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Abstract

The current state-of-the-art methods in domain adaptive
object detection (DAOD) use Mean Teacher self-labelling,
where a teacher model, directly derived as an exponential
moving average of the student model, is used to generate
labels on the target domain which are then used to im-
prove both models in a positive loop. This couples learn-
ing and generating labels on the target domain, and other
recent works also leverage the generated labels to add ad-
ditional domain alignment losses. We believe this coupling
is brittle and excessively constrained: there is no guaran-
tee that a student trained only on source data can gener-
ate accurate target domain labels and initiate the positive
feedback loop, and much better target domain labels can
likely be generated by using a large pretrained network that
has been exposed to much more data. Vision foundational
models are exactly such models, and they have shown im-
pressive task generalization capabilities even when frozen.
We want to leverage these models for DAOD and introduce
DINO Teacher, which consists of two components. First,
we train a new labeller on source data only using a large
frozen DINOv2 backbone and show it generates more accu-
rate labels than Mean Teacher. Next, we align the student’s
source and target image patch features with those from a
DINO encoder, driving source and target representations
closer to the generalizable DINO representation. We obtain
state-of-the-art performance on multiple DAOD datasets.
Code available at https://github.com/TRAILab/
DINO_Teacher.

1. Introduction

Modern deep learning methods can achieve strong perfor-
mance on a wide range of benchmark datasets for many
computer vision tasks, including classification, object de-
tection, and segmentation. However, this performance of-
ten degrades significantly when tested on data outside the
training distribution. Domain adaptation addresses this is-

Figure 1. Cosine similarity of patch feature from Cityscapes to
BDD100k.. We evaluate the similarity between the yellow star re-
gion in the Cityscapes image and all other regions in both images.
Compared to the EMA Teacher, DINOv2 generates semantically
stable features across domains, justifying the choice to use it for
feature alignment and as a frozen backbone for our labeller.

sue by transferring the performance of a network trained on
a labelled source dataset to an unlabelled target dataset [17].
In this work, we specifically consider the domain adaptive
object detection (DAOD) task.

Two common techniques for achieving domain adapta-
tion are domain invariance and self-labelling. Domain in-
variance attempts to minimize the difference between fea-
tures from the source and target domains, either by us-
ing an adversarial strategy with a domain discriminator
[6, 17, 22, 47, 54, 56] or by minimizing some distance
metric between domains [8, 26, 36]. Self-labelling meth-
ods instead attempt to generate their own pseudo-labels on
the target dataset. The most common framework for this
is Mean Teacher [10, 41, 53], where the labeller is directly
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derived from the model being trained. This is a bootstrap-
ping method, where the model selects confident proposals
to use as ground truth to train on the target domain, thereby
improving its performance and generating more and higher
quality pseudo-labels at the next iteration. Because the per-
formance of this self-labelling approach is sensitive to the
choice of pseudo-labels to train on, many methods attempt
to refine label selection by going beyond simple class con-
fidence thresholding [11, 27, 34].

At the intersection of the two sets of methods are works
that use self-generated labels to refine domain invariance
approaches [2, 36, 70]. By using labels, it is possible to
perform alignment at the proposal [2] or pixel levels [60]
and constrained to instances of the same class, improving on
the earlier image-level methods. However, these methods
are limited by the performance of the teacher network and
can perform poorly if some classes are undersampled in the
target domain. These issues make it particularly difficult to
adapt to small datasets with significant domain gaps, such
as severe adverse weather in autonomous driving.

Recently, large-scale vision foundation models (VFMs),
whether purely vision-based (DINOv2 [44], SAM [30]) or
combining vision and language (CLIP [45]), have become
widely available. These models combine large architec-
tures with self-supervised pre-training on large-scale train-
ing datasets and have shown impressive performance on
multiple computer vision tasks, including as guides in aug-
mentation and generation methods for domain adaptation
[40] and generalization [1, 15, 65]. Given this, we believe
the current Mean Teacher paradigm for DAOD is outdated.
While there are obvious applications of domain adaptation
on small architectures for robotics or autonomous driving,
and pseudo-labelling remains a powerful strategy, we be-
lieve it is no longer reasonable to simply use a duplicate of
the student model as the teacher. By decoupling labelling
from training the student model, we can use more modern
methods to solve domain adaptation while maintaining the
size of the trained model. Here, we propose to use vision
foundation models with minimal adjustments as the source
of the labels, highlighting the usefulness of VFMs in mul-
tiple adaptation tasks. Similarly, while class-conditional
alignment between domains can be beneficial, we choose
to decouple cross-domain alignment from accurate instance
labels. To this end, we propose to align student represen-
tations with those generated from a VFM backbone. Fea-
tures from these models have been shown to generalize well
to different tasks and new target domains. We illustrate
these consistent features for similar objects across different
datasets in Fig. 1.

Thus, we propose DINO Teacher (DT) for the DAOD
task which exploits large vision foundation models in two
ways. First, we show that a simple detector added to the
frozen encoder of a large-scale model and trained only on

source data is a better target domain labeller than Mean
Teacher, demonstrating the drawbacks of the symmetric ar-
chitecture and limited training data of the Mean Teacher
approach. Next, we propose to use the feature space of
a large-scale VFM as a proxy for domain alignment. By
aligning the student backbone features with those generated
by a VFM independently for source and target images, we
drive student source and target features to be closer. Our
key contributions are:
• We show that using pseudo-labels from a simple detec-

tor trained on a frozen large self-supervised encoder gives
substantially more accurate pseudo-labels than a student-
derived teacher, and using these new labels greatly im-
proves performance.

• Next, we show that aligning the patch-level output of the
small student backbone with the frozen large VFM on
both source and target images drives the model to learn
features that generalize better without using any labels,
decoupling feature alignment from pseudo-label quality.

• We achieve state-of-art performance on multiple DAOD
benchmarks, with improvements of +7.6% on BDD100k
and +2.3% on Foggy Cityscapes. We also present new re-
sults on the ACDC test splits, which cover more extensive
adverse weather conditions, and significantly improve our
baseline.

2. Related Works

2.1. Domain Adaptive Object Detection

Domain adaptive object detection (DAOD) builds on ear-
lier works in domain adaptation for image classification.
The DAOD task is to adapt a detector trained on a labelled
source domain to an unlabelled target domain. A common
approach for domain adaptation is self-labelling or pseudo-
labelling. These methods generate labels for the unsuper-
vised target domain by sampling confident proposals from
a model initially trained on the source domain only. This of-
ten uses the Mean Teacher framework (MT) [10, 41], where
an iteration-averaged version of the model generates more
robust labels. This framework forms the baseline of many
recent works [2, 11, 29, 35]. Because this self-labelling
approach attempts to bootstrap itself into generating more
and better labels, it is sensitive to errors or biases in the
generated pseudo-labels. Many works try to reduce the
bias against rare classes by changing the selection thresh-
old [27, 34, 43] or oversampling instances of rare classes
[29, 68]. Other methods improve box localization by es-
timating box uncertainty and using it to select or reweigh
boxes [4, 11, 62]. We believe that the coupling between
labelling and the performance of the student model in the
Mean Teacher framework limits the quality of generated la-
bels. Instead, we propose to decouple label generation from
solving the domain adaptation task on the student model by
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training an independent labeller to provide the best possible
pseudo-labels to the student. Because we still need to gen-
erate the best labels to train the student, some of the recent
improvements such as oversampling rare classes [29] could
be complimentary to our framework.

Another common strategy in domain adaption is do-
main invariance. This was first formulated as an adversar-
ial loss [17, 54] that pushes image-level backbone features
to contain no domain information. Other methods obtain
domain invariant features by instead directly minimizing a
distance measure between the feature representations of the
source and target domains. Some of the distance measures
used include contrastive loss [2, 26, 60], graph alignment
[18, 36, 37, 39] or optimal transport [8]. The simplest in-
variance or alignment methods operate on image-level fea-
tures, but there is no guarantee that image-level alignment
leads to the instance-level alignment needed for detection
and segmentation tasks [31]. Alternatively, alignment meth-
ods can be combined with the self-labelling approaches dis-
cussed above, allowing instance-level and class-conditional
alignment [2, 6, 37, 61, 70, 72]. However, coupling the
alignment term with self-labelling leads to a bind: good
labels are required for robust alignment, but domain align-
ment is also required to generate good labels. Instead, we
propose to indirectly align the domains by encouraging the
feature space of the student model to be similar to the fea-
ture space of a self-supervised VFM on both the source and
the target images without requiring any labels.

Other methods use stronger augmentations, reducing
overfitting on the source domain and the limited generated
target domain labels. This includes implementations of
Mixup [28, 68, 69] and CutMix [42, 67], the weak-strong
approach of Unbiased Teacher [41] or various frequency-
space transforms [40, 63, 65], which assume that certain fre-
quency bands or that the magnitude spectrum are domain-
specific and can be perturbed or transferred across images.
Similarly, some methods use generative models to learn a
mapping between source and target domain [10, 50, 73] to
transform labelled source images into target-like images. A
final set of methods uses masked reconstruction [23, 71] in
the feature space to learn better target domain features. We
believe these methods could be complementary to ours.

2.2. Large Models in Domain Adaptation and Gen-
eralization

Recently, many methods have begun leveraging VFMs for
domain adaptation. Some methods attempt to refine large
pre-trained models by fine-tuning only a few parameters
[5, 24] or by modifying the input prompt to the encoder
[14, 19, 52, 58]. Other methods are similar to the generative
approaches discussed above, with methods such as CLIP-
Styler [32], PØDA [15], FAMix [16] and ULDA [64] all
showing that given aligned vision-language embeddings, it

is possible to synthesize new target-like images or image
features by replicating a domain shift encoded by text in
the aligned image feature space, allowing adaptation with-
out requiring any target images. While all these methods
are interesting avenues of research, we focus on the stan-
dard DAOD task that attempts to maximize performance on
an unlabelled target dataset given a relatively small model
architecture (e.g. VGG16 [51]), which are essential when
deploying networks in the real world.

Closer to our work, UFR [40] recently used Segment
Anything [30] to refine instance masks for augmentation
but still trains and evaluates on smaller architectures. While
augmentation methods are useful for domain adaptation,
self-labelling methods generally show stronger adaptation
performance. Given this, we investigate the use of VFMs
as labellers. As mentioned previously, one of the advan-
tages of these large models is their generalizability to other
downstream tasks. A recent work, REIN [58], shows that
fully frozen backbones are nearly on par with fully fine-
tuned ones for domain generalized semantic segmentation,
confirming strong feature generalizability for computer vi-
sion tasks. We want to leverage this capability to use a large
model as a labeller on the unlabelled target domain data and
as an alignment target for the student network.

3. Method
In this section, we summarize the domain adaptive object
detection problem, present the baseline method and ex-
plain our contributions. We build primarily on the Adaptive
Teacher [38] framework and frequently contrast our design
choices with that method. Fig. 2 summarizes our proposed
DINO Teacher framework.

3.1. Problem Definition
The problem we consider is domain adaptive object detec-
tion, where we want to transfer performance from a labelled
source domain, DS , to an unlabelled target domain, DT ,
which shares the same classes. We thus have images, XS ,
bounding boxes, BS , and class labels, YS , on the source
domain while we only have images, XT , on the target do-
main. To train on target images, we first have to generate
target pseudo-labels, B̃T and ỸT . We use Faster R-CNN
[46] as our detector, and the training loss is

Ldet = Ldet
S (XS , BS , YS) + Ldet

T

(
XT , B̃T , ỸT

)
(1)

= Lrpn
S (XS , BS , YS) + Lroi

S (XS , BS , YS)

+ Lrpn
T

(
XT , B̃T , ỸT

)
+ Lroi

T

(
XT , B̃T , ỸT

)
,

where Lrpn and Lroi are the standard Faster R-CNN region
proposal network (RPN) box proposal and Region of Inter-
est (RoI) box refinement and classification losses.
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Figure 2. Diagram of our proposed method. Offline Labeller Training: we add a detector head to a frozen DINOv2 encoder and train
it with source images only. Offline Label Generation: we combine and freeze the labeller backbone and detector, and generate target
pseudo-labels. Online Student Training: We train a student network using source ground truth boxes and target pseudo-labels, and align
patch features to a frozen DINOv2 encoder. During inference, the alignment encoder and projection MLP are not used.

3.2. Mean Teacher Framework
In the Mean Teacher framework [10], a student model, f ,
trained on the source data is used to instantiate a teacher, f̄ ,
to generate pseudo-labels on the target domain. This teacher
is a duplicate of the original network whose parameters, θ̄,
are updated as an exponential moving average (EMA) of
the student parameters, θ. The teacher is thus essentially an
ensemble over iterations of the student training process

θ̄ ← αθ̄ + (1− α) θ, (2)

where α is the EMA decay factor. To generate pseudo-
labels, each target image is augmented using two differ-
ent augmentations. The first augmented image is fed to the
teacher network, which generates pseudo-labels by thresh-
olding box proposals with class probabilities above a given
threshold, δ. The second augmented image is sent to the
student, and the thresholded teacher proposals are used
as ground truth for the student. Pseudo-label training on
the target domain starts after some initialization phase of
ninitPL iterations training exclusively on source images.
Unbiased Teacher also proposes to improve learning by
using weak-strong augmentations [41]. Simple augmen-
tations (crop, flip) are applied to the teacher images to
make labelling easy, while the student images have stronger
augmentations (blurring, colour jitter, grayscaling, Cutout
[12]).

3.3. Foundation Models for Pseudo-Labelling

Our method generally follows the same self-labelling strat-
egy, but instead of using the time-averaged student, f̄ , as a
teacher, we propose to use another model entirely, fbig. A
key issue with using the student model as a starting point
for the teacher is that the model operates outside its train-
ing data distribution when labelling target data. Because
DINOv2 is trained using self-supervised losses on a large
corpus of data [44], we hypothesize that its feature repre-
sentation will generalize well, including over the consid-
ered domain gap from source to target. Thus, we propose
to use DINOv2 as the encoder for a new labeller, and we
train an object detection head on top of the frozen encoder
using only the source data. We confirm that this leads to a
transferable detector by evaluating the performance of the
DINO labeller on the unseen target data in Tab. 6.

We use DINOv2 ViT-G [13] as our frozen encoder back-
bone and use a Faster R-CNN detection head. We do not re-
quire that the detection head be identical to the student net-
work’s because we only use the output box proposals (see
Fig. 2) when training the student, but we use the same detec-
tor as the student model to highlight the impact of changing
the backbone. We train the labeller detector with the Faster
R-CNN loss Ldet

S presented in (1).

We generate all pseudo-labels B̃T and ỸT for the tar-
get domain training examples as a preprocessing step in a
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single forward pass over the target training data. To select
pseudo-labels, we threshold the bounding box proposals ac-
cording to class probability similar to Mean Teacher. In our
architecture, fbig replaces the student-derived teacher f̄ for
labelling, but we still generate and evaluate performance on
the EMA model f̄ as it is significantly better than the stu-
dent f on the detection task. Model ensembling [33] im-
proves performance outside of its use as a teacher and is a
common training strategy in recent vision models [3, 57].

3.4. Foundation Models for Feature Alignment

As discussed in Sec. 2, existing domain invariance meth-
ods operate in two ways. First, they can align at the image
level, which does not guarantee alignment at the instance
level and can be dominated by background information,
but which does not require labels. Alternatively, they can
use pseudo-labels to match semantically related regions or
instances for alignment, which generally improves perfor-
mance [37, 70] at the cost of relying on accurate generated
labels. We propose an alternative alignment method that
aligns semantically similar regions without using generated
labels by using a proxy alignment target, to which we can
independently align the features of the student model from
both source and target images and without having to match
regions across domains.

To this end, we use the feature representation of a VFM
as our alignment target. Again, we hypothesize that the DI-
NOv2 features will generalize better to the target domain
and that the representation of any particular object class will
be better defined across domains than the representation of
a small student model trained on source data only. To im-
prove the student, we propose to align patch-level features
of the student backbone with those of a frozen DINOv2 en-
coder on individual images of both the source and target
domains. This drives the student representation of both do-
mains towards the large model’s representation, reducing
the domain gap. We align patch features of the same im-
age processed by the student and by the DINO encoder,
ensuring that we respect local semantic information: the
same car patch is encoded by both the student backbone
and the DINO alignment teacher. We compare the clus-
tering of the instance-level features of the student network
with and without alignment to DINOv2 and the original DI-
NOv2 clustering in Fig. 3 using t-SNE [55]. This shows
that DINO features have better rare class separation and
that aligning the student to DINOv2 improves separation
on both the source domain Cityscapes [7] and the target do-
main BDD [66].

We take DINOv2 ViT-B [13] as our frozen encoder back-
bone. Given patch-level DINO teacher features xbig and
student features x, we pass the student features through a
2-layer projection MLP g(·) to match the channel dimen-
sions C and then use bilinear interpolation to match the di-

mensions H and W of the DINO features. The similarity
between the normalized features of both backbones is max-
imized with the alignment loss

Lsim =
1

NHW

N∑
k

HW∑
ij

1− interp (g (x))Txbig

∥interp (g (x))∥2 ∥xbig∥2
,

(3)

where N , H and W are the batch size, height and width
of the final DINO encoder feature map, and where we have
suppressed the features indices i, j, k for ease of reading.

In implementation, we align the student and DINO fea-
tures on the source domain from the start, pushing the initial
student representation to be predictive of the DINO repre-
sentation and to learn the projection MLP. After ninitSim,
we align with both source and target images. Notably, we
start aligning on the target domain before using any pseudo-
labels, different from Adaptive Teacher which starts both si-
multaneously. We begin domain alignment early to reduce
issues of unaligned gradients from supervised training in
different domains.

In contrast to the labeller described in Sec. 3.3 above,
we use the smaller DINOv2 ViT-B as the alignment en-
coder. While the labeller only runs once on each image of
the target training dataset and this is done before training
the student, the alignment DINO encoder is used during on-
line training, and we found that inference on the larger ViT
models was excessively slow. Our method does not require
that the two DINO encoders be the same, and the encoders
are never used simultaneously (see Fig. 2).

3.5. Complete Method
Our full loss combines the pseudo-labelling detection loss
(1) with the similarity loss (3)

L = Ldet
S + λunsupLdet

T + λsimLsim, (4)

where λunsup and λsim are hyperparameters that tune the
respective weights of the losses associated with the pseudo-
labels and the similarity term.

4. Experiments
4.1. Datasets
Cityscapes. All of the reported runs use Cityscapes [7]
as the source dataset. Cityscapes is an autonomous driving
dataset with 2975 training images and 500 validation im-
ages, with detection labels for 8 classes.

Foggy Cityscapes. Foggy Cityscapes [48] is a synthe-
sized dataset that simulates foggy weather at three intensi-
ties (0.005, 0.01, 0.02) using the original clear images and a
depth map. It has 8925 training images and 1500 validation
images, one for each image in Cityscapes for each intensity
level. We evaluate on the full validation dataset.
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(a) w/o DINO alignment (b) w/ DINO alignment (c) DINOv2

CS person
CS rider
CS car
CS truck
CS bus
CS train
CS motor
CS bicycle
BDD person
BDD rider
BDD car
BDD truck
BDD bus
BDD train
BDD motor
BDD bicycle

Figure 3. t-SNE of the backbone instance-level embeddings across domains. Subfigures (a) and (b) are taken from VGG16 features
after 20k training iterations of supervised training on source only (Cityscapes), following the protocol defined in Sec. 4. Without alignment
(a), there is confusion between all similar classes. With alignment (b), overlap is reduced, particularly between persons (•,×) and riders
(•,×). Pretrained DINOv2 (c) has well separated clusters.

BDD100k. The BDD100k [66] dataset is another large
autonomous driving dataset. Following previous works
[21, 72], we train and evaluate on images of the Day-
time split, which corresponds to a domain shift in camera
and geographic location, but without significant change in
weather. It contains 36,728 training and 5258 validation im-
ages. It shares 7 of the 8 classes present in Cityscapes.

ACDC. The Adverse Conditions Dataset with Correspon-
dences (ACDC) [49] is an autonomous driving dataset fo-
cused on four adverse weather conditions: fog, night, rain
and snow. It shares the same 8 classes as Cityscapes for ob-
ject detection. Each split has 400 training and 100 valida-
tion images (106 for night validation). We train and evaluate
on each of the individual splits.

4.2. Experimental Setup
We base our implementation on the Detectron2 framework
[59]. For runs on Foggy Cityscapes and BDD100k, we fol-
low past works [2] and use VGG16 [51] pretrained on Im-
ageNet [9] as the backbone. For runs on ACDC, we use
the common ResNet-50 [20], also pretrained on ImageNet
as the backbone. Single-scale Faster R-CNN is the detec-
tor in all experiments. Our models are trained on 2 RTX
6000 and use 8 source and 8 target images in each batch.
We generally follow the test setting of Adaptive Teacher
[38]. When reimplementing baselines, images are scaled to
have a height of 600 pixels for training. When aligning with
DINO as per section 3.4, we scale the height to 588 pixels
to make it divisible by the ViT patch size of 14. All the re-
sults we present, including baselines, are evaluated from an
EMA model f̄ as discussed in Sec. 3.3.

In all of our runs and for all teachers, we use a pseudo-
labelling threshold of δ = 0.8 and use weak-strong augmen-
tations [38] as our only augmentation. We set the loss hy-
perparameters in equation (4) as λunsup = 1 and λsim = 1.
For runs on VGG16, we use a learning rate of 0.04 with-

out decay, an EMA decay factor of α = 0.9996, pretrain on
source only for ninitPL = 20,000 iterations and train for a
total of 60,000 iterations. For runs on ResNet-50, we use
a learning rate of 0.01 without decay, an EMA decay fac-
tor of α = 0.999, pretrain on source for ninitPL = 20,000
iterations and train for a total of 40,000 iterations.

We use the same DINOv2-based labeller to generate
pseudo-labels for all runs following section 3.3. We train a
Faster R-CNN head on top of a ViT-G encoder with frozen
DINOv2 weights and use the same training setting and aug-
mentations as the ResNet-50 student model but use only the
source Cityscapes images.

We use a frozen DINOv2 Vit-B as the alignment encoder
following section 3.4. The projection MLP has a hidden
layer dimension of 1024. We initialize the similarity branch
on source images until ninitSim = 5000 iterations. We dis-
cuss the impact of the size of the DINO model in Tab. 5.

Because of the small size of the training and valida-
tion datasets for the individual ACDC splits, we present the
average performance across three runs for both the base-
line Adaptive Teacher and our method. When replicat-
ing the baseline, we use the same parameters used in [38]
(λunsup = 1, λdis = 0.1) and start both the domain dis-
crimination and the pseudo-labelling after 20,000 iterations.

4.3. Results

We compare the performance of our method with other
state-of-the-art methods and report class-averaged precision
at 50% IoU (mAP@50). In the tables, we use the following
abbreviations: FR for Faster R-CNN, GA for graph align-
ment, and MT for Mean Teacher. We evaluate across differ-
ent environments, cameras and adverse weather conditions.

Cityscapes→ BDD100k. The first test setting considers
domain adaptation to BBD100K, corresponding to differ-
ent environment and camera. We present our results in
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Method Type Person Rider Car Truck Bus Motor Bicycle mAP
DA-Faster [6] FR 28.9 27.4 44.2 19.1 18.0 14.2 22.4 24.9
SIGMA [37] FCOS+GA 46.9 29.6 64.1 20.2 23.6 17.9 26.3 32.7

TDD [21] FR+MT 39.6 38.9 53.9 24.1 25.5 24.5 28.8 33.6
PT [4] FR+MT 40.5 39.9 52.7 25.8 33.8 23.0 28.8 34.9

NSA [72] FR+MT - - - - - - - 35.5
REACT [35] FR+MT - - - - - - - 35.8

CAT [29] FR+MT 44.6 41.5 61.2 31.4 34.6 24.4 31.7 38.5
HT [11] FCOS+MT 53.4 40.4 63.5 27.4 30.6 28.2 38.0 40.2

DT (ours) FR+MT 51.6 47.0 66.6 44.3 45.9 38.3 40.8 47.8

Table 1. Results for domain adaptive object detection from Cityscapes to BDD100k. Best performing methods are bolded, second best
are underlined.

Method Type Person Rider Car Truck Bus Train Motor Bicycle mAP
DA-Faster [6] FR 29.2 40.4 43.4 19.7 38.3 28.5 23.7 32.7 32.0

DICN [25] FR 47.3 57.4 64.0 22.7 45.6 29.6 38.6 47.4 44.1
NLTE [39] FR+GA 43.1 50.7 58.7 33.6 56.7 42.7 33.7 43.3 45.4

PT [4] FR+MT 43.2 52.4 63.4 33.4 56.6 37.8 41.3 48.7 47.1
MIC [23] FR+MT 50.9 55.3 67.0 33.9 52.4 33.7 40.6 47.5 47.6
AT [38] FR+MT 45.5 55.1 64.2 35.0 56.3 54.3 38.5 51.9 50.9
CMT [2] FR+MT 47.0 55.7 64.5 39.4 63.2 51.9 40.3 53.1 51.9

REACT [35] FR+MT 51.4 57.9 67.4 37.7 58.4 52.8 44.6 54.6 53.1
DT (ours) FR+MT 48.5 60.0 65.4 47.2 66.5 52.9 46.2 56.7 55.4

Table 2. Results for domain adaptive object detection from Cityscapes to Foggy Cityscapes for the entire validation set. Best
performing methods are bolded, second best are underlined.

Tab. 1. We obtain state-of-the-art results, exceeding the per-
formance of Harmonious Teacher [11] by +7.6%, with par-
ticularly large improvements on the rarer classes. Given a
larger target dataset, we show that improving the quality of
labels by using a better labeller improves performance sub-
stantially over using the Mean Teacher framework. We dis-
cuss the correlation between labeller size and student net-
work performance in Tab. 5a.

Cityscapes → Foggy Cityscapes. The second test con-
siders domain adaptation across a relatively easy adverse
weather condition, the synthetic addition of fog. We present
our results in Tab. 2 for the full validation set and obtain
state-of-the-art performance on this dataset, improving over
the recent REACT [35] method by +2.3% and our base-
line architecture AT by +4.5% when using the ViT-G labels.
Compared to our results on BDD100k, we show more mi-
nor improvements on this dataset. We believe this is due
to the small domain gap between Cityscapes and Foggy
Cityscapes, which is generated by a consistent procedure
on the original Cityscapes images and uses the same labels.

Cityscapes → ACDC splits. The final test setting con-
siders domain adaptation in the most complex setting: ad-
verse weather, different camera and environment, and with

Method Fog Night Rain Snow
AT† [38] 62.2 29.5 37.7 55.2

DT-G (ours) 68.6 36.4 39.0 56.8

Table 3. Results for domain adaptive object detection from
Cityscapes to the 4 ACDC splits. †We reimplement AT from
publicly available code.

a much smaller target dataset. We present our results in
Tab. 3. Here as well, we observe consistent and signifi-
cant performance improvements compared to the Adaptive
Teacher baseline, improving by +6.4% on fog, +6.9% on
night, +1.3% on rain and +1.6% on snow. While the DINO
pseudo-labels do better than Mean Teacher labels, particu-
larly for the most challenging night split, we believe the
quality of pseudo-labels limits our improvements. We dis-
cuss this further in section 4.5 below. Another issue is the
small size of the target dataset, which leads to overfitting on
the pseudo-labels and restricts performance on the test set.

4.4. Ablations
We run our ablations on the Cityscapes to BDD100k test
case, as the large dataset size and significant domain gap
best exemplify performance improvements from different
methodological choices.
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Method Label. Align. ninitPL Best mAP
AT† [38] MT Ldis 28.5 31.8

case 1 MT Lsim 32.5 35.3
case 2 DL Ldis 28.5 46.8

DT DL Lsim 33.0 47.8

Table 4. Ablation of the DT components on Cityscapes to
BDD100k. We use MT for Mean Teacher labels and DL for DINO
labeller. †We reimplement AT from publicly available code.

Ablations on Components. Tab. 4 presents the ablation
on the contributions of each component of our approach.
Starting from the Adaptive Teacher baseline, we substitute
the standard EMA teacher labeller MT with our DINO la-
beller DL (section 3.3) and substitute the domain adversar-
ial loss Ldis with our patch similarity loss Lsim (section
3.4). We report the best performance and performance at
ninitPL iterations, just before any pseudo-labels are used, to
separate the impacts of changes in alignment and labelling
methods. We see that while our alignment loss Lsim im-
proves performance by +4.0% before pseudo-labels are in-
troduced and overall by +3.5% (AT vs case 1), it doesn’t al-
low the Mean Teacher framework to generate improvements
similar to the DINO labeller (case 1 vs DT). Using DINO
labels improves performance by over 10% regardless of the
type of alignment used (AT vs case 2 or DT).

Teacher Size. Next, we consider the impact of the size
of the DINOv2 model used as the backbone to generate
pseudo-labels (section 3.3) and as the alignment target (sec-
tion 3.4). Results are presented in Tab. 5. The ViT-S, B, L
and G models have 21, 86, 300 and 1,100 million parame-
ters respectively. Tab. 5a presents the ablation on DINO la-
beller size, and scaling the backbone from ViT-B to ViT-G
improves our results by +1.8%. Interestingly, the final stu-
dent model is better than the labeller for ViT-B and ViT-L,
meaning labeller performance is not a direct upper bound.
While the labeller is trained on source only, the student uses
a high-confidence subset of target labels and true source la-
bels to learn a representation that generalizes to both do-
mains. From Tab. 5b, we also find that aligning with the
larger ViT-B model improves by +0.4% compared to ViT-
S, and both do better than the baseline.

4.5. DINO Teacher vs Other Baselines
Finally, we consider how our DINO Teacher compares to
other strategies for object detection on the target dataset and
present the results in Tab. 6. First, the ViT-G DINO labeller
generalizes much better than the source-only student model,
validating our choice of using a VFM labeller for pseudo-
label generation. Our DT approach significantly outper-
forms source-only student training and target-only training
on the small ACDC splits, but it lags behind target-only

Method Lab. Stud.
MT - 35.3

DL-B 42.7 46.0
DL-L 45.7 46.9
DL-G 51.1 47.8

(a) Labeller size

Method ninitPL mAP
Ldis 28.5 46.8
LsimS 31.9 47.4
LsimB 33.0 47.8

(b) Alignment teacher size

Table 5. Ablations of the size of DINOv2 backbone model for
the labeller and alignment teacher. We consider ViT-B, L and G
for the DINO labeller (DL-B, DL-L, DL-G), and ViT-S and B for
the alignment loss (LsimS, LsimB).

Method BDD ACDC
Fog Night Rain Snow

Source only 29.1 61.2 19.7 37.0 46.3
Target only 54.4 48.6 24.6 30.5 46.0

ViT-G labeller 51.1 65.8 39.4 47.3 49.3
w/ GT labels† 51.6 70.3 37.2 44.0 57.5

DT∗ 47.8 68.6 36.4 39.0 56.8

Table 6. Performance of the DT model compared to other
strategies. ∗Reported results for DT on ACDC are the average
of 3 runs. †Network trained on source and target with all labels.

training on the larger BDD dataset, showing the advantages
of domain adaptation for small datasets. An alternative up-
per bound for domain adaptation is the performance with
an ideal labeller, where ground-truth target domain labels
are available and training is done on source and target im-
ages, denoted w/ GT labels in Tab. 6. This improves per-
formance compared to target-only training on ACDC but
not for BDD, meaning training with the source data can re-
duce performance given sufficient labels on the larger target
dataset. Our DT model is close to this bound, but the gap
indicates that a better labeller could yield improvements.

5. Conclusion
We present a novel framework for domain adaptive ob-
ject detection, DINO Teacher, in which we leverage the
generalizability of the features of vision foundational
models such as DINOv2. Our DINO Teacher approach
is composed of two components. First, we create a new
labeller by training a detection head on a frozen VFM
backbone using only source data. We show that this
simple framework outperforms the standard Mean Teacher
self-labelling approach, particularly on the BDD100k
dataset, demonstrating the limitations of the standard Mean
Teacher architecture. Next, we show that aligning image
features from the backbone of the student model with those
from a frozen VFM encoder independently for source
and target images pushes the student to learn features
that are more discriminative and generalize better from
the source to the target domain, improving performance.
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