DUET: Dual Incremental Object Detection via Exemplar-Free Task Arithmetic

Supplementary Material

A. Detailed Evaluation Protocol and Metrics old Night Sunny and Daytime Sunny domains in the -
dnal taskTs. Conversely, a lower value indicates signi cant

This section provides a detailed discussion of the propose catastrophic forgetting.

evaluation protocol and metrics for the DulOD task. Ta-
ble S1 outlines the training sequence that is followed for A.2. Average Generalization Index
four different DulOD experiments, along with the detailed
evaluation protocol that is used to comprehensively evalu- .
ate the performance of different object detectors on the re__rpr?del dFIECts unseen classesf frr(l)m d‘?m"”ﬂ t?Sk-IT—j .k
spective DulOD setting. Unlike existing metrics [1, 21, 24] ese classes were hot P?” of the ”""'”"?9 set for g

that focus only on catastrophic forgetting, we used the meaning t_he madel is required to generalise bgyond Its ex-
Retention-Adaptability Index (RAI) , which balances both plicitly trained classes (S?e Table Sl)'. For a given domain
knowledge retention and generalisation to unseen categorie?i at taskTj , the Generalization Index is computed as:
across evolving domains. We de ne RAI as the mean of the

The Generalisation Index3{ p, ;7; ) quanti es how well the

T.

Average Retention Index (Avg RI) and Average Generali- Glp,.1, = MAPunseed Di [Gunseed) (6)
sation Index (Avg Gl), which are discussed in the sections Y MAPref(Di [Guinseed)
below.

RA| = Avg Rl + Avg GI 1) Here, MAPsee Di [Gunseed) is the mAP of the model at

2 taskT; on the unseen class@seenfrom domainD;, and

A.1. Average Retention Index .mAP,ef(Di.[QmseeJ) is the reference mAP obtained by train-

_ _ _ ing the object detector solely on these unseen classes on do-
For each domai; corresponding to task; wherei 2 mainD;. The Average Generalisation Index (Avg Gl) over
f1,:::;T 19, we de ne the Retention IndeR| p, as: all relevant domain-task pairs is then computed as:

APIT(D;[G 1 X
Rlp, = mg'd—('m) @) AgGl= Glp, @)
mAPn(I%W(DI[C]) N (Di;Tj)

T o : :
Here,mAP,,(Di[G]) denotes the mean Average Precision \hereN is the total number of unseen-class domain-task
(mAP) at loU threshold = 0.5 of the object detector at the pairs considered in the evaluation.

nal_ task Tr on theT_cIasseG V\_/hich were learned from do- Continuing with the same example, the Avg Gl is com-
main D;, andmAP,,(Di[CG]) is the mAP when classé€s  pyted as the mean of the Generalization Index values for un-
from domainD; were rst encountered and learned, at task geen classes across the Night Sunny (NS), Daytime Sunny
Ti. The Avg Rl is then calculated as: (DS), and Daytime Foggy (DF) domains for a total of ve
X 1 domain-task pairs- two from task and three fronTs;:
1
Avg RI = Rip;: (3) T2 NgE: T2 2
T 1. Glnst, = Tmansisaay Clost: = "maaeesgizy  (8)
To illustrate this, consider the multi-phase experiment (Ta- Gl _ MAPLeef NS[3:4]) Gl — MAP e DS[1:2])
ble S1) with training sequencélight Sunny [1:2]! Day- NSTe = “mAPe(NS[3:4]) PSTs = "mARe(DS[1:2])
time Sunny [3:4]! Daytime Foggy [5:7] The Avg Rl is
computed as the mean of the Retention Index values for Gl _ MAP2..(DF[1 : 4]) 9
Night Sunny (NS) and Daytime Sunny (DS) domains at the PR Ts = T mAP(DFL : 4]) ©)
nal task Ts as follows:
Rlns = mAP3 (NS[L:2]) Rl p = mAPL3 (DS[3:4]) @) Avg Gl = Slnstz*Closr,* Gl N53T3+ Glosts*Glorrs (1)

T mAP(NSL:2]) T mAPl2(DS[3:4))

Hence, in this case, a higher Avg Gl indicates better zero-

Avg RI = Rins* Rlps (5) shot generalisation to unseen categories: NS [3:4], DS

2 [1:2], and DF [1:4] across incremental training. Conversely,

Hence, in this case, a higher Avg RI indicates how effec- a lower value suggests that the model is over tting to seen
tively the object detector has retained past knowledge fromclasses and fails to generalise.



Table S1. Training Sequence & Evaluation Protocol for different DulOD experiments.

DulOD Training Sequence Evaluation Protocol
Experiment Task ‘ Class IDs New Classes ‘ Old Classes ‘ Unseen Classes
Pascal Series Datasets
Two Phase T1 1-10 from VOC mAP]z (VOC[1 : 10])
VOC [1:10] ! Yy . To s . T, . mAP]2... (VOC[11 : 20])
Clipart [11:20] T 11-20 from Clipart mAP, 2, (Clipart[11 : 20]) mAP_2(VOCI1 : 10]) mAP!2.. (Clipart[1 : 10])
T 1-3 from Watercolor mAP]2 (Watercolor[1 : 3])
T2 "
T, 4-6 from Comic mAP]2 (Comic[4 : 6]) mAP]2(Watercolor[1 : 3]) mAP, um_le_en(WaterC?lorH 1 6])
. ol mAP/2...,(Comic[1 : 3])
WN:ultl IP hai% APT (Watercolor[1 - 3]) mAPJﬁsee;‘(WatercolorM 1 6])
Vatercolor [1:3] T 7-13 from Clipart mAPT2, (Clipart[7 : 13]) mAPai Watercolor]l mAP__ (Comic[l : 3])
! Comic [4:6] mAP_ 2 (Comic[4 : 6]) Ta . .
! Clipart [7:13] ° mAIPu;?seen(Chpart[l - 6])
4 £ .
' VOC [14:20] mAPII‘a(Watercolor[l ) mAlZ‘l";-?j“(V\(,gerC?lFf [43])6 D
T 14-20 from VOC mAPT4 (VOC[14 : 20]) mAP/# (Comic[4 : 6]) A mseen V- ORLICE -
b e Climel7 - 13 AP (Clipart(L : 6]
A g tpartLy - mAPL . (VOC[L : 13])
Diverse Weather Series Datasets
Two Phase T, 1-4 from Daytime Sunny | mAP]z (Daytime Sunny[1 : 4])
Daytime Sunny [1:4] : . To (N . T, . . mAP]2_... (Daytime Sunnyl[5 : 7])
| Night Sunny [57] T 5-7 from Night Sunny mAP, 2 (Night Sunny[5 : 7]) mAP_ 2 (Daytime Sunny[1 : 4]) mAP2 . (Night Sunny[L : 4])
T 1-2 from Night Sunny mAP]2, (Night Sunny[1 : 2])
: N . . . APz (Night Sunny[3 : 4])
Multi Phase T 3-4 from Daytime Sunny | mAP2 (Daytime Sunny[3 : 4 mAP!2 (Night Sunny[1 : 2 AL unseen .
Night Sunny [12] | __° yime Sumny | mAPsé(Daytime Sunny(3 :4) | mAPoa(Night SunnyTh -2 AP Doy Sy 2
! Daytime Sunny [3:4] i . . mAPT3 (Night Sunny[L : 2 MAPcen (Night Sunny[3 :
| Daytime Foggy [5:7] Ts | 5-7 from Daytime Foggy | mAP.2, (Daytime Foggy[5 : 7]) mAPT;I(d]gay%ime Sun}rll[y[3 ]z]) mAP;,fsccn(Daque Sunny[1 : 2])
o mAP,2..,(Daytime Foggy[1 : 4])

B. Loss Function Formulation

To ensure effective incremental learning in case of DulOD,
we employ a combination of standard detector 10ss L petectors
amodi ed distillation loss L p;,;;; (discussed below), and the
Directional Consistency Loss L pc (discussed in main paper
Section 3.5 ). This section details the formulation of
L (o1 Using these loss components.

Knowledge distillation plays a crucial role in mitigating
catastrophic forgetting during incremental learning. In our
approach, we extend the standard distillation loss (L pjgn)
for incremental learning [13] by incorporating a dynamic
thresholding mechanism that Iters low-con dence classi -
cation outputs and high-variance bounding box predictions
from the old (previous task) model.

LetM | | represent the previous task model, and M |
be the current model being trained on T;. Given input data
for the current task X;, the classi cation outputs and pre-
dicted bounding boxes from both models will be:

Zeurr — M 1(X); Zolg = M t 1(X) (11)
where z = (c; b), with ¢ being classi cation logits and b
the predicted bounding box coordinates.

The classi cation distillation loss is computed as:

1

. N 2
TR e cl) (12)
IV aisl o

L Distillg = curr

where M, is the dynamically selected mask that excludes

predictions with low con dence scores in Cgg:

(i)

M = fij max(co'ld cs9 (13)

where s is an adaptive threshold computed as the 75th
percentile of max(coyq) values.

Similarly, the bounding box regression distillation loss
is computed by computing the KL divergence between the
softmax of bounding box outputs from the current and old
models:

P . .
L bistillye, = ﬁ Dki Softmax(bl)) Softmax(bg'lj ) (14)

bb.j A
TI2M o

where M . lters out bounding boxes with high variance
in bold:

M bbox — fj J Var(bf)llg) bboxd (15)

where phox 1S an adaptive threshold computed as the 75th
percentile of bounding box variance values.
The nal modi ed distillation loss becomes:

L Distill — L Distillc +L Distillppox (16)

L petector depends on the object detector used. In our
framework, we augment the detector losses of YOLOI11
[10] and RT-DETR [18] object detectors with L, and
Lpc on the Ultralytics [10] pipeline. In the case of
YOLOI11, the detection loss consists of classi cation loss,
bounding box regression loss, and Distribution Focal Loss



[10], while in the case of RT-DETR, the detection loss fol- of different model-merging algorithms, with and without
lows a Hungarian matching strategy, consisting of classi- Lpc . The results show thdtpc consistently improves
cation, bounding box, and Generalized loU (GloU) losses the RAI across all methods, with an average RAI improve-

[18]. ment of +3.56% among all merging methods, with DUET
Hence, the total loss for incremental tasks ( 2) is achieving the best performance. Moreover, the bar charts in
computed as: Figure S1 compare the L2 distance and cosine similarity be-
tween the merged model weights with both old and current
L total = L petectort  pistil L pistin +  bclpe (17) model weights across different model-merging algorithms.

. ) The results show thatpc signi cantly reduces L2 distance
where pistii and pc are scaling coef cients that control  py 43 46%averaged across all methods, with DUET achiev-
the impact of distillation and directional consistency losses, ing the lowest values. Lower L2 distance suggests that af-

respectively. ter incorporatingd-pc , the merged model lies closer to the
) . original models, ensuring effective knowledge integration
C. Extended Ablation Studies from both. Similarly, incorporation of pc consistently

improves cosine similarity across all method9b83% av-
erage, with DUET achieving the highest values. Higher co-

_ _ _ sine similarity suggests thatpc helps the merged model
Table S2. Performance comparison of different model-merging al- better align with the original models

gorithms on VOC [1:10] Clipart[11:20] depicting the impact of
L pc, with YOLO11n [10] as the base detector. Among columns
best inbold, second besinderlined

C.1. Impact of Loss Components

' Table S3. Ablation studies of different loss components aug-
mented with detector [0S& betecto).

Mogggmﬁg'“g Loc A‘(’%)R' A‘&?' '(?,2)' Loss Component | AVgRI(%) AvgGI(%) RAI(%)
L petector *+ L pistill 72.64 33.74 53.19
Fisher-Merging [20] 7 20.27 17.15 18.71 L petector + LDistiII 87.06 37.75 62.41
Fisher-Merging [20] 3 21.64 24 22.82 (+4.11) Loetector + Lpiggy + Loc 87.44 44.54 65.99
MagMax [19] 7 65.05 28.09 46.57
MagMax [19] 3 66.79  28.28  47.54(+0.97)
Weight-Averaging [8] 7 66.42  31.42 48.92 ; _
Weight-Averaging [8] 3 7612 3753 5683 (+7.91) Impact pf Lpisin - Table S3 presents the abla}tlon stud
EMR-Merging[/] 7 || 67.66 344 51.03 ies of different loss components augmented with detector
EMR-Merging[7] 3 || 68.03 3646 5225(+1.22)  10SS (petecto). We Observe that the inclusion by, in-
DUET (Ours) 7 87.06 37.75 62.41 stead ofL pigiin Signi cantly improves all metrics, with a
DUET (Ours) 3 87.44 4454  65.99(+ 3.58) +14.42%increase in Avg RI+4.01% increase in Avg Gl,

and+9.22%increase in RAI. The addition &fpc bringsin
additional improvements, leading to the best performance
across all metrics.

C.2. Sensitivity Analysis for key hyper-parameters

Figure S2 shows the sensitivity analysis for key hyperpa-
rameters used in the DUET approach. Base scaling coef -
cient pase (Figure S2a) effectively controls the contribu-
tions from the old (prior task) model and current model;
hence, a value dd.5 ensures a balanced trade-off between
past knowledge retention and new adaptation, while ex-
treme values (pase < 0:30r pase > 0:7) signi cantly de-
grade RAI. The limiting factor (Figure S2b) impacts task-
Figure S1.Impact of Lpc in (a) reducing L2 Distance and (b) merging, with = 0:1 giving optimal results for botlPas-

improving cosine similarity. These results are obtained on the 5| SeriesandDiverse Weather Serietatasets. The scaling
VOC [1:10] Clipart [11:20] experiment using YOLO11n [10] coefcients pein and pc (Figures S2c and S2d) con-

f:;}:g base detector with Incremental Head and Sequential F'neirol the impact of Distillation and Directional Consistency

losses, respectively. We observe that, for both of them, a
value of 0.01 gives the best results and effectively helps
Impact of Lpc . Continuing the ablations from the main in mitigating catastrophic forgetting by improving retention
paper (Section 6), in this section, we further investigate the while preventing sign con icts; deviations from these val-
role of Lpc . In Table S2, we compare the performance ues lead to reduced adaptability and degraded performance






Table S7. Results of various methods on VOC [1:10] — Clipart [11:20] with different base detectors. Among columns, best in bold,
second best underlined

T1 T2: Clipart [11:20]
Method Base Detector || VOC Old New Unseen Az:gyl)(l AZ%/();I I({;; §
[1:10] [VOC [1:10][Clipart [11:20] Clipart [L:10][VOC [11:20]]| ? ?
LDB [22] ViTDet 74.9 o7 50.10 os 22.30 os 8.90 o4 9.60 os [|66.89 0518.76 0342.83 o4
DuET (OUI‘S) ViTDet 74.9 02| 54.20 o4 17.60 o2 17.90 o3 11.80 o4 72.36 0232.63 0352.50 o2
CL-DETR [16] Deformable DETR|[56.1 os| 38.29 o7 9.04 os 9.22 os 3.02 o4 ||68.29 0340.72 0454.51 o3
DuET (OllI'S) Deformable DETR|[|56.1 os| 42.32 o3 4.10 o2 15.63 o4 1.68 o4 75.48 0672.37 0.3@ 05
Sequential FT RTDETR-1 87.1 os 0.00 oo 55.00 o7 0.00 oo 32.20 os 0.00 o0 18.85 05 9.43 04
LwF [13] RTDETR-1 87.1 os| 3.13 o2 25.90 os 1.30 o3 18.50 o4 3.59 07 12.30 o5 7.95 o6
ERD [5] RTDETR-I 87.1 os| 1.74 o3 56.00 os 1.42 o2 37.80 os 2.00 o1 23.74 0612.87 os
DuET (Olll‘S) RTDETR-1 87.1 os| 46.10 o: 68.00 o2 28.10 o4 62.20 o4 52.93 0768.20 0560.57 os
Sequential FT RTDETR-x 89.2 os| 0.00 oo 56.52 o7 0.33 o2 30.43 o6 0.00 o0 17.66 o4 8.83 o3
LWF[]3] RTDETR-x 89.2 os| 20.40 os 28.80 o3 17.00 o7 17.90 o4 22.87 0628.27 0525.57 o2
ERD [5] RTDETR-x 89.2 os| 22.60 os 55.20 os 3.83 o3 32.80 o4 {|25.34 0522.73 0.124.04 os
DuET (Ours) RTDETR-x 89.2 os| 60.50 os 26.80 o4 49.00 o3 22.50 o2 67.83 0464.93 0666.38 07
Sequential FT YOLOI11n 80.4 o3 0.60 o 36.70 os 1.02 o5 17.40 o4 0.75 02 12.86 04 6.81 o3
LwF [13] YOLOL11n 80.4 o3| 58.40 os 3.96 o3 28.60 o7 5.00 o2 72.64 0333.74 0553.19 o4
ERD [5] YOLOI11n 80.4 03] 55.20 o4 20.60 o7 30.50 os 16.70 os 68.66 0443.68 0356.17 os
DuET (Ours) YOLOI11n 80.4 o3| 70.30 os 8.45 o3 33.80 o3 12.80 o5 |(87.44 0244.54 0165.99 o3
Sequential FT YOLO11x 88.4 os| 0.00 oo 43.50 os 0.00 o0 16.10 o6 0.00 o0 10.13 07 5.07 o4
LWF[]3] YOLO11x 88.4 os| 57.30 os 38.00 o3 40.30 o7 30.30 o4 64.82 U.GM 02609.70 03
ERD [5] YOLO11x 88.4 os| 23.70 os 46.80 os 26.00 os 23.60 o3 ||26.81 0450.66 0238.74 os
DuET (OUI‘S) YOLO11x 88.4 os| 74.30 o3 52.40 o2 44.50 0. 46.80 0. w 0590.73 0387.39 s

Table S8. Results of various methods on Clipart [1:10] — VOC [11:20] with different base detectors. Among columns, best in bold,
second best underlined

T1 T2: VOC [11:20]
Method Base Detector ||Clipart Old New Unseen Av‘gyRI Avg/GI R;/A I
[1:10] [Clipart [1:10]VOC [11:20]VOC [1:10][Clipart [11:20] (%) (%) (%)
LDB [22] ViTDet 364 o4 1630 o3 23.80 os 7.10 o2 9.10 os 44.78 0715.81 0430.30 os
DuET (OUI‘S) ViTDet 36.4 o2 31.20 o3 34.50 o3 24.40 o3 1.60 o. 85.71 0118.23 0251.97 o3
CL-DETR [16] Deformable DETR|| 10.5 o6 8.88 07 27.02 o4 3.88 o3 10.33 os 84.57 0554.35 02&.46 0.7
DuET (OllI'S) Deformable DETR|| 10.5 o2 9.54 20.08 o1 3.17 o2 10.23 o2 90.86 0.1@ 0272.04 o>
Sequential FT RTDETR-1 44.2 o5 0.00 o0 81.50 os 0.00 o0 30.80 os 0.00 00 29.79 0514.90 o4
LwF [13] RTDETR-1 44.2 o4 2.81 o2 66.00 o7 0.73 o3 37.20 os 6.36 05 36.39 0421.38 os
ERD [5] RTDETR-I 44.2 os 0.37 o3 81.20 os 2.81 o4 27.50 o7 0.84 02 28.21 0514.53 os
DuET (OllI'S) RTDETR-1 44.2 . 37.80 o2 8.17 os 29.40 o2 13.20 o2 85.52 0.:29.64 0.2L58 0.1
Sequential FT RTDETR-x 47.0 o6 0.00 o0 81.60 os 0.00 o0 35.70 os 0.00 00 37.27 0518.64 o3
LWF[13] RTDETR-x 47.0 os 2.42 o3 64.30 o6 1.25 o2 35.70 os 5.15 04 37.97 0:21.56 os
ERD [5] RTDETR-x 47.0 o4 0.67 o2 82.00 o7 0.93 o3 34.40 o6 1.43 o5 36.43 0518.93 a4
DuET (Ours) RTDETR-x 47.0 o2 41.10 o2 4.64 o2 21.30 os 5.27 o2 M 0217.44 0252.45 o2
Sequential FT YOLOIl1n 47.1 o7 0.00 oo 73.60 o6 0.00 o0 29.10 os 0.00 00 30.12 0515.06 o4
LWF[13] YOLOI11n 47.1 os 31.40 o5 4.00 os 20.30 o3 5.36 os 66.67 0418.17 0242.42 o7
ERD [5] YOLOI11n 47.1 os| 33.20 o3 0.72 s 20.70 o4 0.63 o7 70.49 0213.53 0542.01 os
DuET (Ours) YOLOI11n 47.1 o2 32.70 os 44.00 o2 21.70 o2 26.10 o 69.43 0240.51 0254.97 o.
Sequential FT YOLOI11x 36.3 os 0.00 o0 77.50 o6 0.00 o0 33.50 os 0.00 00 38.15 0719.08 o4
LWF[13] YOLOI11x 36.3 o4 25.10 o3 0.96 os 13.00 os 1.59 s 69.15 04 9.16 07 39.16 03
ERD [5] YOLOI11x 36.3 os| 29.40 o7 0.52 o3 12.90 os 0.68 o2 80.99 o5 8.07 o4 44.53 os
DuET (OllI'S) YOLOI11x 36.3 o2 19.30 o 1.25 o2 6.06 o2 3.03 o 53.17 o2 6.88 o1 30.03 o2




Table S9. Results of various methods on Daytime Sunny [1:4] — Night Sunny [5:7] with different base detectors. Among columns, best
in bold, second best underlined

T1 T2: Night Sunny [5:7]
Daytime Old New Unseen Avg RI Avg GI RAI
Method  Base Detector || g v " Daytime | Night Night | Daytime || (%) (%) (%)
[1:4] |Sunny [1:4]|Sunny [5:7]|Sunny [1:4]|Sunny [5:7]
LDB [22] VitDet 453 os 0.50 o3 15.10 o4 0.30 os 16.90 o7 1.10 o2 22.41 03 11.76 o0s
DuET (Olll'S) VitDet 45.3 o2 12.48 o3 11.60 o3 4.33 o2 9.60 o2 27.55 02 28.22 01 27.89 o2

CL-DETR [16] Deformable DETR || 46.3 os | 27.41 os 31.94 s 19.85 o3 32.55 04 ||59.20 02 54.96 05 57.08 o4
DuET (Ours) Deformable DETR || 46.3 o2 39.1 o 15.06 o2 28.17 o2 4.33 . 84.45 02 33.45 01 58.95 o2

Sequential FT RTDETR-1 57.2 os 0.00 oo 77.40 o7 2.52 o3 39.80 o6 0.00 00 35.36 o5 17.68 o4
LWF[13] RTDETR-1 57.2 o4 0.15 o2 76.40 o7 0.03 o 41.50 os 0.26 02 35.01 o5 17.64 o4
ERD [5] RTDETR-1 57.2 os 0.09 o 80.50 o7 0.04 o 39.80 o6 0.16 02 33.59 o5 16.88 o4

DuET (Ours) RTDETR-1 572 02 | 27.30 o 8.63 o2 20.10 o2 7.88 o1 ||47.73 02 21.00 o1 34.37 o2
Sequential FT RTDETR-x 61.0 os | 0.00 oo 84.80 o7 0.00 oo 40.80 os || 0.00 o0 33.77 os 16.89 o3
LwF [13] RTDETR-x 61.0 o5 | 0.57 o2 79.10 o7 0.61 o3 40.60 os || 0.93 02 34.03 os 17.48 o4
ERD [5] RTDETR-x 61.0 o4 | 0.81 o2 84.80 o7 0.98 o3 38.90 os || 1.33 02 32.87 0s 17.10 0.
DuET (Ours) RTDETR-x 61.0 02 | 34.40 o 6.51 o2 28.10 o2 6.02 o1 [[56.39 02 24.15 01 40.27 o2
Sequential FT YOLOI11n 494 o5 0.00 o0 62.20 os 12.60 o4 35.90 os 0.00 00 45.88 06 22.94 o3

LwF [13] YOLOl11n 494 o2 | 27.60 o4 0.34 os 21.30 o3 0.67 os [|55.87 03 21.88 o7 38.88 os
ERD [5] YOLOLl1n 49.4 os | 33.00 o4 34.00 o3 26.10 os 29.10 o7 ||66.80 o5 53.04 03 59.92 o4
DuET (Ours) YOLO11n 494 o2 | 43.50 o 22.20 o3 31.60 o2 27.40 o1 ||88.06 02 56.95 o1 72.51 o2
Sequential FT YOLO11x 64.2 o5 | 12.50 o4 68.60 o7 18.80 o3 46.00 os |[19.47 02 47.60 os 33.54 o4
LwF [13] YOLO11x 64.2 07 | 62.10 os 0.04 o2 42.40 os 0.01 o1 [|96.73 05 27.79 04 62.26 os
ERD [5] YOLO11x 64.2 o5 | 62.20 o7 0.06 o2 42.70 os 0.07 o1 [|95.95 o5 28.04 04 62.46 os

DuET (Olll‘S) YOLOI11x 64.2 o2 61.60 o: 12.90 o2 4470 o2 17.10 o 96.88 02 42.41 o1 69.18 02

Table S10. Results of various methods on Night Sunny [1:4] — Daytime Sunny [5:7] with different base detectors. Among columns, best
in bold, second best underlined

T1 T2: Daytime Sunny [5:7]
Night Old New Unseen AvgRI AvgGI RAI
Method Base Detector ||, /v [ Night | Daytime | Daytime | Night %) (%) (%)
[1:4] |Sunny [1:4]|Sunny [5:7]|Sunny [1:4] | Sunny [5:7]
LDB [22] ViTDet 37.0 os| 0.40 o4 18.30 os 0.10 o2 1430 os || 1.08 0s 20.66 o7 10.87 os
DuET (Ours) VitDet 37.0 02| 5.50 o 18.33 o 3.33 os 14.70 o2 || 14.86 o1 24.80 o2 19.83 o:

CL-DETR []6] Deformable DETR ||48.8 o7 25.90 os 45.70 os 19.88 o6 41.33 o2 53.04 o7 M‘-os 54.34 os
DuET (Ours) Deformable DETR|[48.8 02| 38.81 o: 4.24 o2 29.09 o 7.59 o2 ||79.48 o1 37.69 02 58.59 o2
Sequential FT RTDETR-1 70.0 o6 0.00 oo 58.90 o7 0.00 o0 40.80 os 0.00 00 24.64 os 12.32 o3
LwF [13] RTDETR-1 70.0 o7| 8.73 os 21.80 os 6.00 os 8.37 o4 12.47 07 10.30 o5 11.39 os
ERD [5] RTDETR-1 70.0 os| 1.09 os 57.60 os 1.86 os 43.10 o4 1.56 o7 27.65 os 14.61 o3
DuET (Ours) RTDETR-1 70.0 02| 48.70 o2 1.86 o. 43.80 o2 1.03 o1 ||69.57 02 38.91 02 54.24 o2
Sequential FT RTDETR-x 73.3 o7 0.00 o0 58.80 os 0.00 oo 44.10 o6 0.00 00 24.39 07 12.20 o3
LWF[13] RTDETR-x 73.3 o6 10.70 o7 9.25 s 6.02 os 7.66 o4 14.60 07 9.17 o3 11.89 os
ERD [5] RTDETR-x 73.3 o7 7.03 os 57.00 os 0.93 o6 42.50 o4 9.59 o7 24.27 o5 16.93 o3
DuET (Ours) RTDETR-x 73.3 o2 66.30 o2 6.40 o 58.90 o2 5.26 o Mo.z 51.19 o2 LSZ 02
Sequential FT YOLOIl1n 50.1 o7 0.12 os 37.60 os 0.25 os 25.8 o4 0.24 o7 19.48 oz 9.86 03
LwF [13] YOLO11n 50.1 os| 39.00 o7 0.29 o2 33.90 os 1.51 o3 77.84 o5 35.44 07 56.64 o4
ERD [5] YOLO11n 50.1 o7| 39.60 os 0.06 o2 34.20 os 0.04 o 79.04 o5 34.65 07 56.85 o4
DuET (Olll'S) YOLOI1n 50.1 o2 47.10 o2 20.10 oa 41.30 o2 19.10 o 94.01 o2 56.03 o> 75.02 o2
Sequential FT YOLOI11x 76.3 o7 0.33 os 50.20 os 2.62 os 44.60 o4 0.43 o7 28.51 oz 14.47 o5
LwF [13] YOLO11x 76.3 os| 67.50 o7 0.66 o> 50.10 os 0.23 o 88.47 05 39.16 07 63.82 04
ERD [5] YOLO11x 76.3 07| 67.70 os 0.46 o> 51.30 os 0.25 o 88.73 05 40.10 07 64.42 o4
DuET (Ours) YOLO11x 76.3 02| 22.60 o 43.70 o2 21.60 o2 40.00 o1 {/29.62 o2 40.58 o2 35.10 o2







Table S12. Results of various methods on Watercolor [1:3] —

Comic [4:6] — Clipart [7:13] — VOC [14:20] with different base Algorithm 1: DuET Training Algorithm

Input: Pre-trained model weights: 6y, Sequence of tasks:
{1, T>,...,Tr}.
Output: Final model weights: 0r.
1 Initialize model with pre-trained weights: 6o;

detectors. Among columns, best in bold, second best underlined

Method Base Detector |[Avg RI (%) Avg GI (%) RAI (%)

LDB [22] ViTDet 86.08 06 19.57 05 52.83 04 2 fort=1,2,....Tdo

DuET (Ours) ViTDet 65.57 02 40.44 o1 53.01 o2 3 if t =1 then

CL-DETR [16] Deformable DETR|| 71.73 05 36.63 06 54.18 04 4 Train model on task 771 using Lpetector;
DuET (Ours) Deformable DETR|| 88.54 02 34.81 o1 61.68 02 5 Update weights: 01 < 0o — 17 - Vo Lpetector;
Sequential FT ~ RTDETR-I 0.00 00  7.76 04 3.88 03 6 Decompose weights:

LwF [13] RTDETR-1 040 02 1347 07 694 o5 7 o — [0s0, 0], 01 — [0s1, 67 ]:

ERD [5] RTDETR-I 105 04 1791 06 9.48 03 8 Compute shared task vector: 7s; = 0s; — Oso;
DuET (Ours)  RTDETR-l | 2475 02  22.89 02 23.82 o g Compute task-speci ¢ task vector: 7r; ¢ 0r;
Sequential FT ~ RTDETR-x 0.00 00 635 04 3.18 02 10 elsel ialive: 0 0

LwF [13] RTDETR-x 6551 0s  16.69 03 41.10 07 u nitialize: 0y <= 0t 13

) 12 Train model on task 73 using Lrotal;
ERD [5] RTDETR-x 0.05 o1 1042 02 5.24 03 .
13 Update weights: 0: < 0: 1 — 1+ Vo Lrowl;
DuET (Ours) RTDETR-x 40.80 02 18.88 02 29.84 0.1 . .
_ 14 Decompose weights:
Sequential FT YOLOl11n 0.00 o0 11.05 o5 5.53 o3 15 01— [0s 1,0m 1] 0r — [0 ,0];
LwF [13] YOLOIlIn 52.66 06 17.01 04 34.84 03 16 Compute shared task vectors:
ERD [5] YOLOI11n 54.76 o5 41.13 04 4795 o7 17 Told = Ts; 1 = Os 1 — 0so;
DuET (Ours) YOLOI11n 89.30 02 42.60 o1 6595 o2 18 Teurr = Tsy = Osy — 0503
Sequential FT YOLO11x 0.00 00  10.21 04 5.11 o3 19 Compute task-speci c task vectors:

LwF [13] YOLO11x 1056 03 17.46 05 14.01 02 20 Trog = O 10 Ttan = On:

ERD [5] YOLO11x 54.19 o6 849 02 31.34 o0s 21 Update shared weights using DuET:
DuET (Ours)  YOLOIIx 96.72 02 2649 o1 61.61 02 (05 )inere <= DUET(Teurr, Toud, 0s0) 5

22 Update task-speci ¢ weights:
07 )incre < [Tt Tteur)s
Table S13. Results of various methods on Night Sunny [1:2] — (O Jincre < [Tt tf""] .
” > . . 23 Load new updated weights:
Daytime Sunny [3:4] — Daytime Foggy [5:7] with different base .
. . 9t — [(031 )incre7 (971 )incre]»
detectors. Among columns, best in bold, second best underlined ” end
25 end

Method  Base Detector ||Avg RI (%) Avg GI (%) RAI (%) % return O

LDB [22] ViTDet 50.50 o6 542 07 27.96 o5
DuET (Ours) VitDet 39.87 o2 17.12 o1 28.50 o2
CL-DETR [16] Deformable DETR|| 64.26 03 43.46 05 53.86 o6
DuET (Ours) Deformable DETR|| 62.99 o2 45.11 o1 54.05 o2
Sequential FT RTDETR-1 0.00 00 1497 04 7.49 03 . - - -

LwE [13] RTDETR-I 1476 02 124 03 8.00 os Algorithm 2: DuET Task Arithmetic Algorithm

ERD [5] RTDETR-1 5.40 04 15.83 o6 10.62 03 Input: Parameters: Shared pre-trained weights: 65,, Old
DuET (Ours)  RTDETR-l || 2076 02 1055 02 15.66 01 Task Vector: Toig, Current Task Vector: 7our
Sequential FT  RTDETR-x 0.00 00 2274 04 11.37 03 Hyperparameters: Limiting Factor: -y, Base

LwE [13] RTDETRx 762 0 .86 02 824 o4 Scaling Coef cient: auase, Numerical Stability

) B N oo constant: €

ERD [5 RTDETR- 3.02 o. 19.16 03 11.09 o. . . ;
T ([)] e * D o2 ST 3 ) 02 Output: Updated inremental shared weights: 05,

REIO ) x 39 02 2365 01 2552 02 1 for Model Layer: 1=1,2, ..., L do
Sequential FT YOLOlIn 0.00 oo  30.51 o6 15.26 o5 _ krlgkk Tk

LwF [13] YOLOl1n 27.94 07 2378 05 25.86 06 S s s T

ERD [5] YOLO11n 44.60 06 39.40 05 42.00 03 3 0 = 7 - tanh(p;)

DuET (Ours)  YOLOlIn 88.57 02 41.92 01 6525 02 4 Qi = Quase + clamp (6z, —7,7)
Sequential FT  YOLOIIx 0.00 00 18.16 04 9.08 03 s ﬁll: 1l-a l l l

LwF [13] YOLO11x 19.57 03 2844 05 24.01 02 6 | (Os)ineee = Oso + T+ B Teur

ERD [5] YOLO11x 45.85 06 3738 02 41.62 os 7 end
DuET (Ours)  YOLOIlx || 43.46 02 3837 o1 4092 o2 8 (0ot Jinere = {(0% Vincre } 121

9 return (05, )incre




Table S14. Results of various methods on Daytime Sunny [1:Hight Rainy [5:7] with different base detectors. Among columns, best
in bold, second besinderlined Training time is reported on single NVIDIA A100-PCIE-40GB.

Training T1 T2: Night Rainy [5:7]
Time ||Daytime Old New Unseen AvgRI Avg Gl RAI

Method  Base Detector . '\l g unny ["Daytime | Night | Night | Daytime | (%) (%) (%)

(hours) || [1:4] |Sunny [1:4]|Rainy [5:7]|Rainy [1:4]|Sunny [5:7]

LDB [22] VitDet 23.73 || 45.3 06| 1.40 o3 8.10 o4 0.02 os 16.10 07 || 3.09 02 21.02 03 12.05 0s
DuUET (Ours) VitDet 24.13 45.3 o2 2.02 o3 16.10 o1 1.58 o3 15.20 o- 4.46 o2 22.47 01 13.47 o2
CL-DETR [16] Deformable DETR 91.96|| 46.3 o4 26.26 o4 9.75 os 7.41 os 14.88 o3 56.72 02 53.93 02 55.33 05
DUET (Ours) Deformable DETF 92.63 || 46.3 02 | 26.75 01 3.33 02 7.98 o2 13.9 01 ||57.78 0> 54.58 01 56.18 o2
CL-DETR [16] RT-DETR- 33.87 || 57.2 04 5.11 os 28.1 os 5.04 os 14.3 04 8.93 02 20.82 05 14.88 04
DUET (OUI’S) RT-DETR-I 33.89 57.2 o4 11.8 01 14.90 o- 12.50 o- 17.30 o1 20.63 02 36.50 01 28.57 o2

LwF [13] YOLO11n 11.01 || 49.4 02| 21.50 o4 0.17 os 9.36 o3 0.55 05 [|43.52 03 17.78 07 30.65 os

ERD [5] YOLO11n 11.50 || 49.4 02 | 25.60 04 16.70 os 12.20 os 17.60 07 ||51.82 05 38.96 03 45.39 04
DUET (Ours) YOLO11n 11.02 || 49.4 02| 43.300: 2.67 o3 14.00 o> 8.93 01 |[87.65 02 34.18 01 60.92 o2
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