under the null, for any importance statistic T : 2" x % — R, the statistics

T(X, X7 Y) and T(XY X Y)
are exchangeable:

Pixix-i,v) = Pxijx-i,y X Px-i,y = Pxijx-i X Px-i,y = Kxijx-1 X Pxi v = Pix0) x-i vy
We need explainable ML to quantify the contribution of a feature in T
@ Coefficient-based importance: T(X/, X/, Y) = |p/|

@ Performance-based importance: T(X/, X, Y) = ¢(m(X/, X7, Y)
Compare

Le(mpd, x ), Y)}"t“‘ with — {o(A(X0,x ), Y)}" X0 ~ k(X | X).

i=1 i=1
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Related work: Model-X and Exchangeability under the Null

Model-X assumption: we can sample a r.v. X0 ~ K(X/ | X 7).
Under the null, for any importance statistic T : 2" x % — R, the statistics

T(X,X7,Y) and T(XU X7 Y)
are exchangeable:
Pixix-i,v) = Pxijx-i,y X Px-i,y = Pxijx-i X Px-i,y = Kxijx-1 X Pxi v = Pix0) x-i vy
We need explainable ML to quantify the contribution of a feature in T
@ Coefficient-based importance: T(X/, X/, Y) = |p/|
@ Performance-based importance: T(X/, X, Y) = ¢(m(X/, X7, Y)
Compare
. . n ~ . n, ~ . .
(X X . i (X)) x—i o D) ~ | X
{f(m(X ,X), Y)}I_:1 with {E(m(X ,X), Y)}i:1, X0 ~ KX | XH).

A train—test split is required to preserve exchangeability.
Angel REYERO (IMT & Inria Paris-Saclay)

Conditional Independence with ML November 5, 2026



Exchangeability under the Null

@ Current methods (e.g., HRT) rely on exchangeability between

{e(Ax0,x), Y)}; with — {o(Ad, X7, Y)}; X0 ~ K(XT | X).

@ This requires a train—test split, which significantly reduces the method’s performance.
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Exchangeability under the Null

@ Current methods (e.g., HRT) rely on exchangeability between
X)X e i (X X e XU o K (XD | X

{E(m(X X, Y)}i:1 with {e(m(x,x ), Y)}i:1, X0 ~ K(XI | XH).
@ This requires a train—test split, which significantly reduces the method’s performance.
¢ Semi-knockoffs: We instead propose comparing

A xU) X " A XU x—i T Wi
{£<m(X X), Y)}1 Vs {e(m(x2 X), Y>}1 with
XD~ KX | X), XD~ KX | X Y).

Key insight: If X/ 1LY | X/, K(X/ | X /)= K(X/ | X7/, Y), so they are exchangeable.

@ We compare perturbed vs. perturbed instead of perturbed vs. original data.
v No train—test split is required.
v The method works with any predictive model m.
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No Need to Sample from K(X/ | X7/, Y)

Problem: Directly sampling X\ ~ K(X/ | X1, Y) is complex.
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No Need to Sample from K(X/ | X7/, Y)

Problem: Directly sampling X\ ~ K(X/ | X1, Y) is complex.
Exchangeability under &2¢':

p(XTY)=EX | X, Y] =E[X | X ] = v(X 7))
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No Need to Sample from K(X/ | X7/, Y)

Problem: Directly sampling X\ ~ K(X/ | X1, Y) is complex.
Exchangeability under &2¢':
p(X 1Y) = EXI | X, Y] = BX | X7 = v(X )
Idea: Construct new samples using residuals.
XD =v(XT)+xl—vix?), XY =p(XT,Y)+ X, —p(x i)
—_—— %k,_/

I
& &2

@ Residuals ¢ 1,¢; 2 are then exchangeable.
@ Avoids conditional sampling.
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Algorithm (Type-I error control)

Algorithm 1 Semi-knockoffs Wilcoxon (SKO-Wcx)

Input: Model m, data {(x;, y;)}7, significance level «, a feature j
(Regression 1) Fit 0, ~E[X! | X ]
(Regression 2) Fit p; ~ E[X/ | X7, Y]

Compute residuals & g1= X —vi(X~ /‘)

Compute residuals &, = Y/ — p;(X 7/, Y)

Sample 7; 1 and 7; » permutations of {1,...,n}

Construct

1 ~ i ~

= j(X1ﬁ7 Yi)+ 2‘:\1'72779:2(")

s oY,
)

Return Wilcoxon test { (XD, Xx.7), Y,-)}i and {E(r?v()w(z’f{:),)(,*j), Y,)}

i
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Algorithm (Derandomizing the permutations)

Algorithm 2 Derandomized Semi-knockoffs Wilcoxon (SKO-Wcx—p(B))

Input: Model m, data {(X;,y;)}7, significance level «, a feature j
(Regression 1) Fit 0, ~E[XT | X ]
(Regression 2) Fit p; ~ E[X/ | X7, Y]
Compute residuals & &1 =X - ,(X {)
Compute residuals &> = X/ —p;(X 7, Y)
Sample {7 1}b and {n 2}b permutations of {1,...,n}
Construct

X Do =X+ 7, ()

X2J~b = PI(XF i)+ 8/72779-‘?2(1')

ReturnWiIcoxontest{ Yol (m( 1{)b, 0, Y)}i and{ Ypl(m (2,b,X )Y)}
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Nice Properties of Semi-Knockoffs

FDR control

Knockoff threshold (Candeés et al., 2018) applies directly and yields FDR control.
v" No p-value computation or correction
v No knockoff construction, hard with correlated features (Blain et al., 2025)
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FDR control
Knockoff threshold (Candeés et al., 2018) applies directly and yields FDR control.

Nice Properties of Semi-Knockoffs

v No p-value computation or correction
v No knockoff construction, hard with correlated features (Blain et al., 2025)

\

Robustness to Model-X misspecification
@ Model-X methods require a consistent sampler (Berrett et al., 2019),

d(Kyijx-1> Kxiix-i) = 0,

yet in practice rely on a regression sampler or a parametric model.
@ Semi-Knockoffs relax this: it suffices that the samplers coincide under the null:

d(kxux—i,y, kXi\ij) — 0.
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Simulated data

Inference Results (R? HRT=0.886, R? SKO=0.910)
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Figure 1: SKO controls type-l error with high power by avoiding a train—test split. Simulated
linear model with correlated Gaussian covariates (p = 50, n = 300) and a gradient boosting.
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Real data

Random Forest Neural Network Gradient Boosting
scei)_sart | @) 0.0 0.0
SCPI(1)_Wcx « e @000 o o B RLLC DI TR 0.06 00000 0.04
scpi(100)_sart | @) 0.0 0.0
Locow (eee@e co- - 0.22 cse0000. . 0.52
n
E toco_sart | @ 0.08 0.0
g LOCO Wex | @@ s @ o - 0.12] |e@e@c0. . 0.24
dCRT 000 0.02 0.0
HRT 0.22 0.08
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Discoveries
Methods
® SCPI(1)_sqrt @ SCPI(100).sqrt @ LOCO_sqrt ® dCRT SKO_Wcx
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Figure 2: Discoveries on real data across ML models. The type-I error (shown to the right of
each plot) is estimated using an artificial null feature correlated at 0.6 with the original features.
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Index

Q Sequential Conditional Independence Testing with Machine Learning
@ Sequential testing
@ Introduction to the e-values
@ Model-X e-value and e-CRT
@ Analysis under the alternative
@ Analysis under the null
@ Experiments
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Sequential testing and Safe Anytime-Valid Inference (SAVI)

@ We set ¢ = 0.05 and then collect some data.

e Pod®De
e @PODAOD e @

@ The observed p-value is 0.07.
¢ Why don’t we collect more data?
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Sequential testing and Safe Anytime-Valid Inference (SAVI)

@ We set ¢ = 0.05 and then collect some data.

@ The observed p-value is 0.07.
3 f? = -
¢ Why don’t we collect more data* DH®D 20 @@m (b

@ The new p-value is 0.04.
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Sequential testing and Safe Anytime-Valid Inference (SAVI)

@ We set ¢ = 0.05 and then collect some data.

000®®®0®®o
~2P0RADD e @

@ The observed p-value is 0.07.
3 f? = -
¢ Why don’t we collect more data* %y @.@@m (b

@ The new p-value is 0.04.
% With probability tending to 1, we will reject even under Z.
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A Quick Introduction to the e-World

E-value. A random variable S satisfying S>0, Ep[S]<1 VPe 2.
We can obtain type-| error control: by Markov’s inequality,

P[]
Pp(S>1/a) < 1o a,

so we reject & whenever S > 1/a.
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A Quick Introduction to the e-World

E-value. A random variable S satisfying S>0, Ep[S]<1 VPe 2.
We can obtain type-| error control: by Markov’s inequality,

P[]
Pp(S>1/a) < 1o a,

so we reject & whenever S > 1/a.
E-process. A sequence (S;)>1 such that

§1>0, Ep[S<1
for every stopping time 7 and every P € £2. W20 f
Gy e X = —e— S; (X is not important)
By Ville’s inequality, 2 e i (xis mporam)
c10 ; 1
1 = nominal level ;
Pp (supSt > ) <a.
t>1 a 0
50 100 150 200 250 300

Reject as soonas S; > 1/a.

Conditional Independence with ML November 5, 2026
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Related work: Sequential Conditional Independence Testing

Goal: Test 25 .= {P(Xy) c XFLLY | X, Pyjix-i = K(- | X*/)} vs a point alternative Q.

Existing approaches:
@ Model-X e-value (Grliinwald et al. (2024)): based on likelihood ratio

fy|xix-i

fyix-i

® |tis growth-rate optimal (GRO) against Q with density f, but how do we estimate it?
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Related work: Sequential Conditional Independence Testing

Goal: Test 25 .= {P(Xy) c XFLLY | X, Pyjix-i = K(- | X*/)} vs a point alternative Q.

Existing approaches:
@ Model-X e-value (Grinwald et al. (2024)): based on likelihood ratio

fy|xix-i

fyix-i
® |tis growth-rate optimal (GRO) against Q with density f, but how do we estimate it?
@ e-CRT (Shaer et al. (2023)): based on importance statistics
q=T(X,X7,Y), g=T(XV,x7Y),

and an antisymmetric score 9(q,q) = —g(q,q) giving an e-value 1+9(q,q).
* |tis flexible but which T and g do we use?
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Related work: Sequential Conditional Independence Testing

Goal: Test 25 .= {P(Xy) c XFLLY | X, Pyjix-i = K(- | X*/)} vs a point alternative Q.

Existing approaches:
@ Model-X e-value (Grinwald et al. (2024)): based on likelihood ratio

fy|xix-i

fyix-i

® |tis growth-rate optimal (GRO) against Q with density f, but how do we estimate it?
@ e-CRT (Shaer et al. (2023)): based on importance statistics
q=T(X,X7,Y), g=T(XV,x7Y),

and an antisymmetric score 9(q,q) = —g(q,q) giving an e-value 1+9(q,q).
* |tis flexible but which T and g do we use?

@ Which one is better in practice? How do we incorporate ML?
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Model-X e-variable in practice: Exponential e-variable

The GRO e-variable (Grinwald et al. (2024)) for testing 225~ ' vs {Q} is:

Frpax-(YIXLXT) _ fyixi x-1(Y|XI, X )
Fox-(YIX) —/[fY\XIX/(Y|X(/ X))

X(/) |X

where Q has density f and XU) ~ Ky, z.
We propose:
e nUmX X))
El =

exp

]E;( e—nz(ﬁq(x(f),xfi),y)]

(/)\xf/[
with a free parameter n > 0.
@ Good approximation of the GRO if: (m(x/,x7),y) ~ —nlog(fyxi x-i(y|x,x7)).
@ E.g. in regression with /?-loss and Gaussian noise, and classification with CE.
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Testing Algorithm

Algorithm 3 Testing Algorithm

n
While HE,- < 1 do

o S&mp'e( n+1- n+17 Yn+1)

@ Update the model to mj, using all past data {(X/(, Yk)}k 1 or an online step.
© Perform a prequential parameter update:

nn =arg mnax <H exp X_j Y)>

© Compute

En+1 == Eexp(X{7+1 ,X;+1 5 Yn+1 ).
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e-CRT / Antisymmetric e-variables

To leverage ML models, (Shaer et al. 2023) introduce importance statistics:

|:=m(X,X77),Y) and  [:=m(XD, X, Y),
and e-variables of the form: _
1+9(1,1),

with antisymmetric functions g (g(a, b) = —g(b,a)) such that g(a,b) > —1.
@ Simplifies conditional independence question into exchangeability

Y L XX — (1) 2 (1))

@ Examples:
1+Asign(I—1), 1+ Atanh(I—1), 1+A(I-1)
~ N ~ N’
Sign Tanh Coin-betting (bounded loss)

Practical limitation: Function g is left unspecified, unclear how to choose it.
Angel REYERO (IMT & Inria Paris-Saclay)
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Analysis under the alternative

[
Q
5]
S
=
EX (‘I null enlargement error . .E
approximation approximation
error error
© Cx_a -
¢ LB ES+
S ¥
1%}
- /
=
S estimation (E#
& error — -
(fi estimation
L error
Bx-a ,,

(EX CI

Figure 3: While distilling information induces a null enlargement error, it can improve power by
reducing the approximation and estimation errors.
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Analysis under the null

The Model-X kernel K is usually estimated f(n. Then, we do not have exact e-values.
What guarantees do we still have?
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Analysis under the null

The Model-X kernel K is usually estimated f(n. Then, we do not have exact e-values.
What guarantees do we still have?

Triple robustness (informal theorem)
Consider the coin-betting e-process E(") =[], E;, with

E =1+ (e(mXD,x7), V) - e(@mix. x7), v)), XD ~k;

Then

Mz

IP’( sup E(”)Zé)—a < O(

1<n<N

ib)

Type-I error inflation triple robustness

fi

Il
N

where a; := d(K;, K), bj := d(m;, m), and m is the Bayes predictor.
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Analysis under the null

The Model-X kernel K is usually estimated f(n. Then, we do not have exact e-values.
What guarantees do we still have?

Triple robustness (informal theorem)
Consider the coin-betting e-process E(") =[], E;, with

E =1+ (e(mXD,x7), V) - e(@mix. x7), v)), XD ~k;

Then

Mz

IP’( sup E(”)Zé)—a < O(

1<n<N

ib)

Type-I error inflation triple robustness

fi

Il
N

where a; := d(K;, K), bj := d(m;, m), and m is the Bayes predictor.

This parallels the double robustness of the CFI (Reyero-Lobo et al., 2025).
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Experiments (HIV dataset)

No effect (12S) Small effect (48M) Large effect (47V)
7
(¢ 10 102 10
4]
[}
o 10°
o
GCJ :|.01 103
8 10° A~ S — p
= :“ff / 10!
10°
0 500 1000 0 500 1000 0 500 1000
Time Time Time
—— exponential ——— coin_betting —— tanh — sign
—— sign_preq exch-GRO --= 1l/a

Figure 4: Drug resistance for three HIV mutations. On the left (null mutation) none of the
e-processes reject. In the center (small signal) most antisymmetric reject the null and outperform
the exponential, which does not. On the right (large signal) all the e-processes reject the null.
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e Conclusions
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Conclusion

What we need
@ Interpretable ML, to gain insights about the underlying distribution.
@ Model-agnostic methods, to leverage predictive black-box models.

@ Statistically valid inference.
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Conclusion

What we need
@ Interpretable ML, to gain insights about the underlying distribution.
@ Model-agnostic methods, to leverage predictive black-box models.

@ Statistically valid inference.

Power in practice
@ Semi-Knockoffs are data-efficient: no train-test split is needed.

@ Sequential CIT: We analyse the e-power loss trade-offs in practice.
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Conclusion

What we need

@ Interpretable ML, to gain insights about the underlying distribution.
@ Model-agnostic methods, to leverage predictive black-box models.
@ Statistically valid inference.

Power in practice

@ Semi-Knockoffs are data-efficient: no train-test split is needed.

@ Sequential CIT: We analyse the e-power loss trade-offs in practice.

Robustness to Model-X misspecification
@ Semi-Knockoffs: validity relies only on the samplers we choose.

@ Sequential CIT: double/triple robustness guarantee comes from the ML model itself.

Angel REYERO (IMT & Inria Paris-Saclay) Conditional Independence with ML
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[T

@ Angel Reyero-Lobo, Bertrand Thirion, and Pierre Neuvial. Semi-knockoffs: a model-agnostic
conditional independence testing method with finite-sample guarantees. In Proceedings of
the 43rd International Conference on Machine Learning(ICML), 2026.

@ Angel Reyero-Lobo, Michele Meziu, Sebastian Uriel Arias, and Peter Griinwald. Sequential
conditional independence testing with machine learning models, 2026.

Angel REYERO (IMT & Inria Paris-Saclay) Conditional Independence with ML November 5, 2026



Index

e Semi-Knockoffs
@ Introduction to the knockoffs
@ Semi-knockoffs FDR control

Angel REYERO (IMT & Inria Paris-Saclay) Conditional Independence with ML November 5, 2026



Knockoffs framework

Knockoffs (from Candés et al. 2018):
@ Knockoff variables (X): imitations of X independent of y:
® [X. XJswap(s) = [X. X] for any s C [p].

{thg,x?,,xw,XQ,XSLMW — [X1.x2.>‘<3.x1)‘<2x3]

e X1l y|X.

Example 1 (Gaussian knockoffs)

: . . r Y —diag(1) p
If X ~.4(0,X), then [X, X] ~ 4(0,G) with G= [Z—diag()t) - for A e R
such that G > 0:

* [X, X] is exchangeable.

e X | X is known!

S
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Knockoffs framework

Knockoffs (from Candes et al. 2018):
@ Knockoff variables (X): imitations of X independent of y:

@ Knockoffs statistics (W < RP): comparison of predictability between the original
covariate and its knockoff.

Example 1 (Lasso Coefficients Difference)

Regress y € R on [X X le R2P using LASSO and compute the estimated coefficient
difference: W; = |[3,] |p/+p|
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Knockoffs framework

Knockoffs (from Candes et al. 2018):
@ Knockoff variables (X): imitations of X independent of y:

@ Knockoffs statistics (W < RP): comparison of predictability between the original
covariate and its knockoff.

© Threshold: it is data-dependent and given by

1+#{: W, <t}
F W= v 5"}'

T; = min{t e .
and +-oo if empty.
This procedure provides FDR control!/(FDR({j : W, > Tg}) <Qq)

NERERET . A
FDP(S) := FDR(S) := E {FDP(S)} .

‘é‘w
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FDR control: HRT loses power due to the train—test split

Inference Results (R HRT=0.884, R? Semi_K0=0.910)

T
oca [] N[ -] [ |
- |
dCRT + ' : #
1
3 oo o — ] | : o
o 1
£ i ||| | {
(7} |
= smosems 4 ||~ ! |
1
SemiK0_Wicox i o | —— : 4
1
1
Semi_KO_Wilcox_perm5 4{ ' '
Ko wicox» — ,
100 10! 102 0.5 0.6 0.7 0.8 0.9 1.0 0.0 0.2 0.4 0.6 0.5 0.6 0.7 0.8 0.9 1.0
Time (s) Power FDP AUC
Method
Knockoff [ dCRT HRT Semi_KO Semi_KO_perm5 Semi_KO_Wilcox Semi_KO_Wilcox_perm5

Figure 5: FDR control with adjacent support (Gradient Boosting). Let X ~ .47(0,X) with
¥;=0.6/" and y = BT X + ¢, where the first 0.25p entries of B are drawn uniformly from [1,2],
the remaining entries are zero, and € ~ .4/(0,1). mis a gradient boosting, achieving R? = 0.884
with a train—test split and R? = 0.910 without splitting.
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Knockoffs lose control when generating X from highly correlated X

Inference Results (R2 HRT=0.874, R? SKO=0.963)

Knockoff ——— ——— - P —
dCRT o HIH ol i HIH
HRT | —{H U | o -
sko [l o | -l

SKO_p5 | e o d oi —lH

SKO_p10 | o oo——f e [ to o

SKO_Wcx | P | i ° L o

SKO_Wcx_p5 | | [ ———— i cooorfH
0.00 0.25 0.50 0.75 0.00 0.25 0.50 0.75 1.00 0.6 0.8
Power FDP AUC
Method
Knockoff [l dCRT HRT SKO SKO_p5 SKO_p10 SKO_Wcx SKO_Wcx_p5

Figure 6: FDR control in a high-dimensional setting. Let X ~ .#/(0,X) with X; = 0.6/ and

y =BT X +¢, where 0.25p entries of B are selected uniformly at random and drawn from .#(0,1),
the remaining are zero, and € ~ .#/(0,1). We use n= 300 samples and p = 400 features. mis a
lasso, achieving R? = 0.874 with a train—test split and R? = 0.963 without splitting.
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What about the power?

1/n
(H S,-) =exp (:} Z 10gS,-> "= exp {EQ[logS(1)]} (1)
i=1 i=1

One notion of power against a point alternative Q is the log-utility:

E%[logS].
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Exponential vs antisymmetric e-power

o If ¢(m(x,z),y) = —nlog(fy|x z(¥|x,Z2)), Eky is GRO (dominates all antisymmetric).
@ Do antisymmetric e-variables ever dominate?

Thm: Exponential vs Coin-betting e-power
Define predictiveness signal:

A:=E [e(m()?,Z), Y)} _E[((m(X,Z),Y)] >0,

and loss variances: o3 := V(U(m(X,Z),Y)), 02 :=V({(m(X,Z),Y)). Optimal e-powers for
El, and EX are:

A2 g1 A2
log ET | = — + O(A®), Ellog EX | = = ———— + O(A3).
[ ep} 20§ [ “} 207 +A? )
— If 2+A2>1
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e-CRT (Coin betting) vs Model-X (Exponential)

(a) Absolute e-powers (b) Relative e-power 2 (c) Log e-processes
—— Exponential 1.24 —— Exponential NN“’W
0.08 q Coin Betting 53 204 Coin hetting !1
]
-
] @
. 0.06 1 g1l 8154
[ o g
3 = g
2 0.04 4 S0 o 10
w ‘ﬂ_J - =]
H S
0.02 { g 57
0.9 0
0.00
1.2 1.3 1.4 1.5 1.2 1.3 1.4 1.5 0 1000 2000 3000
Noise level Noise level Time step

Figure 7: E-power comparison of the Exponential and Coin Betting across different noise levels.

@ We prove that neither strictly dominates the other in practice.
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e-CRT (Coin betting) vs Model-X (Exponential)

(a) Absolute e-powers (b) Relative e-power 2 (c) Log e-processes
—— Exponential 1.24 —— Exponential NN“’W
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Figure 7: E-power comparison of the Exponential and Coin Betting across different noise levels.

@ We prove that neither strictly dominates the other in practice.
@ Which antisymmetric should we choose?
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Exchangeability GRO e-variable

(AR 2f(1,1)
1,1+ (1, /)] F(1,1)+1(, /)] ’
where f approximates the density of (1,7) via Kernel Density Estimation.
@ The GRO e-variable for testing exchangeability null (A, B) g (B,A)is:
2f(A,B)
f(A,B)+f(B,A)

@ For good approximations f~fand any antisymmetric g:

log <?(/,E/)fi/’?z7,/)>] >E {Iog (1 +g(/,~)>} )

e We simplify the null to (/,1) = (7, /) + Model-X assumption.

e EL ., approximates the GRO among antisymmetric e-variables!

foo_ ~ —F-
Eexon = 1+Ex ; = 5%z

E
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Analysis under the null

Safety experiment, coin betting (mean over 10 seed(s))

Martingales Selected lambda
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— bachsize20 | g g — batchsize 20
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