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Background

« Domain Adaptation
- Concept

- £78 domain0f| M ot5 &l &S CFE domain 2 2 adapt St = A

;= Source domain data; 2 & 0| &t&35H= H|O|E

=

;= Target domain data: source data 2 =t 2 20| XSSt 1A} 5= | 0| £

—

- Domain 2+2| domain gap 2 =25+ source domain A &&=l 2 &S target domain O] 2O 2
HZot7| flotyE AT

[« — Ry

;' Domain gap: source domain 1 target domain 2| &I 49| X}0|
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1)  Zhou, Yang, et al., LEARNING TO PROMPT FOR VISION-LANGUAGE MODELS.” ICLR, 2022.

Background

» Prompt Learning in Vision-Language Model

- Prompt learning (tuning) O 2t

S downstream task 0| StA| ZHSH= 7| H

_||rn

- Pretrained vision-language model (VLM) =

F

ok
o[>

- DEO| M| Li2t0| B E F'dot= CHAl &= Bl AE 0 learnable textual prompt £ £

- Context Optimization (CoOp) Y

—_

- Hand-crafted prompt £ learnable continuous tokens 2 Ci X5+ prompt engineering = A& 3}

Caltech101 Prompt Accura cy I’ learnable context !
a [CLASS] 82.68 i VI: | [V M ||| [cLass) g text encoder
a photo of [CLASS]. 80.81 | |
a photo of a [CLASS]. 86.29 A
airplane butterfly |--- pizza
VI, VL ... [V [CLASS]. 91.83

features

Prompt engineering vs. context optimization (CoOP)

similarity
scores

image encoder

image k
features maximize the score for the
ground-truth class

Learnable prompt ¢;: t; = [Vd[Vg}...[Vg\/][C@']

M learnable tokens V' = [v]|[v.]...[v /] Overview of context optimization (CoOP)

c; = e("class-i") IV_DSI
-
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A

Li, Zhang, et al. “Learning Domain-Aware Detection Head with Prompt.”

37th Conference on Neural Information Processing Systems (NeurlPS), 2023.

AW THEE VDS

SOGANG UNIVERSITY 5

-
>
o



Background
 Object detection ” Rol pooling

-4

Region Proposal Networl
feature maps

- O|OJX|/H|C| 20 M objecte| 4Bt ZFot= AH HITE 7[&

» Faster R-CNN

conv layers

- Region Proposal Network (RPN)

;= Background / foreground =, bounding box 28 Faster R-CNN 1=

- Rol(Region of Interest) pooling

;- CFFSE 37| 9] region proposals 22 E 1H =l 37| 9] feature map &=

| 2k scores | | 4k coordinates | <<4mm k anchor boxes
cls layer ‘ ' reg layer
2564 D

t intermediate layer

sliding window:

Ii' h

w

input image and region proposal pooling section result

conv feature map :
R HE R RPN Rol pooling I VDS \
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Introduction

e Motivation

.|

=

a2
X

- 7| & domain adaptive object detection & 29| St
- Backbone 2| domain bias & 0| 20| & &, detection head 2| domain bias = S| 25t X| £ &t
- Vision-language model (VLM)
- Ch¥sk =0 210]| CH St downstream task Ol A| generalization & 0| 5 Of

- Domain-related prompt AFH& 2 2 domain-aware detection head 48 7t

Source prompt Textual
[VE][V¥][Class][“Clear”] Encoder

ok &

Labelled St dat: \ isual
abelled Source aa/ Encoder

Unlabelled Target data

ok, &

Labelled S d: \ T
abelled Source data / Encoder

Target prompt Textual

Same detection head VeIV Ol Fogey]| — I

[Class]
[Bbox]

Detection
Head

[Class]
[Bbox]
[Class]
[Bbox]

Unlabelled Target data

Domain-aware detection head

(a) Existing Method (b) DA-Pro
Figure 1: (a) Existing methods focus on reducing the domain bias of the detection backbone by
inferring a discriminative visual encoder across domains, ignoring the domain bias in the detection
head. (b) The proposed DA-Pro consists of a VLM-based backbone and a domain-aware detection
head obtained by learning domain-adaptive prompt.
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Method
« Domain-Adaptive Prompt [p..| — B ]

\ Visual /
/ Encoder \
Unlabelled Target data

- Target-related prompt = target-related detection head [ = ] s
arget prompt ; — E:coder

[VEIV I[Class][“Foggy”

— [Class]
[Bbox]

- Dynamic textual class embedding by feeding different prompts

Labelled Source data

[Class]
[Bbox]

- Source-related prompt - source-related detection head

= ¢; = e("class-i") )
e(+) : text tokenizer which maps the Overview
;= dly = e("domain-d") text description into vectors

Tokenized vector of the i-th class

dl,]

Domain-invariant tokens (M learnable tokens)

6 = [vi][vs]..[vive] [vg]...[v%]\lé]

Domain-specific tokens (N learnable tokens) ~ Domain-related prompts

EXAMPLE) Cityscapes(source) = FoggyCityscapes(target)

£ = [0S 0] [ [v3)- [o] [eC'ear”)] [e("clear™)]

tf = [villvel..[vi] [vilvs]..[vi] [e("car™)] [e("foggy™)] | \
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Method

« Domain-Adaptive Prompt for object detection

- Domain-invariant prompt

- Detection head 7| 5 domain 2| & & 0| 0|X|0j| LS 25 classification §50| ==& ot&

- Domain-specific prompt
- Detection head 7t 2t domainOi| Ci3lf =2 domain confidence € X =& St&

- Domain adaptive detection head2| predict probability

. . N, .
- image region boxes R = {rj}jil r(-) : class-agnostic RPN

- Visual encoder F = {fj}iv;

visual embedding textual embedding

exp(s(f(r;)}lg(t;))/T)

p(g — y|rj:daD) —

R B THEED
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?

g(+) : text encoder
s(+) : cosine similarity
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Method

« Domain-Adaptive Prompt for object detection
- Source domain cross entropy loss

-D € {{s}{t}, {s, t}}

- Source prompt {¢}X | Target prompt {tt}

- Both prompts {7}, U {¢f }le
1 N,
ESD—E_)(S S 5 logpy_yjlrj’s D)]

j 1

LY =L 11+ Ls 0y L =L, sy

Source objective function: Es = ﬁzsnv —+ Eﬁpc.
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Method

« Domain-Adaptive Prompt for object detection

- Target domain cross entropy loss
- LabelO| gl target O| 0| X| Of| CH3H pseudo label A4 ¢} = arg maxp(j = y[r’)
Yy

-D € {{t}, {s, t}}

- Target prompt {tf}l, , Both prompts {¢5}%, U {tt}l .

N
R :
Lop =Bl > w5 =yl . {t}) = 7)logp(§ = y;|r}, . D)]

1 . . N
Lont = Exe[— > Lp(5 = yhlrh. . {t}) > T)p(§ = yilrl, ¢, {t}) log p(§ = yh|rh. ¢, {t})]
Target objective function: Et — £t,{t} + Et,{s,t} + ﬁent
Final objective function: L= ﬁs + )\ﬁt.
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Experiments

 Adaptation tasks

- Cross-Weather, Cross-Fov, Sim-to-Real comparison results

Table 1: Comparison with existing methods on three adaptation tasks, for Cross-Weather adaptation
Cityscapes—Foggy Cityscapes (C—F), Cross-Fov adaptation KITTI—Cityscapes (K—C) and Sim-

to-Real adaptation SIM 10K —Cityscapes (S—C). mAP: mean Average Precision (%).

C—F K—C S—C
Methods  Person Rider Car Truck Bus Train Motor Bicycle mAP mAP mAP
DA-Faster [3] 29.2 404 434 19.7 383 285 237 327 320 419 382
VDD [38] 33.4 440 51.7 339 52.0 347 342 368 400 - -
DSS [37] 429 51.2 53.6 33.6 492 189 362 418 409 427 445
MeGA [36] 37.7 49.0 524 254 492 469 345 390 418 43.0 4438
SCAN [21] 417 439 573 28.7 48.6 487 31.0 373 421 458 52.6
TIA [44] 52.1 38.1 49.7 37.7 348 463 48.6 31.1 423 440 -
SIGMA [22] 44.0 439 60.3 31.6 504 515 31.7 40.6 442 458 53.7
AT [24] 56.3 519 642 385 455 551 543 350 509 - -
Baseline 51.8 59.0 674 36.8 59.5 50.6 39.7 559 526 595 60.8
DA-Pro 554 629 709 403 634 54.0 423 58.0 559 614 629

A B
S
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Experiments

« Ablation studies

- Comparison on prompt design

- CoOp-style predefined prompt

- Only domain invariant tokens , only domain specific tokens

- Prompt length (number of M, N)

CoOp-style
learnable prompt

A B
S

SOGANG UNIVERSITY

Table 2: Ablation studies (%) on Cross-Weather adaptation scenario Cityscapes— Foggy Cityscapes.
AP50 evaluates mAP on detection boxes with IoU > 0.5, and > 0.75 for AP75. AP averages AP50
to AP95 with step 5.

Prompt Design

M N Prompt Ensemble

AP AP50 AP75

— A photo of a [class][domain] 28.5 526 28.7
[vi][vS]..[vS,][cd] 16 0 289 530 285

1[vS]e v/ ]le:] [dlg] 16 0 29.2 538 293
N[ve]...[v4][e:][d1g] 0 16 289 531 287

VAV VAV v [ed[dls] 8 8 31.2 555 305
VOV v v Ve v e [dl,) 8 8 v 319 559 320
VOV VAV v e [dly]) 4 4 v 31.1 550 302
VOV v v Ve v [ed [dle]) 12 12 v 314 554 313
Vvs] v v e vy ] [e:][dly) 16 16 v 31.3 553 306




Experiments

« Ablation studies

- Comparison on loss function

Table 3: The influence (%) of loss design on Cross-Weather adaptation scenario Cityscapes— Foggy
Cityscapes. Total number of tokens is set to 16. - stands for the prompt is not compatible with the
loss. Without the historical prompt ensemble strategy.

Prompt Design Logsy + Loy Loty Lsgsey +Ligsy Lent Ly sy mMAP

A photo of a [class][domain] - - - - - 52.6
VL L el 7 : - T 50
[vi][ve]...[vis]le] [dld] v 53.5
[vi][ve]...[vis]le] [dld] v v 53.8
[vi][ve][vis]le:] [dld] v v v 53.8
[vi][vel...[vis][e][dld] v v v v 53.7
[VI][vS]...[vi][c:][dla] v 529
[V{][vS]...[vi][e:][dla] v v 53.1
[VI[ve]...[ve][e:][dl4] v v v 52.7
[VI[ve]...[ve][e:][dl4] v v v v 52.9
vV el St
il vV b fedidl] v y 545
i LA el v / / 5.
R 0 0 1 W 6 5 O TH v y Y 555
Wil v villedia] v / / ¢ v 534

Rﬁ S THdka VDS
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Tang, Su, et al. “Source-Free Domain Adaptation with Frozen Multimodal Foundation
model” The IEEE/CVF Computer Vision and Pattern Recognition Conference (CVPR),
2024,
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Background

« Source-free Unsupervised Domain Adaptation

- Unsupervised Domain Adaptation (UDA)

- Bt2U =0 Q19 H|O| K 7} 2t BiO| = task & 7S = UA=F

1%
>

» Source-free UDA

- Source model 2f 2H# 0| 9f+= target data & & 5l target domain Ofl adapting St= &

Source-data-free UDA

v B C50 -
o vz TE

distribution alignment —

o ' Labeled
e ‘ Source Data
m Source-target < ity $§oo----------
Target Data

| A | 447 g d Rk
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Introduction

e Motivation

7| Z 9| UDA methodsdt SHAH

- Pseudo source domain =510 7| =2| UDA B Z (ex. contrastive learning) &

- Source model EE = target 0| O| Ef 2 2 E{ extra supervision T+

~- 5} X| 2t domain distribution2| X}0| 2 213} pseudo-labeling 2t auxiliary supervisionOi| A error
« CLIPZ &2 multi-modal 7[2F 2 & 2r-&3t= 28 X ¢t

- Unsupervised prompt learning & 5Hl task-specific information 2-&

- Customized VIL 2 2 2 2 H targe model knowledge distillation

(a) Stepl: Task-specific ViL model customization (b) Step2: Memory-aware knowledge adaptation

bt f—
o]
[-I : H Target model \ | - &ﬁﬂ’ I Target model '—r> sm
L . 7
Unlabeled target data Memory-aware
Task-specific prompt m[CLS] Blecisiel Nég:te Ilgrely Predictive
learning “ l. II encouraggenylent consistency

||
= ]
ViL model —'a ViL model
& J
rErrr T T Ty T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T TR TE TR EEETEEE TS 1
' BN Prompt context  [CLS] Classname Epoch-wise updating  @¥ Parameter learnable Parameter frozen  (sm ) Softmax :

R HAETHSE D
17

SOGANG UNIVERSITY

H+AH
=0



Method

» Task-Specific ViL Model Customization

- Prompt learning part
- ViL model2| 2= It2t0|E = frozen, Zf =220 £ =l prompt 2t learnable
ST

- Target model 2t ViL model 2| prediction2 2 mutual information A AtS}H0] &

;= KL divergence 2 C} lower optimization bound& 7FX| 2 £ deeper alignment /s

(a) Stepl: Task-specific ViL model customization (b) Step2: Memory-aware knowledge adaptation
Target model - ;;‘ o Target model —;
L
Unlabele | target data Memory-aware
Task-specific prompt W [CLS] Biedioioy MO:t'“kEIV Predictive
) categor .
learning “ .IIII — encouragger}:ent consistency
||
|
ViL model —a [ ViL model
wn
e e e e
: B Prompt context  [CLS] Classname Epoch-wis : updating @Y Parameter learnable Parameter frozen Softmax |
Mutual informationloss ~ Ltsc = —minEg,, cx,1 (]9t ()0 (24, 0)) v: prompt context
v

Target model  ViL model

SOGANG UNIVERSITY
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Method

« Memory-Aware Knowledge Adaptation

- Most-likely category encouragement — memory aware predictor
- Target model 2} ViL model 2| collective knowledge & 25+ =&
- Target model 2| prediction {p;}7-; 2 ViL model 2| prediction {p';}’-, = prediction bank O X%
;= O| [T target model 2| prediction= iteration TH|, ViL model 2] prediction = epoch TH| update

- 0| = S5 customized ViL model 2| PH3-d2 7 X|5tHA S A0 task-specific dynamics 2-& 7ts

(a) Stepl: Task-specific ViL model customization (b) Step2: Memory-aware knowledge adaptation

E‘E . Target model
—
Unlabele | target data Memory-aware

. d' t i
Task-specific prompt - W [CLS] predicton Ncl‘;:;glmv Predictive
learning “ Illl — encouragement consistency

Target model

%

||
n
ViL model — E [ Vil model
T e
! BN Prompt context  [CLS] Classname ~ —{> Epoch-wis : updating Y Parameter learnable Parameter frozen  [sm ) Softmax |

___________________________________________________________________________________

Historical prediction
fusion process

R B THEED
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Method

« Memory-Aware Knowledge Adaptation

- Most-likely category encouragement — category attention calibration

- Top-N most probable categories & M; = {m}¥_, 2 X[

- Target domain M= x; Of CH2t target model 2| logit 2 {; 2k & [ regularization loss & 2|
exp (a; /T ol ol
( Z/ ) a; — H 1M Z lt,*rn;C lla a'th EIement Of ll
7/,.7/7-) k=1 ’

L = minlE, 1
MCE n}g}tn x; X, 108 ZJ#Mz exp (bz 1

k=1

Lpc = n%in [—Ez,ex, 10 (x;), 6, (xs,v%)) + aLp] Conventional consistency loss, Ls = KL(q| | &)
t

1

f g Conventional scheme 1
i’
v ] .
[
‘i Our scheme 07
-
vy

(- group + group
(other classes) (most-likely classes)

Sky
Sea |l
Fox

Cup

Dog B
v

Dog I

, Figure 3. Illustration of most-likely category encouragement. In

' ! % .Dog ) lP&iorT contrast to the conventional approach that assigns equal importance
nowledage

'S“VO O - ' to all categories (depicted by the gray line), our approach (rep-

Baro ﬁus " OFox — - resented by the black line) introduces additional supervision by

Dog NN

_________ ) incorporating extra knowledge about the two most likely categories.

ﬂ AB TS IVDS\
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Experiments

« Comparison on Closed-set SFDA setting

A

Table 1. Closed-set SFDA on Office-31 (%)

Method Venue |A—D A—W D—A DSW WA WD Avg.
Source - | 79.1 76.6 599 955 614 988 78.6
SHOT [25] ICML20 | 93.7 91.1 742 982 74.6 100. 88.6
NRC [49] NIPS21 | 960 908 753 99.0 75.0 100.  89.4
GKD [38] IROS21 | 946 916 751  98.7 75.1 100. 89.2
HCL [12] NIPS21 | 947 925 759 982 77.7 100. 89.8
AaD [50] NIPS22 | 964 921 750 99.1 76.5 100. 89.9
AdaCon [2] CVPR22| 87.7 83.1 73.7 913 776 728 81.0
CoWA [20] ICML22 | 944 952 762 985 776 998 903
SCLM [40]  NN22 958 90.0 755 989 75.5 99.8 894
ELR [51] ICLR23 | 938 933 762 98.0 769 100.  89.6
PLUE [26] CVPR23 | 89.2 88.4 72.8 97.1 69.6 97.9 858
TPDS [41] ucv23 97.1 94.5 75.7 98.7 75.5 99.8 90.2
DIFO-C-RN - 936 921 785 957 788 970 893
DIFO-C-B32 - 972 955 830 972 832 988 925

Table 2. Closed-set SFDA on Office-Home and VisDA (%). SF and M means source-free and multimodal, respectively; the full results on
VisDA are in Supplementary.

Method Ve SF M Office-Home VisDA
etho cenue Ar—Cl Ar—Pr Ar—Rw Cl—Ar Cl—Pr Cl—sRw Pr—Ar Pr—Cl Pr—Rw Rw—Ar Rw—Cl Rw—Pr Avg. |Sy—Re
Source - ~ -] 437 670 739 499 60.1 625 517 409 726 64.2 46.3 78.1 592 49.2
DAPL-RN [9] TNNLS23 | X « | 541 843 84.8 744 837 850 745 546 848 75.2 54.7 83.8 74.5| 86.9
PADCLIP-RN [18] ICCV23 | X | 57.5 840 838 778 855 847 763 592 854 78.1 60.2 86.7 76.6| 88.5
ADCLIP-RN [36] ICCVW23| X /| 554 852 86 761 858 82 767 561 854 76.8 56.1 855 759| 877
SHOT [25] ICML20 |« X| 567 779 806 680 780 794 679 545 823 74.2 58.6 845 719| 827
NRC [49] NIPS21 | v X | 577 803 820 681 798 786 653 564  83.0 71.0 58.6 856 72.2| 859
GKD [38] IROS21 |« X| 565 782 818 687 789  79.1 676 548 826 74.4 58.5 848 722 83.0
AaD [50] NIPS22 |/ X | 593 793 82.1 689 798 795 672 574 83l 72.1 58.5 854  72.7| 88.0
AdaCon [2] CVPR22 |v X | 472 751 75.5 607 733 732 602 452 766 65.6 483 79.1 650 86.8
CoWA [20] ICML22 |« X| 569 784 810 691 800 799 677 572 824 72.8 60.5 845 72.5| 869
SCLM [40] NN22 v/ X| 582 803 81.5 69.3 790 807 690 568 827 74.7 60.6 850 73.0| 85.3
ELR [51] ICLR23 |v X | 584 787  8L5 69.2 795 793 663 580 826 73.4 59.8 85.1 72.6| 858
PLUE [26] CVPR23 |v X | 491 735 78.2 629 735 745 622 483 786 68.6 51.8 815 669 883
TPDS [41] ucva2s | v x| 593 803 82.1 706 794 809 698 568 821 74.5 612 853 735| 876
DIFO-C-RN = v/ /| 626 875 871 795 879 874 783 634 88l 80.0 63.3 87.7 79.4| 888
DIFO-C-B32 = v/ /| 706 906 88 825 90.6 888 809 701 889 83.4 70.5 912 83.1| 903
AW U VDS
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Experiments

« Comparison to CLIP based prediction results

- Original CLIP model 12| A& H|

Table 4. Results (%) of CLIP and Source+CLIP on the four evaluation datasets. The backbone of CLIP image-encoder in CLP-C-RN and
CLP-C-B32 are the same as DIFO-C-RN and DIFO-C-B32, respectively. The full results are provided in Supplementary.

A

Method Vi Office-31 Office-Home VisDA DomainNet-126
etho enue —A —D —W  —Avg. | »Ar  —Cl  —Pr  —Rw  —Avg. | Sy—Re | -C —P SR —S  —Avg
CLIP-RN [31] ICML21 | 73.1 739 670 71.4 72.5 51.9 81.5 82.5 72.1 83.7 679 702 87.1 654 727
Source+CLIP-RN - 763 904 840 83.6 75.4 574 84.4 85.7 75.7 82.0 71.8 714 873 665 74.3
DIFO-C-RN - 786 953 939 89.3 79.3 63.1 87.7 87.5 79.4 88.8 745 742 885 69.7 76.7
CLIP-B32 [31] ICML21 | 76.0 827 80.6 79.8 74.6 59.8 84.3 85.5 76.1 82.9 747 735 857 712 76.3
Source+CLIP-B32 - 785 93.0 89.6 87.0 78.9 62.5 86.1 87.7 78.8 82.0 76.8 7377 86.0 70.8 76.8
DIFO-C-B32 - 83.1 98.0 96.4 92.5 82.3 70.4 90.8 88.8 83.1 90.3 804 769 873 753 80.0
1.0
oy
£09
g
< 0.8 | I
i
S 0.7
E s Offiec-31 w VisDA
Z 0.6 BN Offiecc-Home W9 DomainNet-126
0.5
0 01 02 03 04 05 06 07 08 09 10
Weighting coefficient of CLIP prediction
Figure 4. The performance of the scheme directly weighting the
source model and CLIP-B32. All results are normalized by corre-
sponding DIFO-C-B32 accuracies for a clear view.
ATk VDS
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Experiments

« Comparison on Partial-set and Open-set SFDA settings & ablation study

Table 5. Partial-set SFDA and Open-set SFDA on Office-Home
(%). The full results are provided in Supplementary.

Partial-set SFDA  Venue Avg. | Open-set SFDA  Venue Avg.
Source - 62.8 | Source - 46.6
SHOT [25] ICML20 79.3 | SHOT [25] ICML20 72.8
HCL [12] NIPS21 79.6 | HCL [12] NIPS21 72.6
CoWA [20] ICML22  83.2 | CoWA [20] ICML22 73.2
AaD [50] NIPS22  79.7 | AaD [50] NIPS22  71.8
CRS [52] CVPR23 80.6 | CRS [52] CVPR23 732
DIFO-C-B32 - 85.6 | DIFO-C-B32 - 75.9

Table 6. Classification results of ablation study (%) on Office-31

Office-Home and VisDA.

Ltsc Lwmce Lpc | Office-31  Office-Home  VisDA | Avg.
X X X 78.6 59.2 49.2 62.3
v X X 82.4 77.4 84.4 81.4
X v X 82.1 76.5 88.6 82.4
v v X 87.0 80.0 88.3 85.1
v v v 92.5 83.1 90.3 88.6
DIFQO-C-B32 w/ KL 90.4 81.5 89.0 87.0
DIFO-C-B32 w/ CLIP 90.7 81.1 88.8 86.8
DIFQ-C-B32 w/o pﬁ:-, 89.8 73.5 87.0 834
DIFO-C-B32 w/o p; 88.9 822 88.9 86.7
A B
@ SOGANG UNIVERSITY 23



Experiments

» Feature distribution visualization

e . ® o ® " @
e - e W PR, S,
e ® Cnatog e - Lo EP o
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L3 & - &9 - ;S ~w & ! v - ’
“l|» ’5.“ ?’u-’:: Ty ‘i:-? » @ y 'é;; -8 /
® ° i‘*. - ‘Q& 2 ® % g '*'.'.. ... &
‘o’..-q » ’ eV " - z e .’@
5 ? ® kit
Source TPDS DIFO-C-B32 Oracle

0.4 0.4

0.0 —02 7 =02 04

0.2
gource

0.0 —02

06 04 %\ZPDS

-0.2 7
2 0.0

06 04 OS\—\OT

0.0

0 °* °ELIP

0.4

“DiF0-C-832

-0.4
0a 02 00 <02
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Figure 5. Feature distribution visualization comparison on transfer task Ar—Cl in Office-Home. Oracle is trained on target domain Cl using
the ground-truth labels. Different colors stand for different categories. Top: t-SNE feature distribution over 65 categories. Bottom: The

corresponding 3D density charts. For easy view, the first 10 categories were used in this plot.
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