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D-RISE[CVPR 21, Oral], a perturbation-based method.

ODAM[TPAMI 24], a gradient-based method.

Traditional Detector Types Corresponding Interpretation Methods



Key Problems: Early visual-text fusion in the object-level foundation model, which makes the 

gradient-based method unable to effectively attribute visual representations, and the perturbation-

based method contains a lot of noise.
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Textual Sentence Output:

person at (0.41, 0.15, 0.63, 
0.73) and car at (0.58, 0.26, 
0.89, 0.61)
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Our Motivation

Divide the image into a set of small sub-regions and ranking the 

sub-regions according to their importance.

Problem Formulation

Given an image 𝐈 ∈ ℝℎ×𝑤×3 and an object-level foundation model 𝑓 (·), the output can be represented 

as 𝑓 (𝐈)  = {(𝒃𝑖, 𝑐𝑖, 𝑠𝑖) | 𝑖 =  1, 2, . . . , 𝑁 }.

Our goal is to generate a saliency map that explains the reasons behind the model’s detection of a 

specific object.

To achieve this, we can sparsity the input region 𝑉 =  {𝐈1
𝑠, . . . , 𝐈𝑚

𝑠 }, where 𝐈𝑖
𝑠 represents the 𝑖-th sub-

region. A set function ℱ(·) is defined to assess interpretability by determining whether a given region is 
a key factor in the model’s decision. Then, the objectives are:

max
𝑆⊆𝑉, 𝑆 <𝑘

ℱ(𝑆)



The Proposed VPS Method

Clue Score, accurately locate and identify objects while using fewer regions:

𝑠clue 𝑆, 𝒃target, 𝑐 = max
(𝒃𝑖,𝑐𝑖,𝑠𝑖)∈𝑓 𝑆

IoU 𝒃target , 𝒃𝑖 ∙ 𝑠𝑐,𝑖

Collaboration Score, assess sub-regions with high sensitivity to decision outcomes:

𝑠colla. 𝑆, 𝒃target , 𝑐 = 1 − max
(𝒃𝑖,𝑐𝑖,𝑠𝑖)∈𝑓 𝑉\𝑆

IoU 𝒃target , 𝒃𝑖 ∙ 𝑠𝑐,𝑖

Submodular Function:

ℱ 𝑆, 𝒃target , 𝑐 = 𝑠clue 𝑆, 𝒃target , 𝑐 + 𝑠colla. 𝑆, 𝒃target , 𝑐



The Proposed VPS Method

Scoring the sub-regions is necessary to better explain the importance of each sub-region, we evaluate 

the salient difference between the two sub-regions by the marginal effect. The attribution score:

𝒜𝑖 = ൝
𝑏base if 𝑖 = 1,

𝒜𝑖−1 − ℱ 𝑆 𝑖 − ℱ 𝑆 𝑖−1 if 𝑖 > 1,



Experimental Results

Faithfulness on Grounding DINO



Experimental Results

Faithfulness on Grounding DINO

MS COCO (Object Detection Interpretation)

D-RISE

Ours

ODAM

GT Box with Label

RefCOCO (Visual Grounding Interpretation) LVIS V1 (Zero-shot Detection Interpretation)

GT Box with Desc.0.0 0.2 0.4 0.6 0.8 1.0

PCT. of image revealed

0.2

0.4

0.6

0.8

1.0

O
b
je

c
t 

S
c
o

re

Insertion 0.6990Searched RegionAttribution Map

0.0 0.2 0.4 0.6 0.8 1.0 GT Box with Desc.

Object Score 0.70

0.2

0.4

0.6

0.8

1.0
O

b
je

c
t 

S
c
o
re

Insertion 0.4913Searched RegionAttribution Map

0.0 0.2 0.4 0.6 0.8 1.0

0.2

0.4

0.6

0.8

1.0

O
b
je

c
t 

S
c
o
re

Insertion 0.4794Searched RegionAttribution Map

Object Score 0.78GT Box with Label

Object Score 0.74GT Box with Label

0.0 0.2 0.4 0.6 0.8 1.0

PCT. of image revealed

0.2

0.4

0.6

0.8

1.0

O
b
je

c
t 

S
c
o

re

0.2

0.4

0.6

0.8

1.0

O
b

je
c
t 

S
c
o
re

0.2

0.4

0.6

0.8

1.0

O
b
je

c
t 

S
c
o

re

0.0 0.2 0.4 0.6 0.8 1.0

Insertion 0.7524

Insertion 0.4618Searched RegionAttribution Map

Object Score 0.84

Object Score 0.64

Searched RegionAttribution Map

Searched RegionAttribution Map

GT Box with Desc. Object Score 0.57 0.0 0.2 0.4 0.6 0.8 1.0

Insertion 0.3874

0.0 0.2 0.4 0.6 0.8 1.0

PCT. of image revealed
GT Box with Label Object Score 0.44

Searched RegionAttribution Map

Searched RegionAttribution Map

GT Box with Label Object Score 0.42

Searched RegionAttribution Map

GT Box with Label Object Score 0.37

0.2

0.4

0.6

0.8

1.0

O
b
je

c
t 

S
c
o

re

0.2

0.4

0.6

0.8

1.0

O
b

je
c
t 

S
c
o
re

0.0 0.2 0.4 0.6 0.8 1.0

0.0 0.2 0.4 0.6 0.8 1.0

Insertion 0.4418

Insertion 0.3349

Insertion 0.2697

0.2

0.4

0.6

0.8

1.0

O
b

je
c
t 

S
c
o
re



Experimental Results

Faithfulness on Florence-2

Object detection interpretation: VPS outperforms D-

RISE by 50.7% on the Deletion metric. Furthermore, 

VPS enhances the Point Game and Energy Point 

Game metrics by 8.3% and 60.7%, respectively.

Referring expression comprehension interpretation: 

VPS outperforming D-RISE by 66.9% in Deletion 

metrics, and also achieved SOTA localization results, 

with a 14.6% improvement in the Energy Point Game



Experimental Results

Interpreting REC Failures Interpreting Detection Failures (Misclassification)



Experimental Results

Interpreting Detection Failures (Undetected)



Ablation Study

Ablation of the Submodular Function Ablation on Divided Sub-region Number

Combining these scores enables our method to 

achieve optimal results across indicators, 

demonstrating the effectiveness of each score 

function within the submodular function.
Faithfulness: increasing the number of sub-regions 

leads to higher Insertion and average highest scores, 

indicating that finer divisions enhance the faithfulness 

of search results.

Computation time: Increasing sub-regions improves 

faithfulness but also rapidly increases inference time.



Thanks for Listening
Any Questions?
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