Black-Box Domain Adaptation for Object Detection with Retention-Driven
Knowledge Compression

Supplementary Material

Supplement Contents

Due to space limitations, this supplementary material pro-
vides additional details not included in the main paper and
presents more experimental results. The contents are orga-
nized as follows:

A introduces more recent works;

B provides the relationship between lifelong learning and
RDKC;

C provides more dataset details;

D provides more implementation details;

E provides quantitative experiments on more datasets, re-
source consumption comparisons, and qualitative experi-
ments on architectural versatility.

A. Supplement of Recent Works

Unsupervised domain adaptation (UDA) assumes that the
model has simultaneous access to labeled data from the
source domain and unlabeled data from the target domain.
In object detection, UDA is often formulated as unsuper-
vised domain adaptive object detection (UDAOD). Existing
UDAOD works address this task through diverse strategies:
DA-Faster [2] and HTCN [1] leverage instance-level and
image-level representations to align feature distributions
across source and target domains; ODSC [16] adopts im-
age translation to generalize knowledge and bridge source-
target gaps; ASTOD [19] employs self-training to generate
instance-level pseudo labels for adaptation.

Source-free domain adaptation (SFDA) assumes that
only unlabeled target data and a pre-trained source model
are accessible during the adaptation stage. SFDA is of-
ten formulated as source-free domain adaptive object detec-
tion (SFOD). Existing SFOD methods primarily adhere to
three technical paradigms: pseudo-label refinement, knowl-
edge distillation, and domain alignment. For pseudo-label
refinement, SED [11] serves as a representative example,
which identifies a confidence threshold to filter pseudo la-
bels via self-entropy descent. Within the knowledge distil-
lation paradigm, LODS [13] achieves effective bidirectional
knowledge transfer by first enhancing target domain styles
and then disregarding them. For domain alignment, meth-
ods such as IRG [20] and LPLD [24] leverage contrastive
loss to refine target representations, exploiting object rela-
tional cues to enhance alignment. Although these methods
perform well in source-free settings, they face considerable
challenges under black-box conditions. Since the down-
loaded predictions remain static throughout the adaptation

process, relying solely on self-contrastive signals between
the teacher and student models is insufficient for effective
adaptation. While SFDA methods such as LPLD [24] at-
tempt to filter and refine low-confidence predictions using
the teacher model, the reliability of the teacher is under-
mined by pervasive noise in black-box environments. No-
tably, such noise is not limited to low-confidence predic-
tions, it also frequently appears in high-confidence regions
[23]. Without effectively suppressing this noisy knowledge,
the performance of the student model can degrade signifi-
cantly.

B. Supplement of the Relationship between
Lifelong Learning and RDKC

Human memory in lifelong learning [10, 15] operates as a
dynamic and adaptive system that sustains lifelong knowl-
edge acquisition by continuously balancing three interde-
pendent processes: (1) active forgetting, which identifies
and eliminates outdated or low-value information through
molecular and neural mechanisms to reallocate cognitive re-
sources for new learning; (2) selective stabilization, which
strengthens relevant neural pathways to preserve high-value
knowledge and frequently used skills; and (3) collabora-
tive integration among specialized modules, where distinct
memory subsystems act as parallel learners whose out-
puts from systems of varying robustness are synergistically
combined to enhance adaptive reasoning and generalization
across contexts.

Recent studies [14, 21] have demonstrated that integrat-
ing lifelong learning into machine learning effectively ad-
dresses the limitations of conventional models in contin-
ual training scenarios. Traditional approaches often require
storing large volumes of past data to mitigate forgetting in
sequential tasks or rely on complex incremental training
pipelines, both of which incur high storage costs and low
training efficiency. To enhance practical applicability, [21]
introduces a memory-optimized learning paradigm with-
out dependence on whole previous predictions, where prior
knowledge is retained through posterior parameter adjust-
ment (active forgetting) and parameter importance quan-
tification (stability preservation), enabling scene-specific
learning via compact knowledge compression. Further-
more, [ 14] provides theoretical evidence of its effectiveness
across multiple domains, including visual classification and
reinforcement learning, thereby offering strong theoretical
support for integrating lifelong learning into machine learn-
ing.
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Figure 1. Conceptual and learning principle diagram. Biological learners initially rely on external guidance and self-reflection to acquire
knowledge in unfamiliar domains, gradually transitioning to independent reasoning as familiarity increases. The brain cognitive system
comprises multiple parallel subsystems of varying reliability, where rational cognition often guides emotional reasoning. Through adaptive
learning, the brain continuously reshapes its understanding by selectively retaining reliable knowledge and actively forgetting outdated in-
formation, allowing new cognition to dominate while leveraging stable memories to guide future learning. Our proposed RDKC framework
simulates the full cognitive process: Black-box initialization reflects the guided cognition, knowledge distillation reflects the spontaneous

cognition, Memory Retention aligns with the plastic adaptive learning

, and Scene Compression aligns with the memory stability cognition.

Moreover, the teacher-student architecture embodies the parallel cognitive thinking.

In lifelong learning, during the enlightenment cogni-
tive stage, biological learners exhibit immature capabilities
when facing unfamiliar domains, they require external guid-
ance combined with self-reflection to acquire new knowl-
edge, e.g., a child learns under adult supervision, while
a fruit fly imitates the behavior of its peers for biologi-
cal information exchange. Once the domain becomes fa-
miliar, independent reasoning and contextual adaptability
dominate. Humans form distinct understandings of events
through dynamic interactions between rational and emo-
tional cognition across different cognitive stages. There-
fore, as modeled in [14, 21], the brain’s cognitive sys-
tem is organized into multiple parallel cognitive thinking
subsystems, where more reliable cognitive processes influ-
ence reasoning-oriented subsystems, e.g., rational thinking
is typically more dependable than purely emotional reason-
ing). Meanwhile, the cognitive system continuously ac-
quires new knowledge but does not retain all of it. Through
plastic adaptive learning, the brain performs cognitive com-

parisons, active forgetting outdated perceptions while se-
lectively reshaping cognition with new insights. In other
words, the latest understanding always dominates the learn-
ing process. Moreover, memory stability cognition guides
new learning by leveraging prior knowledge, enabling se-
lective stabilization through reliability judgments across
subsystems.

Motivated by lifelong learning, RDKC simulates the un-
derlying process and pioneers its use in black-box unsu-
pervised visual tasks. Although external knowledge can
guide self-learning, the internal mechanisms remain invis-
ible. Therefore, we model Guided Cognition as the black-
box initialization and Spontaneous Cognition as a knowl-
edge distillation process, together forming the Enlighten-
ment Cognitive Stage. The human cognitive system con-
sists of multiple parallel thinking subsystems. Considering
the computational cost, we simplify it into two subsystems:
a high-robustness and a low-robustness subsystem, modeled
respectively by a teacher—student framework. Our Memory



Algorithm 1 RDKC for black-box domain adaptive object detection.

Input: Unlabeled target domain D;; teacher model M?¢® with its parameters O;.,; student model M*** with its parameters
O 4w, training epoch e; distillation epoch eg; hyperparameters A and 7; cloud API interface APT; and strong augmentation

A and weak augmentation A,,.

1: Batch upload the data x; from D; and download the noisy hard predictions P; from API.
Simple Knowledge Distillation for Teacher Model Initialization

: for epoch + 1to ey do

2
3 ¥ «— Ay (24), 9i ¢ Non-Maximum Suppression(Ps).

4:  Optimize and update O, by minimizing the task-specific loss L, using z}" and g;.
5

6

: end for
: Freeze Oyc,.

7: Initialize O 44y < Oteq-
8: for epoch < 1to e do

Black-box Training

> Black-box initialization

> Egs. (1) and (4)

> Student model initialization

9z = Ay (), 77 = A (), Scof = M (x), Scost < M*(xF), i < Non-Maximum Suppression(Sco}").

10:  With Memory Retention:

11: Conduct a coarse-grained assessment of teacher model proposals by using IoU local comparison and A. > Egq. (5)
12: Conduct a Score optimization for different types of .S cogfq. > Egs. (6) and (7)
13: Minimize the memory optimization loss £y, with Scofiy and the optimized Scofff. > Eq. (8)
14:  With Scene Compression :

15: Assign the scene compression weight W; ; with Scoffj“ and the optimized Scoﬁff. > Eq. (9)
16: Construct a combination of W; ; and L/g. > Eq. (10)
17:  Optimize and update O 4, by minimizing W,; Ly r and L, using x3”, 1, and ;. > Egs. (2) and (11)
18:  Update Oy, by using O, with Exponential Moving Average. > Eq. (3)

19: end for
Output: Student model M*™ with its parameters © ;.

Table 1. Results of computational cost comparison on the
Cityscapes — Foggy-Cityscapes using the ResNet-50 backbone,
built upon the Mean-Teacher framework [17]. The batch size is 1.

Method ‘ Space (MiB) Time (s/epoch) mAP

SEAL 19473MiB 514.6s 36.3
LPLDf 13841MiB 288.1s 32.6
RDKC 14695MiB 304.1s 40.7

Retention module categorizes memory types and processes
new and old memories accordingly. Through contrastive
learning, it selectively performs active forgetting—based re-
construction. Moreover, by combining memory-type parti-
tioning with contrastive learning across subsystems, Scene
Compression achieves selective stabilization of subsequent
learning, primarily guided by high-value knowledge. As il-
lustrated in Figure 1, we draw an analogy between the pro-
cess of lifelong learning and RDKC, highlighting the com-
plete learning principle.

C. Supplement of Dataset Details

Cityscapes [3] is an urban street-scene dataset with 5,000
finely annotated images, among which 2,925 are used for

training and 500 for validation. Foggy-Cityscapes [7] is a
synthetic variant of Cityscapes generated by simulating fog,
available in three different visibility levels. Simi0k [9] is a
synthetic street-view dataset comprising 10,000 images ren-
dered from a video game, annotated with vehicle bounding
boxes as a substitute for manually labeled real-world data.
KITTI [6] contains 7,481 real-world driving images. While
it shares similar urban scenes with Cityscapes, it differs in
terms of camera configurations and environmental settings.
Pascal-VOC [5] features real-world objects, such as birds,
cats, and chairs-captured in diverse scenes. Watercolor [8]
is artistic dataset composed of 2,000 watercolor paintings.

D. Supplement of Implementation Details

Our pseudocode for the training process is shown in Algo-
rithm 1. Following [4, 20, 24], weak augmentation includes
only image resizing, whereas strong augmentation incorpo-
rates additional operations such as color jittering, grayscale
transformation, Gaussian blurring, and random erasing. All
input images are resized such that the shorter side is set to
600 pixels, and the longer side does not exceed 1333 pixels,
while preserving the original aspect ratio. The batch size is
fixed at 1.



Input Initial model Source-only LPLD LPLD w/ MR RDKC RDKC w/o SC

Figure 2. Qualitative results for the synthetic-to-real adaptation Siml0K — Cityscapes (Rows 1-5) and the cross-camera adaptation KI7TTI
— Cityscapes (Rows 6—10). (Zooming in for a clearer view)



Table 2. Quantitative results (mAP) of different architecture models in weather adaptation scenario Cityscapes — Foggy-Cityscapes under
the BBDA setting. T denotes methods originally designed for other settings but adapted to the BBDA scenario.

Baseline Detector | Faster-RCNN | Deformable DETR
Source Model ResNet-50 ResNet-50 ResNet-50 ResNet-50
{ { { { {
Target Model ResNet-50 VGG-16 ResNet-101 ResNet-50
Source-only | 252 25.2 25.2 | 28.5
DINE 352 34.5 35.8 36.5
BiMem 34.6 34.5 353 384
IRG' 33.1 324 33.7 -
LPLD? 32.6 33.2 34.1 -
DRU' - - - 38.2
SEAL 36.3 36.4 37.6 374
RDKC | 40.7 40.4 41.8 | 42.0

E. More Qualitative and Quantitative Results

Resource Consumption Comparisons. For a fair compar-
ison, we set up to run 10 epochs in the compared works with
a batch-size of 1, the number of num-workers is 8, and the
same scenario Cityscapes — Foggy-Cityscapes. In addition,
we run these methods on the same machine with a GeForce
RTX4090 24G GPU.

As illustrated in Table 1, we recorded the maximum
space usage during training and the average runtime per
epoch throughout the entire training process. The previ-
ous SOTA BBDA method, SEAL [22], is computationally
expensive, as it performs fine-grained discrimination across
bounding boxes based on sample features and applies tar-
geted similarity learning, leading to significant time over-
head in box-level contrastive computation. Compared with
previous methods, our RDKC only needs to continuously
retains the learning data from the previous epoch in mem-
ory space, focusing on in-place adaptive adjustments in the
current learning stage without simultaneously comparing all
similar sample features. By flexibly utilizing the stored
memory data, this learning strategy significantly reduces
both memory consumption and training time.

Qualitative Results on Architectural Versatility. BBDA
is inherently flexible, allowing for different target model
architectures regardless of the source model, as discussed
in the Introduction. To validate the architectural flexibil-
ity of BBDA, we conduct qualitative experiments to com-
pare different model architectures in the weather adaptation
scenario of Cityscapes — Foggy-Cityscapes, where Faster
R-CNN [2] is adopted as the default detector. As shown
in Table 2, compared to SFDA-based methods [20, 24]
adapted to the BBDA setting, the native BBDA approach
[12, 22, 25] demonstrates stronger architectural adaptabil-
ity, achieving superior performance across diverse model ar-

chitectures. Compared with previous methods, our RDKC
achieves competitive performance across various architec-
tural models, and notably attains the best mAP of 41.8% in
the ResNet-50 — ResNet-101. Additionally, to validate the
universality of our framework, we conducted supplemen-
tary experiments using Deformable DETR [26] as the de-
tector and included comparative evaluations with the SFDA
method DRU [18], which adopts Deformable DETR as its
default detector. The results demonstrate that our method
consistently achieves SOTA performance, attaining the best
mAP of 42.0% under the same experimental conditions.
Quantitative Results on Different Datasets. As shown
in Figure 2, we supplement additional quantitative anal-
yses under the BBDA setting for scenarios SimlI0K —
Cityscapes and KITTI — Cityscapes. We observe that ex-
isting SFDA method LPLD [24], when directly applied to
BBDA without integrating MR, suffers from a large number
of hallucinated and missed detections. After incorporating
MR, hallucinated detections are significantly reduced; how-
ever, excessive filtering of low-confidence predictions still
leads to frequent misses. In contrast, our proposed RDKC
effectively alleviates both hallucination and omission is-
sues, enabling accurate perception of both near-view objects
and fine-grained distant targets.
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