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Also, hallucinations are a critical weakness...
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Some clues of LLM hallucinations in recent papers...
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LLMs oblivious to
formal XAI !?







� Core premises of non-symbolic XAI disproved� [MH24, HM24, IIM22, Ign20]

[RSG16, LL17, RSG18, Rud19]
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Rigorous explainability with
LIME/SHAP/Anchors is a myth !!!

These papers have
120,000+ citations !!!
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My invited talks at FLoC 2026...

• Invited lecture at SAT/SMT/AR Summer School:
“Problem Solving with SAT Oracles” Jul 13

• Invited talk at the SAT 2026 conference:
“Trustable Explainable AI: SAT to the Rescue” Jul 21

• Invited talk at the KR 2026 conference:
“Rigorous Explainability by Feature Attribution: From SHAP to nuSHAP” Jul 23

• Invited talk at the PCCR 2026 workshop:
“Logic-Based Explainable AI” Jul 25
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My invited talks at FLoC 2026... so, rationale for these talks?

• Invited lecture at SAT/SMT/AR Summer School:
“Problem Solving with SAT Oracles” Jul 13

• Invited talk at the SAT 2026 conference:
“Trustable Explainable AI: SAT to the Rescue” Jul 21

• Invited talk at the KR 2026 conference:
“Rigorous Explainability by Feature Attribution : From SHAP to nuSHAP” Jul 23

• Invited talk at the PCCR 2026 workshop:
“Logic-Based Explainable AI” Jul 25

Feature selection

Talks on formal XAI cover the myths of non-symbolic XAI
11 / 49



Quoting M. Vardi, from a talk some years ago...



Quoting M. Vardi, from a talk some years ago...

Our work on
XAI since 2019!



Outline

A Glimpse of Symbolic XAI

The Flaws of Shapley Values for XAI

Correcting Shapley Values for XAI – Theory

Correcting Shapley Values for XAI – Practice

Wrap-up



Definitions – classification problems

• Set of features F = {1, 2, . . . ,m}, each feature i taking values from domain Di

• Features can be categorical, discrete or real-valued
• Feature space: F = Πm

i=1Di

• Set of classes K = {c1, . . . , cK}

• ML model M computes a (non-constant) classification function κ : F → K

• Instance (v, c), for point v = (v1, . . . , vm) ∈ F, with prediction c = κ(v), c ∈ K
• Goal: compute explanations for (v, c)

• Framework can be extended to regression problems [MS24]

• In this talk: κ replaced by ρ for regression problems...
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Symbolic explanations – intuition
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• Domains: Di = {0, 1}, i = 1, 2, 3, 4

• Feature space: F = {0, 1}4

• Classes: K = {0, 1}
• κ defined by DT

• Instance: ((0, 0, 1, 1), 1)

• Abductive explanation answers question “Why (the prediction)?” as a rule:
• E.g. IF ¬x1 ∧ ¬x2 ∧ x4 THEN κ(x) = 1

• Contrastive explanation answers question “Why Not (some other prediction)?”
• E.g. ¬x1 ∧ ¬x2 ∧ x3 ∧ ¬x4 is consistent with κ(x) = 0

• Explanations represented by sets of features (other details left implicit)
• E.g. {1, 2, 4} or {4}
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Formal explanations – definition

• Instance (v, c), i.e. c = κ(v)

• Weak abductive explanation (WAXp) – answer to Why? question: [SCD18, INM19a]

WeakAXp(X ) := ∀(x ∈ F).
∧

j∈X
(xj = vj)→(κ(x) = c)

• Weak contrastive explanation (WCXp) – answer to Why Not? question: [Mil19, INAM20]

WeakCXp(Y) := ∃(x ∈ F).
∧

j̸∈Y
(xj = vj) ∧ (κ(x) ̸= c)

• We seek subset-minimal sets (i.e. with no redundancy):

• AXp(X ) := WeakAXp(X ) ∧ ∀(X ′ ⊊ X ).¬WeakAXp(X ′)

• CXp(Y) := WeakCXp(Y) ∧ ∀(Y ′ ⊊ Y).¬WeakCXp(Y ′)

• Each AXp is minimal hitting set (MHS) of CXps and vice-versa [INAM20, INM19b]

• Builds on work of R. Reiter in MBD [Rei87]
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Goal is to encode
NNs, RFs, BTs, etc.
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I.e. adversarial
example in ML

Goal is to encode
NNs, RFs, BTs, etc.

Consistency decided with
automated reasoners (SAT, SMT, ...)
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An example

x1
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• Domains: Di = {0, 1}, i = 1, 2, 3, 4

• Feature space: F = {0, 1}4

• Classes: K = {0, 1}
• κ defined by DT

• Instance: ((0, 0, 1, 1), 1)

• {1, 2, 4} is a weak AXp: ∀(x ∈ F).(¬x1 ∧ ¬x2 ∧ x4)→(κ(x) = 1)

• It is not subset-minimal; {1, 2, 4} is not an AXp

• {1, 4} is also a weak AXp, i.e. ∀(x ∈ F).(¬x1 ∧ x4)→(κ(x) = 1)

• And, it is subset-minimal; {1, 4} is an AXp

• {4} is a weak CXp, i.e. ∃(x ∈ F).(¬x1 ∧ ¬x2 ∧ x3) ∧ (κ(x) ̸= 1)

• E.g. (0, 0, 1, 0)
• And, it is subset-minimal; {4} is a CXp
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AXps {1, 4}, {3, 4}

CXps {{4}, {1, 3}}
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• E.g. (0, 0, 1, 0)
• And, it is subset-minimal; {4} is a CXp

AXps {1, 4}, {3, 4}

CXps {{4}, {1, 3}}

Hitting-set duality
used ubiquitously!
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Logic-based abduction vs. abductive explanations

Logic-based abduction [EG95]

• Tuple: P = ⟨V,H,M,R⟩
• V: Finite set of propositional variables
• H: Set of hypotheses
• M ⊆ V: Set of manifestations
• R: Consistent theory

• A solution for P is subset-minimal S ⊆ H such that,
1. R ∪ S⊭ ⊥, and
2. R ∪ S⊨ M

AXps formulated as logic-based abduction [INM19a]

• Define hj→(xj = vj), j ∈ F , and o↔(κ(x) = c); and let H ≜ {hj | j ∈ F}, M ≜ {o}
• Let R ≜ ∧j∈FEncode(hj→(xj = vj) ∧ Encode(o↔(κ(x) = c)), with V ≜ vars(R), M ≜ {o}
• Then, a solution S to P = ⟨V,H,M,R⟩ is such that

1. R ∪ S⊭ ⊥: holds trivially, any partial input consistent with ML model
2. R ∪ S⊨ M: prediction sufficiency holds

• Thus, an AXp is a solution to a logic-based abduction problem
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• Thus, an AXp is a solution to a logic-based abduction problem

Can also be formulated as MUSes/MCSes, or prime implicants, or ...
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• Define hj→(xj = vj), j ∈ F , and o↔(κ(x) = c); and let H ≜ {hj | j ∈ F}, M ≜ {o}
• Let R ≜ ∧j∈FEncode(hj→(xj = vj) ∧ Encode(o↔(κ(x) = c)), with V ≜ vars(R), M ≜ {o}
• Then, a solution S to P = ⟨V,H,M,R⟩ is such that

1. R ∪ S⊭ ⊥: holds trivially, any partial input consistent with ML model
2. R ∪ S⊨ M: prediction sufficiency holds

• Thus, an AXp is a solution to a logic-based abduction problem
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work to making an impact in ML?
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Progress in symbolic XAI – until 2022

[INM19c, IIM20, MGC+20, MGC+21, HIIM21, IMS21, IM21, CM21, IIM22, HII+22, IISMS22]
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Progress on computing one XP
• Advances between 2018 and 2022:

• Polynomial-time:
• Naive-Bayes classifiers (NBCs) [MGC+20]

• Decision trees (DTs) [IIM20, HIIM21, IIM22]

• XpG’s: DTs, OBDDs, OMDDs, etc. [HIIM21]

• Monotonic classifiers [MGC+21]

• Propositional languages (e.g. d-DNNF, ...) [HII+22]

• Additional results [CM21, HII+22, CM23, BKR+25]

• Comp. hard, but effective (efficient in practice):
• Random forests (RFs) [IMS21, IISMS22]

• Decision lists (DLs) [IM21]

• Boosted trees (BTs) [INM19c, IISMS22]

• Comp. hard, and ineffective (hard in practice):
• Neural networks (NNs) [INM19a]

• Bayesian networks (BNs) [SCD18]
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Progress in symbolic XAI – recent progress

[INM19c, IIM20, MGC+20, MGC+21, HIIM21, IMS21, IM21, CM21, IIM22, HII+22, IISMS22, HM23a, IHM+24a]
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Progress on computing one XP
• Advances up until 2024:

• Polynomial-time:
• Naive-Bayes classifiers (NBCs) [MGC+20]

• Decision trees (DTs) [IIM20, HIIM21, IIM22]

• XpG’s: DTs, OBDDs, OMDDs, etc. [HIIM21]

• Monotonic classifiers [MGC+21]

• Propositional languages (e.g. d-DNNF, ...) [HII+22]

• Additional results [CM21, HII+22, CM23, BKR+25]

• Comp. hard, but effective (efficient in practice):
• Random forests (RFs) [IMS21, IISMS22]

• Decision lists (DLs) [IM21]

• Boosted trees (BTs) [INM19c, IISMS22]

• Comp. hard, but some practical scalability:
• Neural networks (NNs) [HM23a, IHM+24a, IHM+24b]

• Comp. hard, and ineffective (hard in practice):
• Bayesian networks (BNs) [SCD18]
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The emergence of symbolic explainability – timeline

2018/19 2020/21 2021/22 2022/23 2023/24 2024/25

XP definitions

AXp, CXp, duality

Tractability

DTs, NBCs, etc.

Efficient solutions

RFs, DLs, BTs, etc.

Queries

Relev., Enum., etc.

Input distrib.

Inp. constr.

Prob. XPs

DTs, NBCs, etc.

Feat. attr.

Oblique DTs
Certification

Distil., etc.

DNNs

SHAP Scores

Inflated XPs

drXPs

Since 2025: Corrected SHAP Scores, Sample-based Xps,
Certification, Rule-ensembles, other ML models, etc.
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A key ingredient – feature relevancy [HIIM21]

• Consider instance (v, c)
• Sets of all AXp’s & CXp’s:

A := {X ⊆ F |AXp(X )}

C := {X ⊆ F | CXp(X )}

• Features occurring in some AXp in A and in some CXp in C:

FA :=
∪

X∈A X

FC :=
∪

X∈C X

• Claim: FA = FC
• I.e. a feature exists in some AXp iff it exists in some CXp

• A feature i ∈ F is relevant if i ∈ FA (and so, if i ∈ FC)
• A feature is relevant if it is included in some AXp (or CXp)

• A feature i ∈ F is irrelevant if i ̸∈ FA (and so, if i ̸∈ FC)
• A feature is irrelevant if it is not included in any AXp (or CXp)
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An example

• Consider the classifier:
κ(x1, x2, x3, x4) =

∨4

i=1
xi

• (v, c) = ((0, 0, 0, 1), 1)

• A = {{4}} = C
• Why?

• If 4 fixed, then prediction must be 1
• If 4 is allowed to change, then prediction changes
• Values of 1, 2, 3 not used to fix/change the prediction

• Feature 4 is relevant, since it is included in one (and the only) AXp/CXp

• Features 1, 2, 3 are irrelevant, since there are not included in any AXp/CXp

• Obs: irrelevant features are absolutely unimportant !
We could propose some other explanation by adding features 1, 2 or 3 to AXp {4}, but
prediction would remain unchanged for any value assigned to those features

• And we aim for irreducibility (Occam’s razor is a mainstay of AI/ML)
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Another key ingredient – model-agnostic sample-based XAI [MLM25]

• A sample S is a subset of feature space F; a prediction pi is associated with each vi ∈ S

• Target instance: (v, c), WLOG included in S

• Sample-based weak abductive explanation (sbWAXp, WAXp)

WeakAXp(X ) := ∀(x ∈ S).
∧

j∈X
(xj = vj)→(κ(x) = c)

• Sample-based weak contrastive explanation (sbWCXp, WCXp)

WeakCXp(Y) := ∃(x ∈ S).
∧

j̸∈Y
(xj = vj) ∧ (κ(x) ̸= c)

• Each AXp (resp. CXp) is a subset-minimal WAXp (resp. WCXp) with respect to the predicate
• Literals with relational operators other than = can be used

• Same applies to the case of model-aware AXps/CXps [IISM24]

NOTE: the sample can be your training data and/or
you can sample the ML model as much as you wish !
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Example of a sample, with instance ((1, 1, 1, 1), 1)

# x1 x2 x3 x4 κ(·)

00 0 0 0 0 0
02 0 0 1 0 0
03 0 0 1 1 0
06 0 1 1 0 0
08 1 0 0 0 1
12 1 1 0 0 1
15 1 1 1 1 1

• How can we change prediction, given the
sample?

• Move from row id 15 to one row taken out
of {00, 02, 03, 06}

• Reduced matrix, with instances having prediction other than 1

• Number of (W)CXps not larger than sample, and so polynomial on the input !

∴ sample-based explainability can
use the algorithms developed for DTs !
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∴ sample-based explainability can
use the algorithms developed for DTs !
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Sample-based formal explanations

[MLM25]

• Set of CXps is linear on size of sample [MLM25]

• Set of CXps computed in polynomial time [MLM25]

• One AXp computed in polynomial time [CA23]

• Computing one smallest AXp is NP-hard [RS23, MLM25]

• MaxSAT encoding used for DTs can be used verbatim for smallest sample-based explanations

• Enumeration of AXps is in quasi-polynomial time; or just use a SAT oracle

• And formal explanations are rigorous !
• Obs: Anchors can produce incorrect explanations (talk on Tue...)
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Wrap-up



What are Shapley values?

• First proposed in game theory in the early 50s by L. S. Shapley [Sha53]

• Measures the contribution of each player to a cooperative game (υ,N)

• Application in XAI since the 2000s [LC01, SK10, SK14, DSZ16, LL17, ABBM21, VLSS21, VLSS22, ABBM23]

• Popularized by SHAP [LL17]

• Used for feature attribution, i.e. relative feature importance

• Shapley values are becoming ubiquitous in XAI...

• Q: Do Shapley values for XAI really provide a rigorous measure of feature importance?
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How are Shapley values used in explainability?

• Instance: (v, c)

• Υ: 2F → 2F defined by, [ABBM21, ABBM23]

Υ(S) = {x ∈ F | ∧i∈S xi = vi}

Υ(S) gives points in feature space having the features in S fixed to their values in v

• ϕ: 2F → R defined by,
ϕ(S) = 1/2|F\S|

∑
x∈Υ(S)

κ(x) = υe(S)

ϕ(S) represents the expected value of the classifier on the points given by Υ(S)
• Sc: F → R defined by,

Sc(i) =
∑

S⊆(F\{i})
|S|!(|F| − |S| − 1)!/|F|! × (ϕ(S ∪ {i})− ϕ(S))

For all subsets of features, excluding i, compute the expected value of the classifier, with and without i
fixed, weighted by 1

n
( n
|S|

)−1

• Obs: Uniform distribution assumed; it suffices for our purposes
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fixed, weighted by 1

n
( n
|S|

)−1

• Obs: Uniform distribution assumed; it suffices for our purposes

Marginal contribution
(in SHAP lingo)!
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How are Shapley values computed in practice?

example SHAP output...

• Exact evaluation is computationally (very) hard [VLSS21, ABBM21, VLSS22, ABBM23, HM24]

• SHAP proposes a sample-based approach; with no guarantees of rigor [LL17]

• Recent experiments revealed little to no correlation between Shapley values and SHAP’s
results [HM23b]

• Polynomial-time algorithm for deterministic decomposable boolean circuits [ABBM21]

• Polynomial-time algorithm for boolean functions represented with a truth-table [HM23b]
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What do Shapley values tell in terms of feature importance?

• [SK10] reads:
“According to the 2nd axiom, if two features values have an identical influence on the
prediction they are assigned contributions of equal size. The 3rd axiom says that if a
feature has no influence on the prediction it is assigned a contribution of 0.”
(Obs: the axioms refer to the axiomatic characterization of Shapley values.)

• [SK10] also reads:
“When viewed together, these properties ensure that any effect the features might have
on the classifiers output will be reflected in the generated contributions, which effectively
deals with the issues of previous general explanation methods.”

• Obs: Shapley values are defined axiomatically, i.e. no immediate relationship with
AXp’s/CXp’s or with feature (ir)relevancy

• Qs: can we have irrelevant features with a non-zero Shapley value, and/or relevant features
with a Shapley of zero?

• Recall: relevant features occur in some AXp/CXp; irrelevant features do not occur in any AXp/CXp
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Shapley values vs. feature (ir)relevancy – identified issues [HM23b, HM23c, HM23d, MH23, HM24, MH24]

• Boolean classifier, instance (v, c), and some i, i1, i2 ∈ F :

• Issue I1 occurs if,
Irrelevant(i) ∧ (Sv(i) ̸= 0)

• Issue I2 occurs if,
Irrelevant(i1) ∧ Relevant(i2) ∧ (|Sv(i1)| > |Sv(i2)|)

• Issue I3 occurs if,
Relevant(i) ∧ (Sv(i) = 0)

• Issue I4 occurs if,

[Irrelevant(i1) ∧ (Sv(i1) ̸= 0)] ∧ [Relevant(i2) ∧ (Sv(i2) = 0)]

• Issue I5 occurs if,
[Irrelevant(i) ∧ ∀1≤j≤m,j̸=i (|Sv(j)| < |Sv(i)|)]
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Any of these issues is a cause
of (serious) concern per se!
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Some stats – all boolean functions with 4 variables [HM23b, HM23c, HM23d, MH23, HM24, MH24]

Issue-related metric Value Recap issue

# of functions 65536
# number of instances 1048576

# of I1 issues 781696
# of functions with I1 issues 65320
% I1 issues / function 99.67 [Irrelevant(i) ∧ (Sv(i) ̸= 0)]

# of I2 issues 105184
# of functions with I2 issues 40448
% I2 issues / function 61.72 [Irrelevant(i1) ∧ Relevant(i2) ∧ (|Sv(i1)| > |Sv(i2)|)]

# of I3 issues 43008
# of functions with I3 issues 7800
% I3 issues / function 11.90 [Relevant(i) ∧ (Sv(i) = 0)]

# of I4 issues 5728
# of functions with I4 issues 2592
% I4 issues / function 3.96 [Irrelevant(i1) ∧ (Sv(i1) ̸= 0)] ∧ [Relevant(i2) ∧ (Sv(i2) = 0)]

# of I5 issues 1664
# of functions with I5 issues 1248
% I5 issues / function 1.90 [Irrelevant(i) ∧ ∀1≤j≤m,j ̸=i (|Sv(j)| < |Sv(i)|)]
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Previous results do matter! Let’s go non-boolean...

x1

x3

x2

4 7

0

1

∈ {0}

∈ {1}

∈ {0} ∈ {1}

∈ {0, 2}

∈ {1}
1

2

4

6 7

5

3

DT1

row # x1 x2 x3 κ1(x) κ2(x)
1 0 0 0 0 0
2 0 0 1 4 2
3 0 0 2 0 0
4 0 1 0 0 0
5 0 1 1 7 3
6 0 1 2 0 0
7 1 0 0 1 1
8 1 0 1 1 1
9 1 0 2 1 1
10 1 1 0 1 1
11 1 1 1 1 1
12 1 1 2 1 1

Tabular representations

x1

x3

x2

2 3

0

1

∈ {0}

∈ {1}

∈ {0} ∈ {1}

∈ {0, 2}

∈ {1}
1

2

4

6 7

5

3

DT2

XPs: AXps/CXps
DT AXps CXps
DT1 {1} {1}
DT2 {1} {1}

Adversarial examples
DT minimal AEs
DT1 {1}
DT2 {1}

Shapley values

in theory

DT Sc(1) Sc(2) Sc(3)
DT1 0.000 0.083 -0.500

!!!

DT2 0.278 0.028 -0.222

!!

∴ Shapley values can mislead
human decision-makers !

Sv issues also occur
in practice [HM23d]
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Instance ((1, 1, 2), 1) – which feature matters the most for prediction 1?
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11 1 1 1 1 1
12 1 1 2 1 1
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DT minimal AEs
DT1 {1}
DT2 {1}

Shapley values

in theory

DT Sc(1) Sc(2) Sc(3)
DT1 0.000 0.083 -0.500

!!!

DT2 0.278 0.028 -0.222

!!

∴ Shapley values can mislead
human decision-makers !

Sv issues also occur
in practice [HM23d]
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Another example – arbitrary mistakes!

[LHAM24]

x1

x2

1 − 6α 1 + 2α

1

∈ {0}

∈ {0} ∈ {1}

∈ {1}
1

2

4 5

3

• Instance: ((1, 1), 1)
• Obs: α ̸= 0

• Sc(1) = 0

• Sc(2) = α
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1 − 6α 1 + 2α

1

∈ {0}
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1
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3

• Instance: ((1, 1), 1)
• Obs: α ̸= 0

• Sc(1) = 0

• Sc(2) = α (you can pick the α...)

Note: example devised in 2024 by O. Letoffe, PhD student at IRIT
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More detail

row x1 x2 ρ(x) ρa(x)
α = 1/2

ρb(x)
α = 1/4

1 0 0 1− 6α −2 −1/2

2 0 1 1 + 2α 2 3/2

3 1 0 1 1 1
4 1 1 1 1 1

x1

x2

1 − 6α 1 + 2α

1

∈ {0}

∈ {0} ∈ {1}

∈ {1}
1

2

4 5

3

S rows(S) υe(S)

∅ 1, 2, 3, 4 1− α

{x1} 3, 4 1

{x2} 2, 4 1 + α

{x1, x2} 4 1

i = 1

S υe(S) υe(S ∪ {1}) ∆1(S) ς(S) ς(S)×∆1(S)

∅ 1− α 1 α 1/2 α/2

{2} 1 + α 1 −α 1/2 −α/2

ScE(1) = 0
i = 2

S υe(S) υe(S ∪ {2}) ∆2(S) ς(S) ς(S)×∆2(S)

∅ 1− α 1 + α 2α 1/2 α

{1} 1 1 0 1/2 0

ScE(2) = α
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SHAP scores also fail with regression models

[LHM24b]

• Let F = {1, 2}, D1 = D2 = D = [−1/2, 3/2], F = D × D

• Also, let D+ = [1/2, 3/2] and D− = D \ D+

• Regression model maps to real values, i.e. K = R:

ρ2(x1, x2) =


x1 if x1 ∈ D+

x2 − 2 if x1 ̸∈ D+ ∧ x2 ̸∈ D+

x2 + 1 if x1 ̸∈ D+ ∧ x2 ∈ D+

• Average values unchanged (wrt previous example), and so Sc(1) = 0 and Sc(2) = α
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SHAP scores fail even when Lipschitz continuity holds!

[LHM24b]

ρ3(x1, x2) =



x1 if x2 ≤ 1 ∧ αx1 ≤ α

(1 + 4|α|)x1 − 4|α| if x2 ≤ 1 ∧ αx1 ≥ α

28|α|x1x2 + (1− 28|α|)x1 − 28|α|x2 + 28|α| if x2 ≥ 1 ∧ αx1 ≤ α

−4|α|x1x2 + (1 + 8|α|)x1 + 4|α|x2 − 8|α| if x2 ≥ 1 ∧ αx1 ≥ α

• As before, average values unchanged, and so Sc(1) = 0 and Sc(2) = α
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−4|α|x1x2 + (1 + 8|α|)x1 + 4|α|x2 − 8|α| if x2 ≥ 1 ∧ αx1 ≥ α

• As before, average values unchanged, and so Sc(1) = 0 and Sc(2) = α

NOTE: SHAP scores also fail with arbitrary differentiability !
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Corrected SHAP scores & feature importance scores

[LHM24a, LHAM24]

• Is the theory of Shapley values incorrect?

• What is flawed is the characteristic function used in XAI [SK10, SK14, LL17]

• In XAI: characteristic function uses the expected value
• This defines the marginal contribution in SHAP lingo...

• Replace characteristic function based on expected values by new characteristic function
based on AXps/WAXps [LHM24a]

• Resulting scores are (still) Shapley values & identified issues no longer observed

• Observed tight connection between feature attribution and power indices from a priori
voting power
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An initial compromise

[LHAM24]

• Replace the characteristic function used for SHAP scores:

υe(S) := E[τ(x) | xS = vS ]

• Recall the similarity predicate:

σ(x) =
{

1 if (κ(x) = κ(v))
0 otherwise

• The new characteristic function becomes:
υs(S) := E[σ(x) | xS = vS ]

• Issues with non-boolean classifiers disappear; issues with boolean classifiers remain

• Developed SSHAP prototype using SHAP’s code base [LHM24a]

41 / 49



An initial compromise

[LHAM24]

• Replace the characteristic function used for SHAP scores:

υe(S) := E[τ(x) | xS = vS ]

• Recall the similarity predicate:

σ(x) =
{

1 if (κ(x) = κ(v))
0 otherwise

• The new characteristic function becomes:
υs(S) := E[σ(x) | xS = vS ]

• Issues with non-boolean classifiers disappear; issues with boolean classifiers remain

• Developed SSHAP prototype using SHAP’s code base [LHM24a]

41 / 49



An initial compromise

[LHAM24]

• Replace the characteristic function used for SHAP scores:

υe(S) := E[τ(x) | xS = vS ]

• Recall the similarity predicate:

σ(x) =
{

1 if (κ(x) = κ(v))
0 otherwise

• The new characteristic function becomes:
υs(S) := E[σ(x) | xS = vS ]

• Issues with non-boolean classifiers disappear; issues with boolean classifiers remain

• Developed SSHAP prototype using SHAP’s code base [LHM24a]

41 / 49



An initial compromise

[LHAM24]

• Replace the characteristic function used for SHAP scores:

υe(S) := E[τ(x) | xS = vS ]

• Recall the similarity predicate:

σ(x) =
{

1 if (κ(x) = κ(v))
0 otherwise

• The new characteristic function becomes:
υs(S) := E[σ(x) | xS = vS ]

• Issues with non-boolean classifiers disappear; issues with boolean classifiers remain

• Developed SSHAP prototype using SHAP’s code base [LHM24a]

41 / 49



An initial compromise

[LHAM24]

• Replace the characteristic function used for SHAP scores:

υe(S) := E[τ(x) | xS = vS ]

• Recall the similarity predicate:

σ(x) =
{

1 if (κ(x) = κ(v))
0 otherwise

• The new characteristic function becomes:
υs(S) := E[σ(x) | xS = vS ]

• Issues with non-boolean classifiers disappear; issues with boolean classifiers remain

• Developed SSHAP prototype using SHAP’s code base [LHM24a]

41 / 49



Fixing the known issues of SHAP scores

• New characteristic function (based on WAXps):

υa(S) :=

{
1 if WAXp(S)
0 otherwise

• Known issues of SHAP scores guaranteed not to occur (more later)

• Corrected SHAP scores reveal tight connection between XAI by feature selection (i.e.
WAXps) and feature attribution
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A glimpse of NuSHAP [MHL25]

• Shapley values estimated with well-known algorithm – CGT [CGT09]

• Strong theoretical guarantees on approximation of Shapley values
• With enough sampling, given by ϵ and α:

Prob[|Ŝc(i)− Sc(i)| ≤ ϵ] ≥ 1− α

• E.g. we used ϵ = 0.0015 and α = 0.015

• Replace expected value with novel characteristic function: test for WAXp

• Model-aware WAXp checking unrealistic for highly complex models
• And CGT may require a very large number of WAXp checks

• NuSHAP uses model-agnostic (and sample-based) WAXp checking
• Polynomial-time algorithm
• Flexibility in the sample chosen, e.g. training data
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• Model-aware WAXp checking unrealistic for highly complex models

• And CGT may require a very large number of WAXp checks

• NuSHAP uses model-agnostic (and sample-based) WAXp checking
• Polynomial-time algorithm
• Flexibility in the sample chosen, e.g. training data
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NuSHAP vs. *SHAP

• Compute SHAP scores with NuSHAP and SHAP
• Compare features’ rankings using Rank-Biased Overlap (RBO) [WMZ10]

• Give weight to differences in first k elements of ranking
• E.g. RBO([0, 1, 2, 3, 4, 5, 6, 7, 8, 9], [0, 1, 2, 3, 4, 5, 6, 7, 8, 9], k = 5) = 1.0

• Results for different datasets and ML models (using scikit, XGBoost):
• LR: (adult, corral); DT: (iris, mux6); kNN: (connect_4, spambase, spectf);
BT: (clean1, coil2000, dna); CNN: (MNIST)
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NuSHAP vs. *SHAP – run times

• Compute SHAP scores with NuSHAP and SHAP
• Compare features’ rankings using Rank-Biased Overlap (RBO) [WMZ10]

• Give weight to differences in first k elements of ranking
• E.g. RBO([0, 1, 2, 3, 4, 5, 6, 7, 8, 9], [5, 6, 7, 8, 9, 0, 1, 2, 3, 4], k = 5) = 0.0
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nuSHAP vs. |SHAP| 0.31 0.5 0.84 0.69 0.19 0.42 0.19 0.17 0.08 0.43 0.0

Tool SHAP produces results of very poor quality!
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• LR: (adult, corral); DT: (iris, mux6); kNN: (connect_4, spambase, spectf);
BT: (clean1, coil2000, dna); CNN: (MNIST)

adult corral iris mux6 connect_4 spambase spectf clean1 coil2000 dna MNIST

SHAP 3.4 0.1 0.0 0.0 21.7 0.5 0.7 6.8 28.2 23.0 281.3
nuSHAP 1.9 1.5 1.5 1.5 4.5 2.7 2.9 2.7 1.7 4.5 48.9
#Samples 68045.5 63.7 955.4 63.9 9202.5 13654.1 36459.5 3929.6 2960.8 2756.8 2929.9
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Outline

A Glimpse of Symbolic XAI

The Flaws of Shapley Values for XAI

Correcting Shapley Values for XAI – Theory

Correcting Shapley Values for XAI – Practice

Wrap-up

Some words of concern...



Can non-symbolic XAI’s myths be stopped?

SHAP on 2023/05/31:

But: theoretical SHAP scores can mislead
& results of tool SHAP of poor quality!
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Can non-symbolic XAI’s myths be stopped?

SHAP on 2024/09/15:

But: theoretical SHAP scores can mislead
& results of tool SHAP of poor quality!
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Can non-symbolic XAI’s myths be stopped?

SHAP on 2025/01/12:

But: theoretical SHAP scores can mislead
& results of tool SHAP of poor quality!

45 / 49



Can non-symbolic XAI’s myths be stopped?

SHAP on 2026/07/16:

But: theoretical SHAP scores can mislead
& results of tool SHAP of poor quality!
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SHAP on 2026/07/16: But: theoretical SHAP scores can mislead
& results of tool SHAP of poor quality!
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Many, many high-risk uses of SHAP & clones
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What next?
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What next? Massive retraction (of tens hundreds of thousands) of papers??

thanks to ChatGPT...
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What next? Massive retraction (of tens hundreds of thousands) of papers??

thanks to ChatGPT...& beware of high-risk uses of SHAP!
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What’s the bottom line?

• Use(r)s of non-symbolic XAI experience a persistent “Don’t Look Up” moment...

BTW, there are a multitude
of proposed uses of
LIME/SHAP in medicine... �
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Conclusions

• Brief contact with logic-based symbolic XAI
• Rigorous definition of abductive/constrastive explanations

• Highlighted the flaws of Shapley values for XAI, i.e. the SHAP scores

• Detailed corrections to Shapley values for XAI
• Right connection between logic-based XAI by feature selection and (corrected) XAI by feature
attribution

• Overviewed nuSHAP
• Still a prototype...

• Research directions?

• Several ongoing collaborations...
• ... EU funding agencies averse to sponsor our research on formal XAI...

• Non-symbolic XAI methods, e.g. SHAP, rather popular ...
• Challenge accepted!
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Q & A

“Research is seeing what everybody else has
seen and thinking what nobody else has
thought.”
(A. Szent-Gyorgyi)

Acknowledgments:
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