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Supplementary Material

A. Detailed Evaluation Protocol and Metrics

This section provides a detailed discussion of the proposed
evaluation protocol and metrics for the DuIOD task. Ta-
ble S1 outlines the training sequence that is followed for
four different DuIOD experiments, along with the detailed
evaluation protocol that is used to comprehensively evalu-
ate the performance of different object detectors on the re-
spective DuIOD setting. Unlike existing metrics [1, 21, 24]
that focus only on catastrophic forgetting, we used the
Retention-Adaptability Index (RAI) , which balances both
knowledge retention and generalisation to unseen categories
across evolving domains. We de�ne RAI as the mean of the
Average Retention Index (Avg RI) and Average Generali-
sation Index (Avg GI), which are discussed in the sections
below.

RAI =
Avg RI + Avg GI

2
(1)

A.1. Average Retention Index

For each domainD i corresponding to taskTi wherei 2
f 1; : : : ; T � 1g, we de�ne the Retention IndexRI D i as:

RI D i =
mAPTT

old (D i [Ci ])

mAPTi
new(D i [Ci ])

(2)

Here,mAPTT
old (D i [Ci ]) denotes the mean Average Precision

(mAP) at IoU threshold = 0.5 of the object detector at the
�nal task TT on the classesCi which were learned from do-
mainD i , andmAPTi

new(D i [Ci ]) is the mAP when classesCi

from domainD i were �rst encountered and learned, at task
Ti . The Avg RI is then calculated as:

Avg RI =
1

T � 1

T � 1X

i =1

RI D i : (3)

To illustrate this, consider the multi-phase experiment (Ta-
ble S1) with training sequence:Night Sunny [1:2]! Day-
time Sunny [3:4]! Daytime Foggy [5:7]. The Avg RI is
computed as the mean of the Retention Index values for
Night Sunny (NS) and Daytime Sunny (DS) domains at the
�nal task T3 as follows:

RI NS = mAPT 3
old (NS[1:2])

mAPT 1
new(NS[1:2])

RI DS = mAPT 3
old (DS[3:4])

mAPT 2
new(DS[3:4])

(4)

Avg RI =
RI NS + RI DS
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Hence, in this case, a higher Avg RI indicates how effec-
tively the object detector has retained past knowledge from

old Night Sunny and Daytime Sunny domains in the �-
nal taskT3. Conversely, a lower value indicates signi�cant
catastrophic forgetting.

A.2. Average Generalization Index

The Generalisation Index (GI D i ;Tj ) quanti�es how well the
model detects unseen classes from domainD i at taskTj .
These classes were not part of the training set for taskTj ,
meaning the model is required to generalise beyond its ex-
plicitly trained classes (see Table S1). For a given domain
D i at taskTj , the Generalization Index is computed as:

GI D i ;Tj =
mAPTj

unseen(D i [Cunseen])
mAPref(D i [Cunseen])

(6)

Here, mAPTj
unseen(D i [Cunseen]) is the mAP of the model at

taskTj on the unseen classesCunseenfrom domainD i , and
mAPref(D i [Cunseen]) is the reference mAP obtained by train-
ing the object detector solely on these unseen classes on do-
mainD i . The Average Generalisation Index (Avg GI) over
all relevant domain-task pairs is then computed as:

Avg GI =
1
N

X

(D i ;Tj )

GI D i ;Tj (7)

whereN is the total number of unseen-class domain-task
pairs considered in the evaluation.

Continuing with the same example, the Avg GI is com-
puted as the mean of the Generalization Index values for un-
seen classes across the Night Sunny (NS), Daytime Sunny
(DS), and Daytime Foggy (DF) domains for a total of �ve
domain-task pairs- two from taskT2 and three fromT3:

GI NS;T2 = mAPT 2
unseen(NS[3:4])

mAPref(NS[3:4]) GI DS;T2 = mAPT 2
unseen(DS[1:2])

mAPref(DS[1:2]) (8)

GI NS;T3 = mAPT 3
unseen(NS[3:4])

mAPref(NS[3:4]) GI DS;T3 = mAPT 3
unseen(DS[1:2])

mAPref(DS[1:2])

GI DF;T3 =
mAPT3

unseen(DF[1 : 4])
mAPref(DF[1 : 4])

(9)

Avg GI = GI NS;T 2 + GI DS;T 2 + GI NS;T 3 + GI DS;T 3 + GI DF;T 3
5 (10)

Hence, in this case, a higher Avg GI indicates better zero-
shot generalisation to unseen categories: NS [3:4], DS
[1:2], and DF [1:4] across incremental training. Conversely,
a lower value suggests that the model is over�tting to seen
classes and fails to generalise.



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

DuIOD
Experiment

Training Sequence Evaluation Protocol
Task Class IDs New Classes Old Classes Unseen Classes

Pascal Series Datasets

Two Phase
VOC [1:10] !
Clipart [11:20]

T1 1-10 from VOC mAPT1
new(VOC[1 : 10]) — —

T2 11-20 from Clipart mAPT2
new(Clipart[11 : 20]) mAPT2

old(VOC[1 : 10]) mAPT2
unseen(VOC[11 : 20])

mAPT2
unseen(Clipart[1 : 10])

Multi Phase
Watercolor [1:3]
! Comic [4:6]

! Clipart [7:13]
! VOC [14:20]

T1 1-3 from Watercolor mAPT1
new(Watercolor[1 : 3]) — —

T2 4-6 from Comic mAPT2
new(Comic[4 : 6]) mAPT2

old(Watercolor[1 : 3]) mAPT2
unseen(Watercolor[4 : 6])

mAPT2
unseen(Comic[1 : 3])

T3 7-13 from Clipart mAPT3
new(Clipart[7 : 13]) mAPT3

old(Watercolor[1 : 3])
mAPT3

old(Comic[4 : 6])

mAPT3
unseen(Watercolor[4 : 6])

mAPT3
unseen(Comic[1 : 3])

mAPT3
unseen(Clipart[1 : 6])

T4 14-20 from VOC mAPT4
new(VOC[14 : 20])

mAPT4
old(Watercolor[1 : 3])

mAPT4
old(Comic[4 : 6])

mAPT4
old(Clipart[7 : 13])

mAPT4
unseen(Watercolor[4 : 6])

mAPT4
unseen(Comic[1 : 3])

mAPT4
unseen(Clipart[1 : 6])

mAPT4
unseen(VOC[1 : 13])

Diverse Weather Series Datasets

Two Phase
Daytime Sunny [1:4]
! Night Sunny [5:7]

T1 1-4 from Daytime Sunny mAPT1
new(Daytime Sunny[1 : 4]) — —

T2 5-7 from Night Sunny mAPT2
new(Night Sunny[5 : 7]) mAPT2

old(Daytime Sunny[1 : 4]) mAPT2
unseen(Daytime Sunny[5 : 7])

mAPT2
unseen(Night Sunny[1 : 4])

Multi Phase
Night Sunny [1:2]

! Daytime Sunny [3:4]
! Daytime Foggy [5:7]

T1 1-2 from Night Sunny mAPT1
new(Night Sunny[1 : 2]) — —

T2 3-4 from Daytime Sunny mAPT2
new(Daytime Sunny[3 : 4]) mAPT2

old(Night Sunny[1 : 2]) mAPT2
unseen(Night Sunny[3 : 4])

mAPT2
unseen(Daytime Sunny[1 : 2])

T3 5-7 from Daytime Foggy mAPT3
new(Daytime Foggy[5 : 7]) mAPT3

old(Night Sunny[1 : 2])
mAPT3

old(Daytime Sunny[3 : 4])

mAPT3
unseen(Night Sunny[3 : 4])

mAPT3
unseen(Daytime Sunny[1 : 2])

mAPT3
unseen(Daytime Foggy[1 : 4])

B. Loss Function Formulation
To ensure effective incremental learning in case of DuIOD,
we employ a combination of standard detector loss L Detector,
a modified distillation loss L �

Distill (discussed below), and the
Directional Consistency Loss L DC (discussed in main paper
Section 3.5 ). This section details the formulation of
L total 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 Distill)
for incremental learning [13] by incorporating a dynamic
thresholding mechanism that filters low-confidence classifi-
cation outputs and high-variance bounding box predictions
from the old (previous task) model.

Let M � t � 1 represent the previous task model, and M � t

be the current model being trained on Tt . Given input data
for the current task Xt , the classification outputs and pre-
dicted bounding boxes from both models will be:

zcurr = M � t (x); zold = M � t � 1 (x) (11)

where z = (c;b), with c being classification logits and b
the predicted bounding box coordinates.

The classification distillation loss is computed as:

L �
Distillcls

=
1

jM �
clsj

X

i 2M �






 c( i )

curr � c
( i )
old








2
(12)

where M �
cls is the dynamically selected mask that excludes

predictions with low confidence scores in cold:

M �
cls = f i j max(c( i )

old) � �clsg (13)

where �cls is an adaptive threshold computed as the 75th
percentile of max(cold) 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:

L �
Distillbbox

= 1
jM �

bbox j

P

j 2M �
bbox

DKL

�
Softmax(b( j )

curr)
�
�
�
�
�
�Softmax(b( j )

old )
�

(14)

where M �
bbox filters out bounding boxes with high variance

in bold:

M �
bbox = f j j Var(b( j )

old ) � �bboxg (15)

where �bbox is an adaptive threshold computed as the 75th
percentile of bounding box variance values.

The final modified distillation loss becomes:

L �
Distill = L �

Distillcls
+ L �

Distillbbox
(16)

L Detector depends on the object detector used. In our
framework, we augment the detector losses of YOLO11
[10] and RT-DETR [18] object detectors with L �

Distill and
L DC on the Ultralytics [10] pipeline. In the case of
YOLO11, the detection loss consists of classification loss,
bounding box regression loss, and Distribution Focal Loss



[10], while in the case of RT-DETR, the detection loss fol-
lows a Hungarian matching strategy, consisting of classi�-
cation, bounding box, and Generalized IoU (GIoU) losses
[18].

Hence, the total loss for incremental tasks (t � 2) is
computed as:

L Total = L Detector+ � Distill L �
Distill + � DCL DC (17)

where� Distill and � DC are scaling coef�cients that control
the impact of distillation and directional consistency losses,
respectively.

C. Extended Ablation Studies

C.1. Impact of Loss Components

Table S2. Performance comparison of different model-merging al-
gorithms on VOC [1:10]! Clipart [11:20] depicting the impact of
L DC, with YOLO11n [10] as the base detector. Among columns,
best inbold, second bestunderlined.

Model-merging
algorithm

L DC
Avg RI

(%)
Avg GI

(%)
RAI
(%)

Fisher-Merging [20] 7 20.27 17.15 18.71
Fisher-Merging [20] 3 21.64 24 22.82 (+ 4.11)

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 76.12 37.53 56.83 (+ 7.91)

EMR-Merging [7] 7 67.66 34.4 51.03
EMR-Merging [7] 3 68.03 36.46 52.25 (+ 1.22)

DuET (Ours) 7 87.06 37.75 62.41
DuET (Ours) 3 87.44 44.54 65.99(+ 3.58)

Figure S1.Impact of L DC in (a) reducing L2 Distance and (b)
improving cosine similarity. These results are obtained on the
VOC [1:10] � Clipart [11:20] experiment using YOLO11n [10]
as the base detector with Incremental Head and Sequential Fine-
tuning.

Impact of L DC . Continuing the ablations from the main
paper (Section 6), in this section, we further investigate the
role of L DC . In Table S2, we compare the performance

of different model-merging algorithms, with and without
L DC . The results show thatL DC consistently improves
the RAI across all methods, with an average RAI improve-
ment of+3.56% among all merging methods, with DuET
achieving the best performance. Moreover, the bar charts in
Figure S1 compare the L2 distance and cosine similarity be-
tween the merged model weights with both old and current
model weights across different model-merging algorithms.
The results show thatL DC signi�cantly reduces L2 distance
by 43.46%averaged across all methods, with DuET achiev-
ing the lowest values. Lower L2 distance suggests that af-
ter incorporatingL DC , the merged model lies closer to the
original models, ensuring effective knowledge integration
from both. Similarly, incorporation ofL DC consistently
improves cosine similarity across all methods by0.23%av-
erage, with DuET achieving the highest values. Higher co-
sine similarity suggests thatL DC helps the merged model
better align with the original models.

Table S3. Ablation studies of different loss components aug-
mented with detector loss (L Detector).

Loss Component Avg RI (%) Avg GI (%) RAI (%)
L Detector + L Distill 72.64 33.74 53.19
L Detector + L �

Distill 87.06 37.75 62.41
L Detector + L �

Distill + L DC 87.44 44.54 65.99

Impact of L �
Distill . Table S3 presents the ablation stud-

ies of different loss components augmented with detector
loss (L Detector). We observe that the inclusion ofL �

Distill in-
stead ofL Distill signi�cantly improves all metrics, with a
+14.42%increase in Avg RI,+4.01% increase in Avg GI,
and+9.22%increase in RAI. The addition ofL DC brings in
additional improvements, leading to the best performance
across all metrics.

C.2. Sensitivity Analysis for key hyper­parameters

Figure S2 shows the sensitivity analysis for key hyperpa-
rameters used in the DuET approach. Base scaling coef�-
cient � base (Figure S2a) effectively controls the contribu-
tions from the old (prior task) model and current model;
hence, a value of0.5 ensures a balanced trade-off between
past knowledge retention and new adaptation, while ex-
treme values (� base < 0:3 or � base > 0:7) signi�cantly de-
grade RAI. The limiting factor
 (Figure S2b) impacts task-
merging, with
 = 0 :1 giving optimal results for bothPas-
cal SeriesandDiverse Weather Seriesdatasets. The scaling
coef�cients � Distill and� DC (Figures S2c and S2d) con-
trol 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
in mitigating catastrophic forgetting by improving retention
while preventing sign con�icts; deviations from these val-
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.

Method Base Detector
T1

VOC
[1:10]

T2: Clipart [11:20]
Avg RI

(%)
Avg GI

(%)
RAI
(%)Old New Unseen

VOC [1:10] Clipart [11:20] Clipart [1:10] VOC [11:20]
LDB [22] ViTDet 74.9� 0.7 50.10� 0.5 22.30� 0.8 8.90� 0.4 9.60� 0.6 66.89� 0.5 18.76� 0.3 42.83� 0.4

DuET (Ours) ViTDet 74.9� 0.2 54.20� 0.4 17.60� 0.2 17.90� 0.3 11.80� 0.4 72.36� 0.2 32.63� 0.3 52.50� 0.2

CL-DETR [16] Deformable DETR 56.1� 0.6 38.29� 0.7 9.04� 0.5 9.22� 0.8 3.02� 0.4 68.29� 0.3 40.72� 0.4 54.51� 0.3

DuET (Ours) Deformable DETR 56.1� 0.6 42.32� 0.3 4.10� 0.2 15.63� 0.4 1.68� 0.4 75.48� 0.6 72.37� 0.3 73.93� 0.5

Sequential FT RTDETR-l 87.1� 0.6 0.00� 0.0 55.00� 0.7 0.00� 0.0 32.20� 0.5 0.00� 0.0 18.85� 0.6 9.43� 0.4

LwF [13] RTDETR-l 87.1� 0.6 3.13� 0.2 25.90� 0.8 1.30� 0.3 18.50� 0.4 3.59� 0.7 12.30� 0.5 7.95� 0.6

ERD [5] RTDETR-l 87.1� 0.6 1.74� 0.3 56.00� 0.8 1.42� 0.2 37.80� 0.5 2.00� 0.1 23.74� 0.6 12.87� 0.8

DuET (Ours) RTDETR-l 87.1� 0.6 46.10� 0.1 68.00� 0.2 28.10� 0.4 62.20� 0.4 52.93� 0.7 68.20� 0.5 60.57� 0.6

Sequential FT RTDETR-x 89.2� 0.5 0.00� 0.0 56.52� 0.7 0.33� 0.2 30.43� 0.6 0.00� 0.0 17.66� 0.4 8.83� 0.3

LwF [13] RTDETR-x 89.2� 0.5 20.40� 0.5 28.80� 0.3 17.00� 0.7 17.90� 0.4 22.87� 0.6 28.27� 0.5 25.57� 0.2

ERD [5] RTDETR-x 89.2� 0.5 22.60� 0.7 55.20� 0.8 3.83� 0.3 32.80� 0.4 25.34� 0.5 22.73� 0.1 24.04� 0.8

DuET (Ours) RTDETR-x 89.2� 0.5 60.50� 0.5 26.80� 0.4 49.00� 0.3 22.50� 0.2 67.83� 0.4 64.93� 0.6 66.38� 0.7

Sequential FT YOLO11n 80.4� 0.3 0.60� 0.1 36.70� 0.8 1.02� 0.3 17.40� 0.4 0.75� 0.2 12.86� 0.4 6.81� 0.3

LwF [13] YOLO11n 80.4� 0.3 58.40� 0.8 3.96� 0.3 28.60� 0.7 5.00� 0.2 72.64� 0.3 33.74� 0.5 53.19� 0.4

ERD [5] YOLO11n 80.4� 0.3 55.20� 0.4 20.60� 0.7 30.50� 0.5 16.70� 0.8 68.66� 0.4 43.68� 0.3 56.17� 0.6

DuET (Ours) YOLO11n 80.4� 0.3 70.30� 0.3 8.45� 0.3 33.80� 0.3 12.80� 0.3 87.44� 0.2 44.54� 0.1 65.99� 0.3

Sequential FT YOLO11x 88.4� 0.5 0.00� 0.0 43.50� 0.8 0.00� 0.0 16.10� 0.6 0.00� 0.0 10.13� 0.7 5.07� 0.4

LwF [13] YOLO11x 88.4� 0.5 57.30� 0.5 38.00� 0.3 40.30� 0.7 30.30� 0.4 64.82� 0.6 74.57� 0.2 69.70� 0.3

ERD [5] YOLO11x 88.4� 0.5 23.70� 0.7 46.80� 0.8 26.00� 0.5 23.60� 0.3 26.81� 0.4 50.66� 0.2 38.74� 0.8

DuET (Ours) YOLO11x 88.4� 0.5 74.30� 0.3 52.40� 0.2 44.50� 0.1 46.80� 0.1 84.05� 0.5 90.73� 0.3 87.39� 0.6

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.

Method Base Detector
T1

Clipart
[1:10]

T2: VOC [11:20]
Avg RI

(%)
Avg GI

(%)
RAI
(%)Old New Unseen

Clipart [1:10] VOC [11:20] VOC [1:10] Clipart [11:20]
LDB [22] ViTDet 36.4� 0.4 16.30� 0.3 23.80� 0.5 7.10� 0.2 9.10� 0.6 44.78� 0.7 15.81� 0.4 30.30� 0.8

DuET (Ours) ViTDet 36.4� 0.2 31.20� 0.3 34.50� 0.3 24.40� 0.3 1.60� 0.1 85.71� 0.1 18.23� 0.2 51.97� 0.3

CL-DETR [16] Deformable DETR 10.5� 0.6 8.88� 0.7 27.02� 0.4 3.88� 0.3 10.33� 0.8 84.57� 0.5 54.35� 0.2 69.46� 0.7

DuET (Ours) Deformable DETR 10.5� 0.2 9.54� 0.1 20.08� 0.1 3.17� 0.2 10.23� 0.2 90.86� 0.1 53.22� 0.2 72.04� 0.2

Sequential FT RTDETR-l 44.2� 0.5 0.00� 0.0 81.50� 0.7 0.00� 0.0 30.80� 0.6 0.00� 0.0 29.79� 0.8 14.90� 0.4

LwF [13] RTDETR-l 44.2� 0.4 2.81� 0.2 66.00� 0.7 0.73� 0.3 37.20� 0.5 6.36� 0.6 36.39� 0.4 21.38� 0.8

ERD [5] RTDETR-l 44.2� 0.5 0.37� 0.3 81.20� 0.6 2.81� 0.4 27.50� 0.7 0.84� 0.2 28.21� 0.8 14.53� 0.5

DuET (Ours) RTDETR-l 44.2� 0.1 37.80� 0.2 8.17� 0.1 29.40� 0.2 13.20� 0.2 85.52� 0.1 29.64� 0.2 57.58� 0.1

Sequential FT RTDETR-x 47.0� 0.6 0.00� 0.0 81.60� 0.7 0.00� 0.0 35.70� 0.5 0.00� 0.0 37.27� 0.8 18.64� 0.3

LwF [13] RTDETR-x 47.0� 0.5 2.42� 0.3 64.30� 0.6 1.25� 0.2 35.70� 0.8 5.15� 0.4 37.97� 0.7 21.56� 0.5

ERD [5] RTDETR-x 47.0� 0.4 0.67� 0.2 82.00� 0.7 0.93� 0.3 34.40� 0.6 1.43� 0.5 36.43� 0.8 18.93� 0.4

DuET (Ours) RTDETR-x 47.0� 0.2 41.10� 0.2 4.64� 0.2 21.30� 0.1 5.27� 0.2 87.45� 0.2 17.44� 0.2 52.45� 0.2

Sequential FT YOLO11n 47.1� 0.7 0.00� 0.0 73.60� 0.6 0.00� 0.0 29.10� 0.5 0.00� 0.0 30.12� 0.8 15.06� 0.4

LwF [13] YOLO11n 47.1� 0.6 31.40� 0.7 4.00� 0.5 20.30� 0.3 5.36� 0.8 66.67� 0.4 18.17� 0.2 42.42� 0.7

ERD [5] YOLO11n 47.1� 0.5 33.20� 0.3 0.72� 0.6 20.70� 0.4 0.63� 0.7 70.49� 0.2 13.53� 0.8 42.01� 0.5

DuET (Ours) YOLO11n 47.1� 0.2 32.70� 0.1 44.00� 0.2 21.70� 0.2 26.10� 0.1 69.43� 0.2 40.51� 0.2 54.97� 0.1

Sequential FT YOLO11x 36.3� 0.5 0.00� 0.0 77.50� 0.6 0.00� 0.0 33.50� 0.8 0.00� 0.0 38.15� 0.7 19.08� 0.4

LwF [13] YOLO11x 36.3� 0.4 25.10� 0.3 0.96� 0.8 13.00� 0.5 1.59� 0.6 69.15� 0.4 9.16� 0.7 39.16� 0.3

ERD [5] YOLO11x 36.3� 0.5 29.40� 0.7 0.52� 0.3 12.90� 0.6 0.68� 0.2 80.99� 0.8 8.07� 0.4 44.53� 0.5

DuET (Ours) YOLO11x 36.3� 0.2 19.30� 0.1 1.25� 0.2 6.06� 0.2 3.03� 0.1 53.17� 0.2 6.88� 0.1 30.03� 0.2



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.

Method Base Detector

T1
Daytime
Sunny
[1:4]

T2: Night Sunny [5:7]
Avg RI

(%)
Avg GI

(%)
RAI
(%)

Old New Unseen
Daytime

Sunny [1:4]
Night

Sunny [5:7]
Night

Sunny [1:4]
Daytime

Sunny [5:7]
LDB [22] VitDet 45.3� 0.6 0.50� 0.3 15.10� 0.4 0.30� 0.5 16.90� 0.7 1.10� 0.2 22.41� 0.3 11.76� 0.6

DuET (Ours) VitDet 45.3� 0.2 12.48� 0.3 11.60� 0.3 4.33� 0.2 9.60� 0.2 27.55� 0.2 28.22� 0.1 27.89� 0.2

CL-DETR [16] Deformable DETR 46.3� 0.4 27.41� 0.5 31.94� 0.6 19.85� 0.3 32.55� 0.4 59.20� 0.2 54.96� 0.5 57.08� 0.4

DuET (Ours) Deformable DETR 46.3� 0.2 39.1� 0.1 15.06� 0.2 28.17� 0.2 4.33� 0.1 84.45� 0.2 33.45� 0.1 58.95� 0.2

Sequential FT RTDETR-l 57.2� 0.5 0.00� 0.0 77.40� 0.7 2.52� 0.3 39.80� 0.6 0.00� 0.0 35.36� 0.8 17.68� 0.4

LwF [13] RTDETR-l 57.2� 0.4 0.15� 0.2 76.40� 0.7 0.03� 0.1 41.50� 0.5 0.26� 0.2 35.01� 0.8 17.64� 0.4

ERD [5] RTDETR-l 57.2� 0.5 0.09� 0.1 80.50� 0.7 0.04� 0.1 39.80� 0.6 0.16� 0.2 33.59� 0.8 16.88� 0.4

DuET (Ours) RTDETR-l 57.2� 0.2 27.30� 0.1 8.63� 0.2 20.10� 0.2 7.88� 0.1 47.73� 0.2 21.00� 0.1 34.37� 0.2

Sequential FT RTDETR-x 61.0� 0.6 0.00� 0.0 84.80� 0.7 0.00� 0.0 40.80� 0.5 0.00� 0.0 33.77� 0.8 16.89� 0.3

LwF [13] RTDETR-x 61.0� 0.5 0.57� 0.2 79.10� 0.7 0.61� 0.3 40.60� 0.6 0.93� 0.2 34.03� 0.8 17.48� 0.4

ERD [5] RTDETR-x 61.0� 0.4 0.81� 0.2 84.80� 0.7 0.98� 0.3 38.90� 0.6 1.33� 0.2 32.87� 0.8 17.10� 0.4

DuET (Ours) RTDETR-x 61.0� 0.2 34.40� 0.1 6.51� 0.2 28.10� 0.2 6.02� 0.1 56.39� 0.2 24.15� 0.1 40.27� 0.2

Sequential FT YOLO11n 49.4� 0.3 0.00� 0.0 62.20� 0.5 12.60� 0.4 35.90� 0.3 0.00� 0.0 45.88� 0.6 22.94� 0.3

LwF [13] YOLO11n 49.4� 0.2 27.60� 0.4 0.34� 0.6 21.30� 0.3 0.67� 0.5 55.87� 0.3 21.88� 0.7 38.88� 0.6

ERD [5] YOLO11n 49.4� 0.5 33.00� 0.4 34.00� 0.3 26.10� 0.6 29.10� 0.7 66.80� 0.5 53.04� 0.3 59.92� 0.4

DuET (Ours) YOLO11n 49.4� 0.2 43.50� 0.1 22.20� 0.3 31.60� 0.2 27.40� 0.1 88.06� 0.2 56.95� 0.1 72.51� 0.2

Sequential FT YOLO11x 64.2� 0.6 12.50� 0.4 68.60� 0.7 18.80� 0.3 46.00� 0.8 19.47� 0.2 47.60� 0.5 33.54� 0.4

LwF [13] YOLO11x 64.2� 0.7 62.10� 0.6 0.04� 0.2 42.40� 0.8 0.01� 0.1 96.73� 0.5 27.79� 0.4 62.26� 0.8

ERD [5] YOLO11x 64.2� 0.6 62.20� 0.7 0.06� 0.2 42.70� 0.8 0.07� 0.1 95.95� 0.5 28.04� 0.4 62.46� 0.8

DuET (Ours) YOLO11x 64.2� 0.2 61.60� 0.1 12.90� 0.2 44.70� 0.2 17.10� 0.1 96.88� 0.2 42.41� 0.1 69.18� 0.2

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.

Method Base Detector

T1
Night
Sunny
[1:4]

T2: Daytime Sunny [5:7]
Avg RI

(%)
Avg GI

(%)
RAI
(%)

Old New Unseen
Night

Sunny [1:4]
Daytime

Sunny [5:7]
Daytime

Sunny [1:4]
Night

Sunny [5:7]
LDB [22] ViTDet 37.0� 0.6 0.40� 0.4 18.30� 0.7 0.10� 0.2 14.30� 0.5 1.08� 0.3 20.66� 0.7 10.87� 0.8

DuET (Ours) VitDet 37.0� 0.2 5.50� 0.1 18.33� 0.1 3.33� 0.5 14.70� 0.2 14.86� 0.1 24.80� 0.2 19.83� 0.1

CL-DETR [16] Deformable DETR 48.8� 0.7 25.90� 0.8 45.70� 0.5 19.88� 0.6 41.33� 0.2 53.04� 0.7 55.64� 0.3 54.34� 0.8

DuET (Ours) Deformable DETR 48.8� 0.2 38.81� 0.1 4.24� 0.2 29.09� 0.1 7.59� 0.2 79.48� 0.1 37.69� 0.2 58.59� 0.2

Sequential FT RTDETR-l 70.0� 0.6 0.00� 0.0 58.90� 0.7 0.00� 0.0 40.80� 0.5 0.00� 0.0 24.64� 0.8 12.32� 0.3

LwF [13] RTDETR-l 70.0� 0.7 8.73� 0.8 21.80� 0.5 6.00� 0.6 8.37� 0.4 12.47� 0.7 10.30� 0.3 11.39� 0.8

ERD [5] RTDETR-l 70.0� 0.6 1.09� 0.7 57.60� 0.5 1.86� 0.8 43.10� 0.4 1.56� 0.7 27.65� 0.6 14.61� 0.3

DuET (Ours) RTDETR-l 70.0� 0.2 48.70� 0.2 1.86� 0.1 43.80� 0.2 1.03� 0.1 69.57� 0.2 38.91� 0.2 54.24� 0.2

Sequential FT RTDETR-x 73.3� 0.7 0.00� 0.0 58.80� 0.8 0.00� 0.0 44.10� 0.6 0.00� 0.0 24.39� 0.7 12.20� 0.3

LwF [13] RTDETR-x 73.3� 0.6 10.70� 0.7 9.25� 0.5 6.02� 0.6 7.66� 0.4 14.60� 0.7 9.17� 0.3 11.89� 0.8

ERD [5] RTDETR-x 73.3� 0.7 7.03� 0.8 57.00� 0.5 0.93� 0.6 42.50� 0.4 9.59� 0.7 24.27� 0.8 16.93� 0.3

DuET (Ours) RTDETR-x 73.3� 0.2 66.30� 0.2 6.40� 0.1 58.90� 0.2 5.26� 0.1 90.45� 0.2 51.19� 0.2 70.82� 0.2

Sequential FT YOLO11n 50.1� 0.7 0.12� 0.8 37.60� 0.5 0.25� 0.6 25.8� 0.4 0.24� 0.7 19.48� 0.8 9.86� 0.3

LwF [13] YOLO11n 50.1� 0.6 39.00� 0.7 0.29� 0.2 33.90� 0.8 1.51� 0.3 77.84� 0.5 35.44� 0.7 56.64� 0.4

ERD [5] YOLO11n 50.1� 0.7 39.60� 0.6 0.06� 0.2 34.20� 0.8 0.04� 0.1 79.04� 0.5 34.65� 0.7 56.85� 0.4

DuET (Ours) YOLO11n 50.1� 0.2 47.10� 0.2 20.10� 0.1 41.30� 0.2 19.10� 0.1 94.01� 0.2 56.03� 0.2 75.02� 0.2

Sequential FT YOLO11x 76.3� 0.7 0.33� 0.8 50.20� 0.5 2.62� 0.6 44.60� 0.4 0.43� 0.7 28.51� 0.8 14.47� 0.3

LwF [13] YOLO11x 76.3� 0.8 67.50� 0.7 0.66� 0.2 50.10� 0.8 0.23� 0.1 88.47� 0.5 39.16� 0.7 63.82� 0.4

ERD [5] YOLO11x 76.3� 0.7 67.70� 0.8 0.46� 0.2 51.30� 0.8 0.25� 0.1 88.73� 0.5 40.10� 0.7 64.42� 0.4

DuET (Ours) YOLO11x 76.3� 0.2 22.60� 0.1 43.70� 0.2 21.60� 0.2 40.00� 0.1 29.62� 0.2 40.58� 0.2 35.10� 0.2





Table S12. Results of various methods on Watercolor [1:3] →
Comic [4:6] → Clipart [7:13] → VOC [14:20] with different base
detectors. Among columns, best in bold, second best underlined.

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

LDB [22] ViTDet 86.08� 0.6 19.57� 0.5 52.83� 0.4

DuET (Ours) ViTDet 65.57� 0.2 40.44� 0.1 53.01� 0.2

CL-DETR [16] Deformable DETR 71.73� 0.5 36.63� 0.6 54.18� 0.4

DuET (Ours) Deformable DETR 88.54� 0.2 34.81� 0.1 61.68� 0.2

Sequential FT RTDETR-l 0.00� 0.0 7.76� 0.4 3.88� 0.3

LwF [13] RTDETR-l 0.40� 0.2 13.47� 0.7 6.94� 0.5

ERD [5] RTDETR-l 1.05� 0.4 17.91� 0.6 9.48� 0.3

DuET (Ours) RTDETR-l 24.75� 0.2 22.89� 0.2 23.82� 0.1

Sequential FT RTDETR-x 0.00� 0.0 6.35� 0.4 3.18� 0.2

LwF [13] RTDETR-x 65.51� 0.8 16.69� 0.3 41.10� 0.7

ERD [5] RTDETR-x 0.05� 0.1 10.42� 0.2 5.24� 0.3

DuET (Ours) RTDETR-x 40.80� 0.2 18.88� 0.2 29.84� 0.1

Sequential FT YOLO11n 0.00� 0.0 11.05� 0.5 5.53� 0.3

LwF [13] YOLO11n 52.66� 0.6 17.01� 0.4 34.84� 0.3

ERD [5] YOLO11n 54.76� 0.5 41.13� 0.4 47.95� 0.7

DuET (Ours) YOLO11n 89.30� 0.2 42.60� 0.1 65.95� 0.2

Sequential FT YOLO11x 0.00� 0.0 10.21� 0.4 5.11� 0.3

LwF [13] YOLO11x 10.56� 0.3 17.46� 0.5 14.01� 0.2

ERD [5] YOLO11x 54.19� 0.6 8.49� 0.2 31.34� 0.8

DuET (Ours) YOLO11x 96.72� 0.2 26.49� 0.1 61.61� 0.2

Table S13. Results of various methods on Night Sunny [1:2] →
Daytime Sunny [3:4] → Daytime Foggy [5:7] with different base
detectors. Among columns, best in bold, second best underlined.

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

LDB [22] ViTDet 50.50� 0.6 5.42� 0.7 27.96� 0.5

DuET (Ours) VitDet 39.87� 0.2 17.12� 0.1 28.50� 0.2

CL-DETR [16] Deformable DETR 64.26� 0.3 43.46� 0.5 53.86� 0.6

DuET (Ours) Deformable DETR 62.99� 0.2 45.11� 0.1 54.05� 0.2

Sequential FT RTDETR-l 0.00� 0.0 14.97� 0.4 7.49� 0.3

LwF [13] RTDETR-l 14.76� 0.2 1.24� 0.3 8.00� 0.5

ERD [5] RTDETR-l 5.40� 0.4 15.83� 0.6 10.62� 0.3

DuET (Ours) RTDETR-l 20.76� 0.2 10.55� 0.2 15.66� 0.1

Sequential FT RTDETR-x 0.00� 0.0 22.74� 0.4 11.37� 0.3

LwF [13] RTDETR-x 7.62� 0.3 8.86� 0.2 8.24� 0.4

ERD [5] RTDETR-x 3.02� 0.2 19.16� 0.3 11.09� 0.2

DuET (Ours) RTDETR-x 27.39� 0.2 23.65� 0.1 25.52� 0.2

Sequential FT YOLO11n 0.00� 0.0 30.51� 0.6 15.26� 0.5

LwF [13] YOLO11n 27.94� 0.7 23.78� 0.5 25.86� 0.6

ERD [5] YOLO11n 44.60� 0.6 39.40� 0.5 42.00� 0.3

DuET (Ours) YOLO11n 88.57� 0.2 41.92� 0.1 65.25� 0.2

Sequential FT YOLO11x 0.00� 0.0 18.16� 0.4 9.08� 0.3

LwF [13] YOLO11x 19.57� 0.3 28.44� 0.5 24.01� 0.2

ERD [5] YOLO11x 45.85� 0.6 37.38� 0.2 41.62� 0.8

DuET (Ours) YOLO11x 43.46� 0.2 38.37� 0.1 40.92� 0.2

Algorithm 1: DuET Training Algorithm
Input: Pre-trained model weights: θ0 , Sequence of tasks:

{T1 , T2 , . . . , TT }.
Output: Final model weights: θT .

1 Initialize model with pre-trained weights: θ0 ;
2 for t = 1 , 2, . . . , T do
3 if t = 1 then
4 Train model on task T1 using LDetector;
5 Update weights: θ1 ← θ0 − η · ∇θLDetector;
6 Decompose weights:
7 θ0 → [θs0 , θτ0 ], θ1 → [θs1 , θτ1 ];
8 Compute shared task vector: τs1 = θs1 − θs0 ;
9 Compute task-specific task vector: ττ1 ← θτ1 ;

10 else
11 Initialize: θt ← θt� 1 ;
12 Train model on task Tt using LTotal;
13 Update weights: θt ← θt� 1 − η · ∇θLTotal;
14 Decompose weights:
15 θt� 1 → [θst � 1 , θτt � 1 ], θt → [θst , θτt ];
16 Compute shared task vectors:
17 τold = τst � 1 = θst � 1 − θs0 ;
18 τcurr = τst = θst − θs0 ;
19 Compute task-specific task vectors:
20 τtold = θτt � 1 , τtcurr = θτt ;
21 Update shared weights using DuET:

(θst ) incre ← DuET(τcurr, τold, θs0 );
22 Update task-specific weights:

(θτt ) incre ← [τtold , τtcurr ];
23 Load new updated weights:

θt ← [(θst ) incre, (θτt ) incre];
24 end
25 end
26 return θT ;

Algorithm 2: DuET Task Arithmetic Algorithm
Input: Parameters: Shared pre-trained weights: θs0 , Old

Task Vector: τold, Current Task Vector: τcurr

Hyperparameters: Limiting Factor: γ, Base
Scaling Coefficient: αbase, Numerical Stability
constant: ε

Output: Updated inremental shared weights: θincre
st

1 for Model Layer: l = 1 , 2, . . . , L do
2 pl = kτ l

oldk�k τ l
currk

kτ l
old+ τ l

currk + ε
,

3 δl = γ · tanh( pl)
4 αl = αbase + clamp (δl,−γ, γ)
5 βl = 1 − αl
6 (θlst ) incre = θls0 + αl · τ lold + βl · τ lcurr

7 end
8 (θst ) incre = {(θlst ) incre}Ll=1
9 return (θst ) incre



Table S14. Results of various methods on Daytime Sunny [1:4]! Night Rainy [5:7] with different base detectors. Among columns, best
in bold, second bestunderlined. Training time is reported on single NVIDIA A100-PCIE-40GB.

Method Base Detector

Training
Time

(T1 + T2)
(hours)

T1
Daytime
Sunny
[1:4]

T2: Night Rainy [5:7]
Avg RI

(%)
Avg GI

(%)
RAI
(%)

Old New Unseen
Daytime

Sunny [1:4]
Night

Rainy [5:7]
Night

Rainy [1:4]
Daytime

Sunny [5:7]

LDB [22] VitDet 23.73 45.3� 0.6 1.40� 0.3 8.10� 0.4 0.02� 0.5 16.10� 0.7 3.09� 0.2 21.02� 0.3 12.05� 0.6

DuET (Ours) VitDet 24.13 45.3� 0.2 2.02� 0.3 16.10� 0.1 1.58� 0.3 15.20� 0.2 4.46� 0.2 22.47� 0.1 13.47� 0.2

CL-DETR [16] Deformable DETR 91.96 46.3� 0.4 26.26� 0.4 9.75� 0.5 7.41� 0.6 14.88� 0.3 56.72� 0.4 53.93� 0.2 55.33� 0.5

DuET (Ours) Deformable DETR 92.63 46.3� 0.2 26.75� 0.1 3.33� 0.2 7.98� 0.2 13.9� 0.1 57.78� 0.2 54.58� 0.1 56.18� 0.2

CL-DETR [16] RT-DETR-l 33.87 57.2� 0.4 5.11� 0.5 28.1� 0.6 5.04� 0.3 14.3� 0.4 8.93� 0.2 20.82� 0.5 14.88� 0.4

DuET (Ours) RT-DETR-l 33.89 57.2� 0.4 11.8� 0.1 14.90� 0.2 12.50� 0.2 17.30� 0.1 20.63� 0.2 36.50� 0.1 28.57� 0.2

LwF [13] YOLO11n 11.01 49.4� 0.2 21.50� 0.4 0.17� 0.6 9.36� 0.3 0.55� 0.5 43.52� 0.3 17.78� 0.7 30.65� 0.6

ERD [5] YOLO11n 11.50 49.4� 0.2 25.60� 0.4 16.70� 0.3 12.20� 0.6 17.60� 0.7 51.82� 0.5 38.96� 0.3 45.39� 0.4

DuET (Ours) YOLO11n 11.02 49.4� 0.2 43.30� 0.1 2.67� 0.3 14.00� 0.2 8.93� 0.1 87.65� 0.2 34.18� 0.1 60.92� 0.2
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