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Object consistency : each concept should be grounded within its corresponding

location, ensuring fine-grained and semantically coherent concept grounding. object, preventing cross-object confusion and spurious evidence.

[Semantic consistency: each concept should be grounded at its corresponding]
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Un-interpretable Decision Process iR K

m DNNs are treated like black-box models:

m Given an input, the model takes a decision via an un-interpretable decision process.
m [he model complexity, generally, hinders any potential examination of the underlying
process.

Deep Neural Network

Black Swan?
— Wading Bird?
Persian Cat?

Lack of interpretability

Undesired property, especially in safety- or bias- aware applications = Crucial research and
societal challenge




Textual vs Visual Explanations
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( Textual Explanation : How ? )

Concept Bottleneck ~ Linear Layer
Black Feather_s|

Wings
i

Red Bill
—_—

—Black Swan

Concept Bottleneck Models

Textual explanation explains "what concepts
there are and how they affect predictions™

\

Black-box
Model

Black Swan

Grad-CAM / Saliency map / Attention map

-

Visual explanation explains "where the
evidence is in the image."

B important

Where dose the model look
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The motivation:

to connect the two, allowing each concept to be clearly articulated while also being
associated with the correct location and object.




Decision Process: Where and How?

* The decision-making process cannot rely
solely on heat maps: it requires verifiable
conceptual evidence.

» CBM breaks down the prediction into
"concept — category," but the concept score
must come from the correct spatial area.

* VLM has the capability of open vocabulary
image-text alignment; CBM provides editable
semantic reasoning chains.

. Pre-trained
Input image backbone

- | —

“long, shaggy hair”
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Sparse
classifier

)

- “Border
: ’ collie”

Connect the spatial positioning of VLM with the conceptual
reasoning of CBM in a stable manner.



Grounding Consistency Gaps
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The current explanation of VLM-CBM may "seem correct,” but the evidence source is unstable.

Oracle-all Concept Grounding

Head: streamlined frontal profile
# Semantic { :

inconsistency

Semantic

N\ consistency

Semantic consistency: each concept should be grounded at its corresponding
location, ensuring fine-grained and semantically coherent concept grounding.

Head: streamlined frontal profile

2 ¥Fin: broad fan-like lobe

Pred-all Concept Grounding =

” Head: rounded frontal I

For human Head: streamlined front profile
classification

For fish
classification

W
.

Object consistency : each concept should be grounded within its corresponding
object, preventing cross-object confusion and spurious evidence.

Figure 1: semantic consistency vs. object consistency

Concept activation not only affects interpretation but also transmits false evidence to the classification head.



Method
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First obtain spatial evidence consistent with object, and carry out concept activation that is semantically consistent.

Building Concept by Large Language Models

What are useful visual features

)
s for distinguishing head of
W {Acadian Flycatcher ? }

“body", "head", "neck", "beak", Sl Dusky lores like “spectacled™; =
“tail”, "wing","leg", "eye" Broad, complete pale eye ring;

@ Which visible parts does the
ﬁ‘ Acadian Flycatcher have?

\_ Learnable

tail: sleek
elongated panel

wing:
white/chestnut bar
colors

leg: branch-
sallying posture

low saturation with
clean panels
T
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Figure 2: OA-CBM pipeline

y
Predicted

class

Construction of part-attr concepts :
Object — Visible Part — Distinctive
Attributes

- ™
HC output object mask:
Suppress non-target object responses

\ Y,
4 )
CA cost aggregation:

Stable pixel-concept correspondence
|\

Cl'he cls head looks at concept
activation

it

L Maintain the interpretability of CBM )

The final activation comes from C © M: the concept cost map multiplied by the object mask and then pooled.

REBOIR - iM%

Rounded or Streamlined Head? - OA-CBM
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Data Construction: Part-Attribute Concept

To ensure fine-grained consistency, two sets of segmentation data have been organized.

[ heaa | [ wing | [ ... ] [ wee | [ |
= a

[tubular nostrils atop the bill] [ long, narrow, pointed wing ]

[sooty-brown head pIumage] [ splayed primary feathers at tip ]

[ large dark hooked bill ] [ uniform sooty-brown upperwing ] _

Figure 3: object-part-attribute tree — masks

Part-Attributes Mask

Class-agnostic Concepts
Head: tubular nostrils atop the bill
Wing: splayed primary feathers at tip

PartAttrCUB PartAttrimageNet

New Task Open Concept Grounding (OCG):
Determine whether the concept appears and locate where the concept is.

Three-step process

1) Collection & decomposition
PartCUB-70 + PartimageNet, LLM decomposes objects into
visible parts and attributes.

2) Consolidation
Merge synonymous/near-synonymous attributes using
SemHash, and then perform part-wise object clustering.

3) Mask alignment

Map the attributes back to pixel-level part masks, and
perform manual sampling and conflict resolution.

Rounded or Streamlined Head? - OA-CBM
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Semantic Consistency? Cost Aggregation (CA)
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Let "head: streamlined frontal profile" other long descriptions consistently fall to the correct components.

@ : Image Embedding @€ : Text Embedding ¥ : Cost Embedding or : Aggregation

When directly calculating pixel-concept similarity using VLM Sastiyolume Embedding Spatial Aggregation Class Aggregation

fine-grained component attributes are prone to drift. OA- dr,,. Sl vy "\f "} q‘* ST N Vﬁf
CBM first encodes complex concept descriptions with g g “ TN ‘“J ‘ Lyt 3; SN A4
Llama3 and then aggregates the cost map using the CA \J NN [+ ,ﬁ‘ ‘ i ;;,‘_X,} ,-;“‘ ‘ L
module. N ‘!“- ‘_ﬂ‘ ‘ 1' ‘:, “ ) 1 »1
"‘ M‘ N ‘I NN Ny A

\ l \nl \l DOOe

Semantic L N, )

Consistency

1.Ears: triangular and upright
2.Eyes: vertical slit pupils
3.Claws: retractable and
usually hidden while walking
4 Muzzle: short with a small
nose—mouth area

patial aggregation: Utilizing local
ontinuity to suppress background
noise.

Concept aggregation: further understanding
the between different concepts.

Rounded or Streamlined Head? - OA-CBM 07



Object Consistency: Hierarchical Clustering (HC) si)’%%

While keeping the concept class-agnostic, filter out erroneous objects.

OBJECT

Key contradiction: The concept should remain class-agn (for
example, "head: rounded frontal"), but classifying, it is
necessary to know whether this concept belongs to the
target or the background/other objects.

Semantic
Consistency

1.Ears: triangular and upright
2.Eyes: vertical slit pupils
3.Claws: retractable and
usually hidden while walking
4 Muzzle: short with a small
nose—mouth area
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Open Concept Grounding (OCG) iR K

OCG simultaneously examines "which concepts exist" and "where they are."

3 5 1;_'[_ ae H H

* mioU
: . Concept positioning under the supervision e h-loU: harmonic mean of seen/unseen
Oracle-Obj Object mask, category label of an ideal object
Oracle-All Object mask, no category label Concept generalization after removing
category priors . . .
Classification Metrics
] . Fully self-predictive capability in a real open CUB-200 / ImageNet / CIFAR-100 / Food-101 /
Pred-All No object mask, no category label scene. Flower-102

Top-1 Accuracy

Baseline: Labo, SALF-CBM, DOT-CBM, SC-CLIP/SC-CBM,

The most critical protocol is Pred-All: without oracle object information, it best reflects whether the
object consistency is effective.

Rounded or Streamlined Head? - OA-CBM 10



Main Result: Pred-All FAR
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When there are no oracle cues, object-aware grounding brings the greatest benefits.

Concept Grounding on PartAttrImageNet Concept Grounding on PartAttrCUB
Model Oracle-Obj Oracle-All Pred-All Oracle-Obyj Oracle-All Pred-All
Seen Unseen h-IoU |Seen Unseen h-IoU | Seen Unseen h-IoU |Seen Unseen h-IoU |Seen Unseen h-IoU |Seen Unseen h-IoU
CLIP (Labo) 16.1 18.1 170 | 22 3.6 28 | 14 21 19 | 148 140 144 | 38 3.8 38 | 25 0.9 1.3
DINO(DOT-CBM) (354 34.1 347 |11.8 9.2 104 | 54 4.8 51 |241 359 288 |42 7.6 54 |19 3.0 23
OCLIP(SALF-CBM) | 28.3 268 27.6 [169 135 150 | 74 6.8 7.1 165 40.7 235 (112 220 149 | 29 9.6 4.4
SC-CLIP(SC-CBM) | 30.8 31.3 31.1 [151 119 133 |10.1 95 98 147 120 132 | 64 2.0 3.1 | 38 04 0.6
Ours (w/o obj) 60.3 448 514 (462 308 37.0 (145 11.7 129 [48.7 26.0 339 |28.0 220 247 | 82 5.5 6.6
Ours (w/ obj) 60.3 448 514 (46.2 308 37.0 (441 299 357 |48.7 26.0 339 28.0 220 24.7 [195 229 20.8

Table 1. Comparison of zero-shot performance with state-of-the-art methods on our concept segmentation datasets. mloU (%) under
Oracle-Obj, Oracle-All and Pred-All protocols. h-IoU is the harmonic mean of Seen/Unseen.

Rounded or Streamlined Head? - OA-CBM



Part-only: Still able to locate components after removing attributes éé F%
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Even if only the part names such as "head / wing / tail" are given, OA-CBM still maintains a stronger correspondence.

Model Part Grounding

(m-IoU) Oracle-Obj  Oracle-All  Pred-All Oby

CLIP (Labo) 15:7 8.6 3.8 44.6
DINO (DOT-CBM) 22.7 11.8 4.0 454
OCLIP (SALF-CBM) 16.1 132 5.1 354
SC-CLIP(SC-CBM) 16.8 18.7 6.3 13.1
Ours (w/o obj) 50.5 48.3 17.5 N/A
Ours (w/ obj) 50.5 48.3 46.5 83.1

Table 2. Comparison of zero-shot part-only performance with
various methods on PartAttrimageNet datasets. mloU (%) under
Oracle-Obj, Oracle-All and Pred-All protocols.

PartAttrimageNet

Model Part Grounding Obj

(m-IoU) Oracle-Obj Oracle-All  Pred-All
CLIP (Labo) 9.3 8.4 39 53.3
DINO (DOT-CBM) 15.3 15.3 3.6 46.1
OCLIP (SALF-CBM) 15.0 15.1 4.7 43.2
SC-CLIP(SC-CBM) 3.6 3.6 2.1 34.8
Ours (w/o obj) 62.5 58.8 10.3 N/A
Ours (w/ obj) 62.5 58.8 30.9 72.1

Table 3. Comparison of zero-shot part-only performance with var-
ious methods on PartAttrCUB datasets. mloU (%) under Oracle-

Obj, Oracle-All and Pred-All protocols.

PartAttrCUB

Part-only Pred-All
ImageNet: 46.5 vs 6.3
CUB: 30.9 vs 4.7

Object mask mloU
ImageNet: 83.1
CuB:72.1

Component-attribute training relies not only on attribute
words; the learned object consistency and spatial
correspondence can be transferred to a more
simplified component concept.

Rounded or Streamlined Head? - OA-CBM
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Qualitative Results: From Noise Masks to Concepts Within Objects éé P)%
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Visualization of CA and HC progressively cleaning semantic noise and object confusion

: CLIP

_ - e i"_
w/o. CA | w/o.

By

ours

Observation 1: The concept masks of

DINO.TXT ,_ SC-CLIP |

) = < CB i
B - g

s o

v

Ours GT !

\ ok A
TR
%

- an. Seucik
o Wy O Ty

CLIP/DINO/SC-CLIP have background noise and
component misalignment.

ame component more continuous and the
emantic labeling more focused.

Ebservation 2: CA makes the boundaries of the

Observation 3: The HC-generated object
mask is closer to the GT in the end.

Rounded or Streamlined Head? - OA-CBM
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Classification performance: interpretability without sacrificing accuracy Sié i
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While maintaining evidence of spatial concepts, OA-CBM maintains competitive Top-1 accuracy.

CLS Token

—’
o Global it nd Global e e Global
n— Txt Token Concepts S Txt Token Concepts — Txt Token Concepts
CLS Token CBM Patch Token CBM Patch Guided CBM
Model Classification Accuracy (CLS Token) del Classification Accuracy (Patch Token)
CUB200 ImageNet CIFARIO0 FOODIOI FLOWER Mode CUB200 CIFARI00 FOODI101 FELOWER
Labo 735 70.0 87.2 93.2 97.1 oo 17 45 13 535
SC-CBM 78.3 74.2 88.0 94.2 97.8
DOT.CBM 773 78.7 97.3 93.0 99.4 SC-CBM 36.6 84.6 91.7 88.9
SALF-CBM  73.1 69.9 86.4 94.1 97.0 DOT-CBM  58.6 92.7 88.4 88.4
Ours 80.7 83.1 97.2 94.5 98.4 Ours 63.3 96.1 87.3 91.8
Table 4. Performance comparison of classification accuracy Table 5. Performance comparison of classification accuracy

Classification Accuracy (Patch Guided)

Model " —~B200 CIFAR100 FOOD10I FLOWER
Labo 717 745 89.2 965
SC-CBM  69.2 82.4 91.8 98.1
DOT-CBM 745 91.8 90.5 99.2
Ours 80.6 96.8 942 97.8

. . . Rounded or Streamlined Head? - OA-CBM
Table 6. Performance comparison of classification accuracy
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Ablation & Contribution
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The functions of the two modules are complementary: CA brings a usable concept cost map, while HC provides object scope in Pred-All.

CA For semantics, HC For objects.

Classification (ACC) Grounding (h-IoU)

A HE CUB200 CIFAR100 FOOD101 FLOWER |F2TtAltr  PartAtr

CUB ImageNet
X X 338 86.9 92.0 853 13 1.9
X v 00l 86.1 0.1 25.6 0.6 22
vV X 632 96.1 87.7 92.8 66 12.9
vV v 63 96.2 87.3 91.8 | 208 357

Table 7. Ablation studies on classification and concept grounding.

Contribution

1. Concept Definition: Change from object/category concepts to
part-attribute pairs.

2. Model design: CA ensures semantic consistency, HC ensures
object consistency.

3. Data and evaluation: PartAttrCUB, PartAttrlmage, and OCG.

Rounded or Streamlined Head? - OA-CBM

15



