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Recap: The Standard Interpretable Model

Parameter update
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Recap: Blueprint for interpretable models

Blueprint for interpretable models

CONCEPT BOTTLENECK MODEL
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embedding_encoder = torch.nn.Sequential(
torch.nn.Linear(n_features, embedding_dims),
torch.nn.LeakyReLU(),
)
c_encoder = pyc.nn.LinearEmbeddingToConcept(
=embedding_dims,
=annotations
)
y_predictor = pyc.nn.LinearConceptToConcept(
=concept_dims,
=task_dims
)
model = torch.nn.ModuleDict({
"embedding_encoder”: embedding_encoder,
“concept_encoder": c_encoder,
"task_predictor": y_predictor
19
embeddings = model["embedding_encoder"](x_train)
c_pred = model["concept_encoder"](embeddings)
y_pred = model["task_predictor"](c_pred)




Recap: Blueprint for interpretable models

CONCEPT BOTTLENECK MODEL
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jenerate concept and task predictions
latent = model["latent_encoder"](x_train)
c_pred = model["concept_encoder"]( =latent)
y_pred = model["task_predictor"]( =c_pred)

f COmpute LOSS

concept_loss = loss_fn(c_pred, c_train)
task_loss = loss_fn(y_pred, y_train)

loss = concept_loss + concept_reg * task_loss

loss.backward()
optimizer.step()



Recap: Interpretable probabilistic models

Blueprint for interpretable
probabilistic models

PROBABILISTIC CONCEPT BOTTLENECK MODEL
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The bottleneck derives from our assumption about the target user of the machine
learning model,
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But concepts are actually more than just a bottleneck
The are a semantic API consumed by (at least) three actors:
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The are a semantic API consumed by (at least) three actors:
e a machine learning encoder model
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But concepts are actually more than just a bottleneck
The are a semantic API consumed by (at least) three actors:
e a machine learning encoder model
e a task predictor

RAR




This semantic interface needs a contract

- How do define the interface such that these three actors communicate efficiently?

- Natural language is appealing, but it weakens our control over the interaction
- a key reason for using interpretable models.
- but see [1]

- Formal languages, e.g. logic, form a middle ground:

- precise enough for machines to manipulate
- still close enough to human meaning

[1] Yamaguchi, Shin'ya, and Kosuke Nishida. "Explanation bottleneck models." AAAI 2025



Bounded
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Assumption: bounded and formal users
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The neurosymbolic integration quest

Subsymbolic Symbolic
Approaches Approaches
data knowledge

learning reasoning



Learning and Reasoning

Learning:

Neural/statistical generalization
from data

Learning: adapting

map inputs to useful outputs (including

large language models and broader
foundation models)

Examples:
o images -> labels
text > embeddings
prompts - generated responses
data - learned representations

O O O O

large-scale corpora - foundation models

Reasoning;:

Deriving conclusions from knowledge,
constraints, or uncertainty

Reasoning means using some
structured mechanism to infer what
follows from what we know. This can

be or both.

/

Examples:
O facts + rules » conclusions
O constraints = allowed solutions

O evidence + probabilities » updated

beliefs

O formulas/programs - consequences
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Learning:

Neural/statistical generalization

from data

?
raw input — symbolic predicates

Reasoning;:

Deriving conclusions from knowledge,
constraints, or uncertainty

0.8::has_wings(x) /\ has_beak(x) » bird(x)
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The neural predicate
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Learning: Reasoning;:

Neural/statistical generalization Deriving conclusions from knowledge,
from data constraints, or uncertainty

0.8::has_wings(x) /\ has_beak(x) » bird(x)

PROBA
BILITY

?
raw input — symbolic predicates

Same big challenge that CBM



The formal language contract

We need to specify:
1) Syntax:

a) Vocabulary of symbols (predicates and entities)
b) The arities of the predicates

e.g. predicates = {sunny, tall, funny, fatherOf}
entities = {bart, homer, lisa, ...}
arities: sunny/0, tall/1, funny/1, fatherOf/2



The formal language contract

We need to specify:
1) Syntax

2) Semantics:
a) what values do we allow?
b) which values do we assign at each symbol?

e.g. True/False, [0,1], (o0, +), R"
sunny = 0.8
fatherOf(homer,bart) = True



The formal language contract

We need to specify:
1) Syntax
2) Semantics

The neurosymbolic twist: the conditional semantics

is sunny="True in this particular context:




The formal language contract

We need to specify:
1) Syntax
2) Semantics

The neurosymbolic twist: the conditional semantics

Is happy(gn’l) True in this partlcular context: E Il
and 1S happy(dog) True? 5



The formal language contract

We need to specify:

1) Syntax

2) Semantics

3) Connectives [ Operators / Algebra

a) how do we compose the symbols to create more complex sentences?



The Concept Bottleneck Model contract

1) Syntax:
a) Vocabulary of symbols (predicates and entities)
b) The arities of the predicates

2) Semantics:

a) what values do we allow?
b) which values do we assign at each symbol?



The Concept Bottleneck Model contract

1) Syntax:

a) Vocabulary of symbols (predicates and entities)

b) The arities of the predicates

2) Semantics:

a) what values do we allow?

b) which values do we assign at each symbol?



The Concept Bottleneck Model contract

1) Syntax:

a) Vocabulary of symbols (predicates and entities)

b) The arities of the predicates
2) Semantics:

a) what values do we allow?
b) which values do we assign at each symbol?
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The Concept Bottleneck Model contract

1) Syntax:

a) Vocabulary of symbols (predicates and entities)

b) The arities of the predicates
2) Semantics:

a) what values do we allow?
b) which values do we assign at each symbol?
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Failure: Incomplete vocabulary

Concepts lead to an information bottleneck in the model if the

Data Distribution Bounded Concept Task Prediction
Representations

Design of P(C|X)



Failure: Incomplete vocabulary

Concepts lead to an information bottleneck in the model if the

CBM Concept Efficiency (CUB)
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Failure: Incomplete vocabulary
automated concept discovery

This can be turned into a fully automated pipeline if we exploit language models as
knowledge bases for extracting concept descriptions:

“List the most important features for
recognizing something as a {class}.”

[1] Oikarinen et al. "Label-Free Concept Bottleneck Models." ICLR (2023). Design of P(C|X)
[2] Yang, Yue, et al. "Language in a bottle: Language model guided concept bottlenecks for interpretable image classification." IEEE/CVF 2023.



https://arxiv.org/abs/2304.06129

Automating concept discovery

Label-free CBMs achieve this by introducing filtering rules and a projection matrix that

produces sparse and discriminative scores aligned to CLIP’s similarity scores

Step 2: Compute embedding f(x) &  Step 3: Compute CBL coefficient

concept matrix P

Input imgs x4, -, x,

Embeddings

concept 1
—p  CONCEPL 2

Label-free ' ——
[ | Backbone transform

f&) fo(x) = W.f(x) conc
c B M f(x1)  flxn)

Concept Matrix
Inner | E(x,) - Eqlt,)

Step 1: Generate and product i) Edty) |

filter ‘ '

| Efx) - Erdty) |

| —s a seat
Filtering | butter
dirt
\ markings )

[1] Oikarinen et al. "Label-Free Concept Bottleneck Models." ICLR (2023).

by max similarity between f_and P

Concept bottleneck layer (CBL)

t U Step 4: Train a sparse FC
layer W on f(x)
Predicted class §
¥ = argmaxe(12,..4,) Zi
—) Bridge, car, ..., cloud

FC layer 1 P In
z = Wefe(x)

fe(x1)  fe(xn)

(Notations)
E(x,) - Ex{ty) x; € R%

; E«(Xy) N ET(tm) f(x) € Rd

WC € RMXd

fo(x) ERM
E\{xy) - Eq{ty) 7 € R4z

WF € Rd,xM

Design of P(C|X)


https://arxiv.org/abs/2304.06129

Automating concept discovery

Two ideas:

1. Concept filtering: LLMs generate non-visual, redundant, and ambiguous concepts.

Filter them before use.

several seats inside
a street

a steering wheel

four wheels

car
NOT a feeder automobile
4 wheels

a cab for the driver
abed

NOT a trailer

NOT a bow and stern

acar

taillights
NOT a tail

NOT large antlers (on males)

NOT a crew

[1] Oikarinen et al. "Label-Free Concept Bottleneck Models." ICLR (2023).

remove concepts that are too long
remove concepts that are too similar
to the target class names

remove concepts that are too similar
to each other

remove concepts that are not
activated in the training data.

[2] Yang, Yue, et al. "Language in a bottle: Language model guided concept bottlenecks for interpretable image classification." IEEE/CVF 2023.

Design of P(C|X)


https://arxiv.org/abs/2304.06129

Automating concept discovery

Two ideas:
1. Concept filtering: LL.Ms generate non-visual, redundant, and ambiguous concepts

2. Discriminative text-image scores: CLIP scores are naturally saturated and therefore

are not ideal concept scores on their own. Use them only as supervision signal.

[1] Oikarinen et al. "Label-Free Concept Bottleneck Models." ICLR (2023). Design of P(C|X)
[2] Yang, Yue, et al. "Language in a bottle: Language model guided concept bottlenecks for interpretable image classification." IEEE/CVF 2023.
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Automating concept discovery

Language Guided Bottlenecks (LaBo) has a very similar pipeline (same CLIP

backbone)

prompt: describe what the axolot/ looks like:
LLM: The axolotl's limbs are delicate, and the tail is long and thin.
Extract concept using LM and delete class names:
Candidate concepts: limbs are delicate; tail is long and thin

class 1-axolotl t =

S F

5 sul?mf:du}ar k conceptL

optimization

C11

LLM — candidates C:"Z
c},h
class 2-red panda

Sz F
submodular & concepts |

LLM —* candidates —» Otimization

class N-tree frog

Sy F

submodular & concepts
optimization H
\ \ CNk

CN1
LLM —» candidates —> C:‘\""

N classes Generate concepts: Sec 3.4

Concept Space E € RVexd

test im:

1

text encoder

t =

limbs are delicate
tail is long and thin

image encoder
v
xeR?

gills are bright pink

thick, soft fur
reddish brown fur

concept scores: g(x,C) = x - E.T € RV

Em B Beomo ey

ears are also red W € RV*Nc

Class-Concept

(*) dot product
Weight Matrix

toes are long
green body

A4
BT .N)

9 = argmax(g(x,C) - s(W)")

smooth bumpy skin

Select concepts: Sec 3.2  Bottleneck-C (Nc concepts) Predict the label with concepts: Sec 3.3

[1] Yang et al. "Language in a bottle: Language model guided concept bottlenecks for interpretable image classification." CVPR (2023).

Design of P(C|X)


https://arxiv.org/abs/2211.11158

Automating concept discovery

Alternatively, one may filter the concept bank via submodular optimization:

f(Cy):a-ZD(c) + - Z ma,xgb (c1,c9)

ceC)y 026 ¢
Ny J A\ J/
Yl BN
discriminability coverage
Concepts to select for class y
How good is the concept at How good does the filtered
discriminating only a concept set represent the
handful of task labels? original set of candidates?

[1] Yang et al. "Language in a bottle: Language model guided concept bottlenecks for interpretable image classification." CVPR (2023). Design of P(C|X)
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Blueprint for interpretable models

Blueprint for interpretable models

CONCEPT BOTTLENECK MODEL
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What if do not look for a complete set at all?




Failure: Incomplete vocabulary
Adding extra (unsupervised) capacity

CONCEPT BOTTLENECK MODEL

Sidechannel



Failure: Incomplete vocabulary
Adding extra (unsupervised) capacity

¢
L
Unsupervised
Concept Encoder O Extra Capacity Label Predictor
_) 2 ( —) Osteoarthritis Grade
O Narrow Joint
Space

O Bone Spurs
(@] Sclerosis LEGEND
O Osteophytes @ Unsupervised Activation

@ Concept-aligned Activation
@ Output logit
[l Trainable & differentiable model

A “Hybrid” CBM adds extra unsupervised capacity to the CBM’s bottleneck

[1] Mahinpei et al. "Promises and pitfalls of black-box concept learning models." arXiv preprint (2021). Design of P‘]C‘X,\



https://arxiv.org/abs/2106.13314

Failure: Incomplete vocabulary
Adding extra (unsupervised) capacity

} side-channel models
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[1] Debot et al; Interpretable Concept-Based Memory Reasoning, NeurIPS 2024 Design of P(C|X)



Solution attempt: unsupervised capacity

: intervenability suffers when unsupervised capacity is introduced

Interventions on CUB

=
b4
<
> 3
Q
@
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3]
Q
<
X
4
[

5 10 15 20 5
Concepts Intervened

CBM Hybrid-CBM

[1] Espinosa Zarlenga, Barbiero, et al. "Concept embedding models: Bevond the accuracy-explainability trade-off." NeurIPS (2022). Desien of P(C|X)
&



https://arxiv.org/abs/2209.09056

Solution idea: structured high-dimensional vectors

Idea: can we use structured extra capacity instead?

Design of P(C|X)



Overcoming incompleteness: concept embeddings

For each training concept, let’s represent extra structured embedding
representations of the concept

Label

Latent Code Embedding Generators Bottleneck :
Predictor

O

Q)

:
S

(o0

[1] Espinosa Zarlenga, Barbiero, et al. "Concept embedding models: Bevond the accuracy-explainability trade-off." NeurIPS (2022). Desien of P(C|X)
&



https://arxiv.org/abs/2209.09056

Learning dynamic concept embeddings

For example, we can decompose the concept representation C; as the

mixture of two exogenous representations { : }:
r _O_ ___________
_ _ 5 I o
X pi(x) + (1 pl(x)) | © 0 o OO
00 o o~ O
1 O o (o)
00 3 0o
O “Positive” concept embeddings 10~0 (o)
o o0 o
| (o) - S
O “Negative” concept embeddings [ © S

[1] Espinosa Zarlenga, Barbiero, et al. "Concept embedding models: Bevond the accuracy-explainability trade-off." NeurIPS (2022). Design of P(C|X)
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Learning dynamic concept embeddings

Then, we can compute the probability of a concept being active by learning
a simple function of the exogenous vectors:

e
N._I_

o)

P(C; =1|X =x) = s(x) := 67 + b,

(@R
~. |
~

PS
N

[1] Espinosa Zarlenga, Barbiero, et al. "Concept embedding models: Bevond the accuracy-explainability trade-off." NeurIPS (2022). Design of P(C|X)
¢
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Intervening on high-dimensional embeddings

We can intervene on high-dimensional representations by changing how
we mix the exogenous embeddings:

f 61+(Z) ifCi 3 |

otherwise

We can randomly do these interventions at training time to learn more useful
representations!

[1] Espinosa Zarlenga, Barbiero, et al. "Concept embedding models: Bevond the accuracy-explainability trade-off." NeurIPS (2022). Design of P(C|X)
£
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Concept Embedding Models (CEMs
YY) @

# Build model using low-level layers

latent_encoder = torch.nn.Sequential(
torch.nn.Linear(n_features, latent_dims),
torch.nn.LeakyReLU(),

)

# Exogenous encoder: latent -> per-concept exogenous

exog_encoder = torch.nn.Sequential(
torch.nn.Linear(latent_dims, exogenous_sizexn_concepts),
torch.nn.Unflatten( =i, =(n_concepts, exogenous_size)),

)

# Concept encoder: exogenous -> concepts

Assuming concept independence, this c-encoder. = pyc.n. Sequential(

. . torch.nn.Linear(exogenous_size, 1),
yields a Concept Embedding Model (CEM): torch.n.FlattanO),
=concept_annotations
)
# Predictor: concepts + exogenous -> tasks
y_predictor = MixConceptEmbeddingToConcept(
=concept_annotations,
=exogenous_size,
=n_tasks,
)
model = ModuleDict({
"latent_encoder": latent_encoder,
"ex0g_encoder": exog_encoder,
"concept_encoder": c_encoder,
"task_predictor": y_predictor

B

[1] Espinosa Zarlenga, Barbiero, et al. "Concept embedding models: Bevond the accuracy-explainability trade-off." NeurIPS (2022). Design of P(C ‘Xl
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CEMs in Incompleteness

Embeddings enable accurate and highly intervenable® models in incompleteness
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Conce})ls Used In Training (%)
Hybrid
CEM (ours)
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X
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CelebA

10
Concept Groups Intervened

Concepts Intervened

ol-CBM ® Fuzzy-CBM Hybrid-CBM

CEM (ours) CEM without RandInt {ours)

*This is particularly true when, during training, you randomly intervene™ on a concept with probability pjn.

** These sorts of training-time interventions are useful here only because by using embeddings, we can backpropagate gradients

to the concept encoder even when a concept is intervened on (a CBM wouldn't).

[1] Espinosa Zarlenga, Barbiero, et al. "Concept embedding models: Bevond the accuracy-explainability trade-off." NeurIPS (2022).
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Multiple extra channels - Sterling 8B

h

Known concepts

\i

. . — [EYRGEEEl —  ice cream

Design of P(C|X)

[1] https://lwww.guidelabs.ai/post/steerling-8b-base-model-release/



Further generalisations of concept embeddings

Concept

Embeddings {, Probs
| e

Concept Energy Model

Task Energy Model

A. = ! concept
X Backbone . y S EGOD (z,¢)
e s Concept-Class Energy Model
global
w EH (c’ y)
1 < |
task
| By (z,y)
4 ] [}
1 1

Concept embeddings can be exploited to compute Concept embeddings can be learnt to support
arbitrary conditional distributions via energy models interventions in out-of-distribution test sets

[1] Xu et al. "Energy-based concept bottleneck models: Unifying prediction, concept intervention, and probabilistic interpretations." ICLR (2024).

Design of P(C|X)

[2] Espinosa Zarlenga et al. "Avoiding L.eakage Poisoning: Concept Interventions Under Distribution Shifts." ICML(2025).
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The Concept Bottleneck Model contract

1) Syntax:
a) Vocabulary of symbols (predicates and entities)
b) The arities of the predicates

Only flat concepts (propositional): no objects / entities
2) Semantics:

a) what values do we allow?
b) which values do we assign at each symbol?

144
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The Concept Bottleneck Model contract

1) Syntax:
a) Vocabulary of symbols (predicates and entities)
b) The arities of the predicates

Only flat concepts (propositional): no objects / entities
2) Semantics:

Failure:
a) what values do we allow?
b) which values do we assign at each symbol?
= Limited
EETE compositional
: Lt generalization
S & B o




Failure: limited compositional generalization
Relational vocabulary

- Concept-encoders become relational

X % embeddings %} Y
atom encoder atom predictor .
input predictions

O = {{u/Willie}}

US(Bart)

© = {{u/Homer}}
N(US(v)) = [US(u), parent(u,v)]

relational concept bottleneck

[1] Barbiero et al; Relational Concept Bottleneck Models, NeurIPS 2024



Relational concept bottleneck

[1] Barbiero et al; Relational Concept Bottleneck Models, NeurIPS 2024

Generalization to settings larger than the ones seen during training

Task AUC (%)
~
W

W
(=]

ol % IP Il‘n Ili
4 5 6 ]

Number of test disks
I R-CBM I Rel. Black Box Flat-CBM vavi CBM

3

Figure 4: Model generalization on Hanoi OOD
on the number of disks. Only R-CBMs are able
to generalize effectively to settings larger than the
ones they are trained on.




Relational Bottlenecks require structured inputs

Limitation:
- The input should already contain information about all the entities that exist in
the given input

) f
X embeddingg —078 M3 Y
atom encoder atom predictor L
input predictions

© = {{u/Willie}}

© = {{u/Homer}}
N(US(v)) = [US(u), parent(u,v)]

relational concept bottleneck

AN

[1] Barbiero et al; Relational Concept Bottleneck Models, NeurIPS 2024



Object-centric bottlenecks automatically discover entities

Solution:

- Expand relational bottlenecks with an entity discovery model:
- Mask-RCNN, SAM

Co "Petting
Concept
Discovery Cg,.

o, F
—L an ()
Cr0p+ % b -» ’ >

Agg regate Predict Zoo"

Proposal
Proposals Refinement

[1] Steinmann et al, Object-Centric Concept-Bottlenecks, NeurIPS 2025



Object-centric bottlenecks automatically discover entities

Solution:

- Expand relational bottlenecks with an entity discovery model

[1] Steinmann et al, Object-Centric Concept-Bottlenecks, NeurIPS 2025

Full Image
Ll

dinner, broccoli,

plated, seafood,

vegetarian

Full Image

pelican,
seascape,
geese, joined

wine, label,
martini, patent,
champagne

Object #1

pelican, ,
heron, mer,
ocean

Object #2
[ -

plated, dinner,
fork, cutlery,
rhinestone

Object #2

pelic .
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swimming

Obiject #3
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kale, dinner,
recipe, broccoli,
asparagus




Object-centric bottlenecks are based on pretrained encoders

Limitation:
- the encoder is frozen and pretrained
- what if it is not ideal for our downstream task?

- e.g.amodel trained on segmenting internet images may not be good at segmenting cancerogenic
cells

"Petting
Aggregate Predict Zoo*

(II) (III)
I @—» - J’ > 9

Concept Ca
Discovery Cp,.

Object Proposal
Proposals Refinement

[1] Steinmann et al, Object-Centric Concept-Bottlenecks, NeurIPS 2025



Object-centric differentiable interfaces

Solutions:
1) Train the object detector with explicit supervision

2)

Reconstructed

X
- IR o E ' oooo
Decoded
slots

1]
. . . mechanism
L] ]|

Extracted

(i)

Object-centric

= Logic-based modeling
of the problem

Slots

[1] Colamonaco et al, Neurosymbolic Object-centric learning with distant supervision, arxiv 2025.



Object-centric differentiable interfaces

Per-slot E
Decoder >

Decoded

T slots

Obje(lztness

. . . Object-centric
. . . mechanism

(@)
Logic-based modeling
of the problem

Extracted
features

NIUH

[1] Colamonaco et al, Neurosymbolic Object-centric learning with distant supervision, arxiv 2025.

Solution:

14 o 44
-  new entlty COHCGptS
- we want to reason not only on

concepts applied to entities
Reconsinicted - but on the very existence of

entities
oe o0



Object-centric differentiable interfaces

Task Acc.

Test

79.90+0.17
98.90-+0.34
98.86+0.47
93.00+1.92
90.70+4.02
94.26+2.00

[1] Colamonaco et al, Neurosymbolic Object-centric learning with distant supervision, arxiv 2025.

OOD

3.43+0.15

13.30+3.14
18.26+1.33
36.2+15.10
35.76+6.24
90.00-+3.01

Concept Acc.

Test

00D

55.43+26.40 23.83+3.82

85.16+2.45

65.46-+5.70

Solution:

Extrapolation

4 digits

22.16+0.90
36.23+4.44
37.50+1.15
52.20+14.01

69.73+10.74

5 digits

13.16+0.96

9.76+6.11

12.00+0.51
25.06+12.82

44.06-+-3.85

14 o 44
new entlty concepts

we want to reason not only on
concepts applied to entities
but on the very existence of
entities



Object centric concept alignment

X 0 A

O

1 o

X

C 0y Y  Whymutations?
a1 = “Mutations” because of “tar deposit”
Why tar deposit? All CBMs stands on the

assumption that we are
aligned with concepts



Object centric concept alignment

X 0, A 0. C 0, y  Why mutations?

: "‘dzg s “Mutations” because of “tar deposit”

All CBMs stands on the
assumption that we are
aligned with concepts

Why tar deposit?

X 6 Z c 60, C 0, Y

z
0> T smoking smoking
* < & . o
oad 2" tar deposit X tar deposit o\

~n



Prototype-based concept prediction

Concept p(Xz|Sz> p(C’i,almond eyes|Si) p(Ci,trz'angular ear|Sz’)

Alignment| 5, =1 @
Table| g _5 g
S = g

1
—3 . O —>p(51!X1—E):8—>
g & o
- (% —p p(S|Xo= )=é e
Image part Prototype Concept
extraction selection prediction

[1] Colamonaco et al. "Prototype-Grounded Concept Models for Verifiable Concept Alignment." ICML 2026 Design of P(Y|C)



https://arxiv.org/abs/2604.16076

5" Break




The Concept Bottleneck Model contract

1) Syntax:
a) Vocabulary of symbols (predicates and entities)
b) The arities of the predicates

2) Semantics:

a) what values do we allow?

b) which values do we assign at each symbol?

RA

smoking
tar deposit

““



Semantics in neurosymbolic Al

- Given a concept (like ):

- semantics ask questions connected to:
- isit ?
- happy is this?
- is that he is happy?
- are there of happiness? e.g. [pleasure=2.7, satisfaction=11.7, purpose=0.1, .... |
- an embedding?

- We can make a parallel with logic



Boolean Logic

alarm N hears_alarm — calls

values are in {T,F} (or {0,1})




Fuzzy Logic

alarm N hears_alarm — calls

Product tukasiewicz

max(0,x +y— 1) | min(x, y)

il eey) | waon, D)
: .
YY) (T, 1= x %)

values are in [0,1]




Probabilistic Logic Semantics

- Two layer semantics

- Defines a over

p(x1 = True, xo = False, ..., x, = True) = 0.6



Probabilistic Logic Semantics
Independent Choice Semantics

e.g. in ProbLog:

0.1 :: burglary. (B)
0.05 ::earthquake. (E)

0.6 ::hears_alarm(john). (H)

0.1x0.05x (1-0.6)

_ 94 ™ ™= 4 4 ™ ™
N T 9 m 4 ™ 3 ™

F
F
F
F
T
T
T
T



Probabilistic Logic Semantics
Markov Logic

: calls(Mary) <- hears_alarm(Mary), alarm
: alarm <- earthquake

: alarm <- burglary

Weight
formula

p(lp(31), . .. Lp(z,)) = %eaﬁp(z Wl ()



Probabilistic Logic Semantics
Markov Logic

: calls(Mary) <- hears_alarm(Mary), alarm
: alarm <- earthquake

: alarm <- burglary

prop. to exp(
prop. to exp(




The “neural” semantics

In concept based models and neurosymbolic models, one perspective on the role of
neural networks is:

Symbol: sunny

Scalar semantics: label(sunny) = 0.7

|, parameters)

g 5 B
Neural semantics: label(sunny | #7255



The Concept Bottleneck Model contract

2) Semantics:

a) what values do we allow?

Learning: often with Binary Cross Entropy
- Implicit assumption:

Task Prediction:
- Scores are passed to the task predictor:

Intervention-time:
- True/False interventions:

Concept-Embedding Models:




Neural task predictors break concept semantics

Concept-based models often ignore the semantics of the concepts used for task
prediction.

For example, consider a probabilistic concept,
score 0.7 -> input to a neural network
the model combines it with other concept scores in ways that no longer respect

probability theory.

Result = the original semantic meaning of the concept is lost.



Semantic unclarity leads to leakage

Leakage: the concept representation carries information beyond the intended human
concept.

-  Humans give a certain meaning

- The machine gives (possible) that meaning + extra info
- not a clean bottleneck
- hidden information



Types of leakage

At least 4 types of leakage:
- Task leakage
- Input (distribution) leakage
- Concept leakage (entanglement)
- OOD leakage



Types of leakage

At least 4 types of leakage:

Task leakage

Input (distribution) leakage
Concept leakage (entanglement)
OOD leakage

[1] Havasi et al, Addressing Leakage in Concept Bottleneck Models, NeurIPS 2022.

means:
- tail is True
- whiskers is True
-> cat 1s True

means:
- tail is True
- whiskers is False
->dog is True



Types

At least 4 types of leakage:

Task leakage

Input (distribution) leakage
Concept leakage (entanglement)
OOD leakage

[1] Havasi et al, Addressing Leakage in Concept Bottleneck Models, NeurIPS 2022.

of leakage

Causes:
- incomplete concept set
- thus continuous degree
as extra capacity
- inexpressive task predictor
- task needs a “non-linear’
feature of concepts
- use of continuous degree
as the non linear feature



Types of leakage

At least 4 types of leakage:

Task leakage

Input (distribution) leakage
Concept leakage (entanglement)
OOD leakage

[1] Manipei et al, Promises and Pitfalls of Black-Box Concept Learning Models, ICML 2021

Even when trained separately
(no pressure from the task)
concepts can encode other
unrelated concepts that may
be useful for an unknown
task

- (aka sequential training)



Types

At least 4 types of leakage:

Task leakage

Input (distribution) leakage
Concept leakage (entanglement)
OOD leakage

[1] Manipei et al, Promises and Pitfalls of Black-Box Concept Learning Models, ICML 2021

of leakage

- Concepts can contain
information of other (known)
concepts

- Intervening on one 1s not
enough



Types

At least 4 types of leakage:
- Task leakage
- Input (distribution) leakage
- Concept leakage (entanglement)
- OOD leakage

[1] Marconato et al, GlanceNets, NeurIPS 2022

of leakage

- Even if no leakage
in-distribution

- OOD inputs can predicts
misaligned concept scores



Why NeSy pays more attention to semantics?

Without proper semantics specification, concepts cannot be consumed by

predictors defined within certain formal frameworks
- probabilistic logics
- fuzzy logics
- programming languages

Most of the semantic attention in CBMs come from a “pressure” from the task
predictor



Spoiler: Probabilistic concepts for Probabilistic Tasks

1. What? Predict concept and class labels:

Probabilistic Graphical Models (e.g.

Counte rfactual CBM S) (a) Sample from latent concept posterior: z ~ N (¢, (z), ¢, (2))
(b) Sample to predict concept and class labels: 7 ~ Cat(f(¢)), ¢ ~ Ber(¢.(2))

Probabilistic Logic Predictors (e.g.
D) eepPrOb L 0 g, C M R) The probability P(wg) of such a possible world w is given by the product of the probabilities of

the truth values of the probabilistic facts, P(wr) = [ fierDi 11 fEF\ (1 — p;). For instance,

but also..

concept-based models represent concepts using their truth
degree, that is, ¢1,...,¢ € [0,1].

Fuzzy Logic Decoders (e.g.
DCR)




The Concept Bottleneck Model contract

1) Syntax:
a) Vocabulary of symbols (predicates and entities)
b) The arities of the predicates

2) Semantics:

a) what values do we allow?
b) which values do we assign at each symbol?

smoking
tar deposit

RA

““



The Concept Bottleneck Model contract

1) Syntax:
a) Vocabulary of symbols (predicates and entities)
b) The arities of the predicates

2) Semantics:

a) what values do we allow?
b) which values do we assign at each symbol?

smoking
tar deposit

RA

““



Failure: Huge training effort
Concept-activation vectors

We want to avoid training a large concept encoder from scratch when we:

1. Do not have the necessary compute to train a concept encoder from scratch
2. Have at our disposal an already powerful but opaque DNN for P(Y|X)

3. Have sparse concept labels (e.g., sets of representative concept samples)

Xstripes X
grass

Design of P(C|X)




Concept activation vectors

Given concept sets, we can learn directions in the DNN’s latent space,
called Concept Activation Vectors (CAVs), that “point” towards a concept:

Stripes

No Stripes

[1] Kim et al. "Interpretability beyond feature attribution: Quantitative testing with concept activation vectors (TCAV)." ICML (2018). Design of P(C|X)



https://proceedings.mlr.press/v80/kim18d.html

Representing concepts as similarity scores

A Post-hoc CBM (PCBM) uses a pretrained DNN to construct concept
representations based on similarity scores from projections onto CAVs:

A pre-trained DNN Concept Activation Vector Bank Post-hoc CBM:s!

Post-hoc CBM (PCBM)

cstripcschundg, cmanc chluck
B S

+ [Eaa

C € RVexd

r:R' > )Y
Hybrid Post-hoc CBM (PCBM-h)

[1] Yuksekgonul et al. "Post-hoc concept bottleneck models." ICLR (2023). Design of P(C|X)



https://arxiv.org/abs/2205.15480

Representing concepts as similarity scores

Learn a CBM that maps concept similarity scores to task labels as follows:

with Post-hoc CBM (PCBM)

Concept Activation
Vectors (CAVs)

flf2) S

E
% <
stripes

fapn t F(7N

°
.
.
. 3
.
®

cslripesch;ln45 cmunc cbluck )
t - “~
| i
C = IH.N,. xd J
Learning the Concept Bank

Step 1:learn a Concept Activation Vector (CAV) that separates the DNN's latent space
between samples with a concept vs samples without a concept

: : Design of P(C|X)
[1] Yuksekgonul et al. "Post-hoc concept bottleneck models." ICLR (2023).



https://arxiv.org/abs/2205.15480

Representing concepts as similarity scores

Learn a CBM that maps concept similarity scores to task labels as follows:

with Post-hoc CBM (PCBM)

Concept Activation

Vectors (CAVs) Backbone Embeddings  Ereiection onto the
Concept Subspace

Fnd) SO ¢ | f:A2R fx) R projc. f(z) € R
cslripc\ 1 [ )

fapn t F(7N

(Stripes: 0.8
Horse: 1.2
Hands: -0.5
Black: 0.7
Mane: 0.9

°
.
.
. 3
.
®

O

cslripesch;ln45 cmunc cbluck )
[} - h
| i
C = IH.N,. xd J
Learning the Concept Bank

\
.

Step 2: project all training samples to the concept activation space using the CAVs

[1] Yuksekgonul et al. "Post-hoc concept bottleneck models." ICLR (2023).

Design of P(C|X)


https://arxiv.org/abs/2205.15480

Representing concepts as similarity scores

Learn a CBM that maps concept similarity scores to task labels as follows:

with Post-hoc CBM (PCBM)

Concept Activation
Vectors (CAVs)

i 3 — - 1d - &
Fog2) 10 | % =% projef(z) € R
C\lripc\ I (Stripes:08 )
M | Horse: 12
'f(q))))lm | f(‘ 2 Hands: -0.5
) Black: 0.7
Mane: 0.9

prediction
p(Zebra): 08 Make the final prediction with
N

an interpretable predictor

cslripesch;ln45 cmanc cblack )

e

» CekR N.xd J
Learning the Concept Bank

Step 3: learn an interpretable predictor from the concept scores to the task labels

[1] Yuksekgonul et al. "Post-hoc concept bottleneck models." ICLR (2023).

Design of P(C|X)


https://arxiv.org/abs/2205.15480

Representing concepts as similarity scores

Learn a CBM that maps concept similarity scores to task labels as follows:

with Post-hoc CBM (PCBM)

Concept Activation

ectors s, f Backbone Embeddmgs Brojection onto the Predictions
Vectors (CAVs) ; ; R s:mm.Subsma\ 3 }“N" y
f('“"‘-" ) f( < ) Rk proLf( )EP-.‘ g:R" =

[Stripes: 0.8 i . )
Horse: 12 terpret: PCBM
Hands: -0.5 Predicto prediction
Black: 0.7 . q. Sparse

\\ Mane: 0.9 in al L yer) p(Zebra) 0.8

“stripes

fapn t F(7N

| ( Prsdicion
Residual | -
Fitting |
| | >(Zebra): 0.95
cstripeschalnds Crmane  Cplack -

I = 2 ™~ r:R 5 Y
C e RN-xd - Hybrid Post-hoc CBM (PCBM-h)
Learnmg the Concept Bank Fitting the Concept Bottleneck

Step 4 (optional): fit a residual model if the new model is underperforming

[1] Yuksekgonul et al. "Post-hoc concept bottleneck models." ICLR (2023).

Design of P(C|X)


https://arxiv.org/abs/2205.15480

Failure: No available labels



Failure: No available labels
multimodal concept encoders

It is much easier to describe (in text) the concepts that are useful for a task
than to annotate them on a large dataset
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Multimodal concept encoders

It is much easier to describe the concepts that are useful for a task than to
annotate them on a large dataset

1

Step 2: Compute embedding f(x) &  Step 3: Compute CEL coefficient 1 Step 4: Train a sparse FC
concept matrix P by max similarity between f_and P layer Wy on f (x)

Input imgs xy, -+, X, Embeddings Concept bottleneck layer (CB Predicted class §
i-““ conceptl  |O ¥ = argmaXie(y z,..d,) %
Label-free L — ———p concept2 |Of .. |O| e———p Bridge, car, .., cloud
Backbone transform i : : FC layer P P Pn

| |
CBM £ fix) = Wf(x) conceptM [O) O] 2 =w,f(x)

fGx)  fQw) fe(x)  fe(xn)

Concept Matrix (Notations)
Inner | E(x,) - Eft,) E () - Exlty) x; € R“°d
: | : f(x) ER
E/(x;) - Eflt;) | | E(x;) - Exlty) W, € RMxd
fo(x) € RM
PT 3 — a seat Ey(xy) - Ex{ty) Eyf{xy) - Exlty) z € R4
Filtering |  butter W, € REz¥M
dirt
| markings

Step 1: Generate and
filter




Multimodal concept encoders

It is much easier to describe the concepts that are useful for a task than to

annotate them on a large dataset

Step 2: Compute embedding f(x) &  Step 3: Compute CEL coefficient 1 Step 4: Train a sparse FC
concept matrix P by max similarity between f_and P layer Wy on f (x)

Input imgs xy, -+, X, Embeddings Concept bottleneck layer (CBL) Predicted class §

a—mm concept 1 ¥ = argmaxie(1,2,..d,) Zi
La bel-free L — ————»  concept2 . ey Bridige, car, ..., cloud
i Backbone transform : FC layer $1 P P

CBM f) fo(x) = Wef(x) conceptM z = Wefe(x)

fl) - few) feln)  foaw)
‘_ Concept Matrix (Notations)
x; € R0

Inner E/(x,) - Ef(t;) | Ey(xy) - Ex{ty)

product Iepo) Edt) | . | E(o) Efty) f(x) ER?

W, € RMxd

Describe your
concepts and use B Bl | B El) e
CLIP! et




Failure: Few available labels
Constrain the concepts logically

Train concept encoders using a signal coming from a semantic based
regularization:
- unsupervised loss functions encoding logic

Ski — Snow V Mountain V Helmet

Dog A Person — Leash V Sofa V Ball



Constrain the concepts logically

tukasiewicz

max(0,x +y—1) | min(x,y)

- XVy min(1, x + y) max(x, y)

1 —x 1—x

-x
EFACEY) (L, 1= ¥3)
values are in [0,1]

Ski — Snow V Mountain V Helmet

ski= 0.7
mountain=0.1
= <= (|
helmet=0.1

snow=0.1



What's next?

Locally-interpretable Neuro-Symbolic Causal
Predictors Predictors Predictors



