Analytics
Everywhere
Lab

UNIVERSITY OF NEW.BRUNSWICK

Efficient and Concise Explanations for
Object Detection with
Gaussian-Class Activation Mapping Explainer

Khanh Nguyen’, Hung Nguyen'-?", Khang Nguyen’, Binh Truong', Tuong Phan3, Hung Cao?

'Quy Nhon Al, FPT Software, Vietnam
2Analytics Everywhere Lab, University of New Brunswick, Canada
3University of Waterloo, Canada



Analytics
Everywhere

Outline ﬂUNB

UNIVERSITY OF NEW BRUNSWICK

01 Motivation

02 Methodology

03 Experiments and Results

04 Conclusion

University of New Brunswick | Analytics Everywhere Lab 26. Mai 2024 2



)) Analytics
Everywhere
EST. 1785

UNIVERSITY OF NEW.BRUNSWICK

Motivation

University of New Brunswick | Analytics Everywhere Lab 26. Mai 2024 3



Why Al Trustworthy and Transparency?

In sensitive contexts...

AVOIDING BLAME | FEB 12, 1:09 PM EST by VICTOR TANGERMANN

Tesla Driver Says He's Not Sure If He
Killed a Pedestrian Because He Was on
Autopilot

This is getting ridiculous.

/ Advanced Transport / Autopilot / Ful

Tangermann, V. (2024, February 12). Tesla Driver Says He’s Not Sure If He Killed a Pedestrian Because
He Was on Autopilot. Futurism; Futurism. https://futurism.com/tesla-driver-not-sure-full-self-driving

DYLAN FUGETT BERNARD PARKER

. Prior Offense Prior Offense
1attempted burglary 1resisting arrest
. T, | without violence
Subsequent Offenses _
3 drug possessions Subsequent Offenses

None

LOW RISK 3 HeHRsk 10

Fugett was rated low risk after being arrested with cocaine and
marijuana. He was arrested three times on drug charges after that.

INNOVATIONS

ChatGPT invented a sexual harassment
scandal and named a real law prof as the
accused

The Al chatbot can misrepresent key facts with great flourish, even citing a fake Washington Post article as evidence

By Pranshu Verma and Will Oremus
April 5, 2023 at 2:07 p.m. EDT

Verma, P., & Oremus, W. (2023, April 5). ChatGPT invented a sexual harassment scandal and named a real law prof as the
accused. Washington Post; The Washington Post. https://www.washingtonpost.com/technology/2023/04/05/chatgpt-lies/

—
P Stanford —

MEDICINE | NewsCenter

% Email L W Tweet

Researchers say use of artificial intelligence in medicine raises
ethical questions

In a perspective piece, Stanford researchers discuss the ethical implications of using
machine-learning tools in making health care decisions for patients.

Opinion | When a Computer Program Keeps You in Jail (Published 2017). (2024). The New York Times. Patricia Hannon ,https://med.stanford.edu/news/all-news/2018/03/researchers-say-use-of-ai-in-medicine-

https://www.nytimes.com/2017/06/13/opinion/how-computers-are-harming-criminal-justice.html

raises-ethical-questions.html
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To elevate the interpretability of model’s decisions UNIVERSITY OF NEW BRUNSWICK
BEFORE
*  Why did you do that?
*  Why not something else?
_ Decision ‘ *  When do you succeed?
Training R ML N Learn.ed B S . When do you fail?
data process Function : 0. - . When can | trust you?
 How do | correct an error?
End-user
TODAY
* | understand why
o s ‘ * | understand why not
Training . New ML .| (Explainable) Explainable | know when you succeed
data process Learned Func. decision « - * I'know when you fail
* | know when to trust you

End-user . |know why you erred
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~ R ~
Backpropagation-based GradCAM
Class Activation GradCAM++
Mapping (CAM)-based
Classification SeCAM
Perturbation-based
o / ~ LRP
Semantie LIME
Segmentation
Explainable Al AdaSISE
methods
RISE
_
[
D-RISE
Object Detection | D-CLOSE
SODEXx
_
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Only perturbation-based XAl methods for object

detection:

- Hyperparameters sensitivity: many potential

explanations for a single object.

- Careful fine-tuning hyperparameters: to achieve

a clear and satisfactory explanation

- Long running time: to perturb images and

generate an explanation.

Detection proposals S=sL-sp-s0
PE O
. d
A i )

° Similarity
Detecto scores

I ACPL- il—

[
Mask weights

o7]o2] - Jos]

D-RISE Architecture (Petsiuk et al., 2021)
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G-CAME - Gaussian Class Activation Mapping Explainer

By adding the Gaussian kernel as the weight for each pixel in the feature map, G-CAME:
« Becomes the first CAM-based method that can explain object detectors for a specific target object.
* Runs in a short time manner compared with perturbation-based methods.

» Produces better plausible and information-faithful explanations than previous methods.
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+7 1.Targetlayersselection |~ """~ """"TTTTTTmTTmmommmosn oo s s s n o mmmmm T I IIY

- E /One-stage model (YOLOX) h /Two-stage model (FasterRCNN) ) E
G-CAM E Arch Ite ctu re i ﬁTargetlayer:ConVZD | FPNL,a (Targetlayer:ConVZD E
4 Blocks to generate an explanation e A4
: Y j/ Prediction il E g I 3 :lltffz?ax E
E . -1 =
E ﬁ»‘ 54 27/ > RPN ] i
, E C— aa |
1. Target Layers Selection: Set the target layers 8 s S A el e
from one-stage/two-stage object detection models e L ------------------ N J -------------- -
2. Object Locating with Gradient: Take the I .
,-[ 2. Object Locating with Gradient ]-
. . . . Object
derivative of the target box with the final feature e e [—
map to get the location map il | t ; Secevaratn
3. Weighting Feature Map: Assign importance to :
each feature map based on its contribution to the i
target object's prediction i 5
E Feature maps (AF) X Gradient maps (G})
. . . s — e
4. Masking Target Regions: Focus the saliency map : t ® :
. . E We E G-CAME Explanation
on the target object and reduce noise from : :
unrelated region i |
E 3. Weighting feature map ] E

7
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To extract the spatial information from the model’'s
convolution layers to generate the saliency map: 7 1.Targetlayers selection """ "7oTmTommmsmsmsssssssososososososososooooees ,
E One-stage model (YOLOX) h fTwo-stage model (FasterRCNN) A :
: ﬁ Target layer: Conv2D ( FPN \ ﬁ :
! Inner  Layer Target layer: Conv2D :
« For one-stage detectors (e.g., YOLOX): ! Docoupltond 4 ] 4/ :
. . . : /) rediction . E . _g_ SOfE)TaX :
Choose the final convolution layer in each 3 R ﬁ/ 5 a7zl — | otaston | |
I E FCIs.;onvs E _§_:> _g_ :
branch as the target layer i A A A L een| 1 :
1 | |FPN , : f: . B xel wm !
1 N .l e 4 E ; il ; Bounding :
- For two-stage detectors (e.g., Faster-RCNN): N 1 g — A " regressar| | |
1 i ‘{_IP _E_ 1
Utilize the convolution layers in the Feature ' i

Pyramid Network (FPN) as the target layers
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To identify the location of the target object in the

feature map:

4
Object . ,
—> detector - '
f : T1,L2,Y1,Y2,PobjsP1y-- -, PCy--y Dn

* For one-stage detectors: The pixel in the

Backward till
the target layer

gradient map represents the center of the

Input image I

object

classification tasks are in separate

branches): The pixel with the highest value in

* For two-stage detectors (regression and 5

. . . Gradient maps (G¥)
the gradient map is used as an estimateof oo e

the object's center
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Assigning importance to each feature map based on its contribution to object

the target object's prediction: feteprer

« Dividing feature maps into positive and negative parts to create a J J\ _______________________

|

smoother saliency map by considering the different effects of each

part on the prediction

« Calculating the weight for each feature map using the mean value of

the gradient map provides a measure of its importance Feature maps (Af) Gradientl maps (GF)
-
(=) _ (=) i
AkQ S— ak Akz : wc

A;<1+) — a;(j)Akl

i = ReLU(ZA;‘f) = AZi_))
kl k2

1
[ 3. Weighting feature map ] :
4
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To focus the saliency map on the target object and reduce ¢~~~ """ 77T TTTTTToTmommoees | 4. Masking target regions |-

noise from unrelated regions:

weighted feature map to estimate the object region based

on the center of the object

Gradient maps (G7) Gaussian masks

« Using a Gaussian mask as a weight for each pixel in the E

_______________________________________________
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To generate the final explanation map:
- Combine the weighted feature maps using the Gaussian kernel

« Choosing the appropriate standard deviation for the Gaussian

mask to ensure that the saliency map accurately captures the

object's size and location

I
Gaussian masks

G-CAME Explanation
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Input Result
. . . . ?;‘-——.—. s
To validate whether the saliency map is a faithful sl i
explanation of the model's prediction .
. . . backbone.C3 backbone.C3 backbone.b head.cl! 1 head.cls_convs.
1. Perform Cascading Randomization and Independent SImOcne  pamemie | modav  Owme | Tacanw
conv conv
Randomization tests
2. Results: G-CAME method produces valid and reliable - - - - -
explanations that are sensitive to the model's Cascading randomizing from top to bottom layers

parameters - - -

Independent randomizing different layers
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Faster-RCNN YOLOX-L

Input image

GradCAM D-RISE G-CAME (Ours) GradCAM D-RISE G-CAME (Ours)

Visualization results of GradCAM, D-RISE, and G-CAME on samples of MS-COCO 2017 dataset.
G-CAME can generate the least noisy saliency maps for explaining a specific object.

University of New Brunswick | Analytics Everywhere Lab 26. Mai 2024 18



Analytics
Everywhere

Qualitative Evaluation on Tiny Objects ﬂUNB

UNIVERSITY OF NEW BRUNSWICK

The saliency map of D-RISE and

Input image

G-CAME for tiny objects prediction:

(a) tiny objects of the same class

D-RISE

lying close together

(b) multiple tiny objects of different

classes lying close together.

In both cases, G-CAME can clearly

distinguish each object in its

G-CAME

explanations.

(a) Explanation for tiny objects of different class (b) Explanation for tiny objects of the same class
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Plausibility evaluation: measure the correlation between the saliency map and the human-labeled ground truth

« Pointing Game (PG) and Energy-based Pointing Game (EBPG)

Faithfulness evaluation: assess the completeness and consistency of the explanations for the model's predictions

» Confidence Drop and Information Drop

Method D-RISE G-CAME (Our) Method D-RISE G-CAME (Our)
© lll:l’GT%T bject) 0.86 | 0.127 0.98 | 0.158 Confidence Drop%?1 42.3 36.8
vera® | -1y objec Information Drop%)  31.58 29.15
EBPGY%1 0.184 | 0.009  0.671 | 0.261 Running time(s)} 252 0.435

(Overall | Tiny object)

Comparison of D-RISE and G-CAME (Our) on the MS-COCO 2017 validation
dataset with the YOLOX model.
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Perturbation-based CAM-based
D-RISE, D-CLOSE G-CAME
Model-agnostic nature Higher plausibility explanation
Higher faithfulness explanation Less noisy explanation

Higher information retainment

Better running time
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