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DEARLIi: Decoupled Enhancement of Recognition and Localization
for Semi-supervised Panoptic Segmentation
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Abstract

Pixel-level annotation is expensive and time-consuming.
Semi-supervised segmentation methods address this chal-
lenge by learning models on few labeled images along-
side a large corpus of unlabeled images. Although foun-
dation models could further account for label scarcity, ef-
fective mechanisms for their exploitation remain underex-
plored. We address this by devising a novel semi-supervised
panoptic approach fueled by two dedicated foundation mod-
els. We enhance recognition by complementing unsuper-
vised mask-transformer consistency with zero-shot classifi-
cation of CLIP features. We enhance localization by class-
agnostic decoder warm-up with respect to SAM pseudo-
labels. The resulting decoupled enhancement of recogni-
tion and localization (DEARLI) particularly excels in the
most challenging semi-supervised scenarios with large tax-
onomies and limited labeled data. Moreover, DEARLI out-
performs the state of the art in semi-supervised semantic
segmentation by a large margin while requiring 8x less
GPU memory, in spite of being trained only for the panoptic
objective. We observe 29.9 PQ and 38.9 mloU on ADE20K
with only 158 labeled images. The source code is available
at github.com/helenlc/DEARLI.

1. Introduction

Panoptic segmentation assigns a semantic label to each
image pixel while also distinguishing instances of object
classes [31]. This is a core capability required across a
wide range of applications such as autonomous driving [79],
remote sensing [12], medical imaging [4], and maritime
obstacle detection [85]. Strong application potential has
driven considerable research efforts [7, 8, 30], which relied
on vast amounts of annotated data [11, 42]. However, man-
ual panoptic annotation is a time-consuming and tedious
task, often requiring more than an hour per image [11, 56].

In related fields such as image classification [58], opti-
cal flow estimation [34], object detection [71], and seman-
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Figure 1. Unlike semi-supervised-trained state-of-the-art panop-
tic model [9], our recognition-enhanced method DEAR correctly
detects chair and bench segments, while additional localization
enhancement in DEARLI further improves masks accuracy.

tic segmentation [48], semi-supervised learning has been
extensively studied to reduce the data annotation require-
ments. However, only a few studies have considered semi-
supervised panoptic segmentation [6, 24, 39, 49]. Impor-
tantly, these studies do not tackle the most challenging yet
practical scenario, which involves very few labeled images
and large class taxonomies. This setup makes labeled exam-
ples per class extremely scarce and thus requires methods
with very strong generalization capabilities.

Foundation models offer a unique source of auxiliary
learning signal that could be exploited to address the ex-
posed issue. In particular, their robust representations ob-
tained through large-scale pretraining can provide potential
to improve generalization for underrepresented classes. Re-
cently, SemiVL [22] leveraged CLIP [52] for backbone ini-
tialization and pseudo-label acquisition in semi-supervised
semantics. However, dense zero-shot CLIP predictions are
considerably noisy due to poor localization [70, 76].

Thus, new techniques are required to selectively pry out



the skills that are embedded in foundation models and rel-
evant for a specific performance aspect of the trained net-
work. Effective knowledge distillation for panoptic seg-
mentation, in particular should focus on two key aspects:
(i) recognition, and (ii) localization. Distilling recogni-
tion should aid generalization across a diverse class taxon-
omy, while distilling localization should improve detection
of both semantic and instance boundaries, thereby mitigat-
ing biases introduced by learning from limited annotations.

We address the aforementioned challenges by proposing
Decoupled EnhAncement of Recognition and Localization
(DEARLi) — a novel semi-supervised panoptic segmen-
tation method driven by orthogonal contribution from
two dedicated foundation models within the mask trans-
former framework [8]. First, we exploit a vision-language
model [52] exclusively for recognition signals by ensem-
bling its zero-shot mask-wide posteriors [70] with mask-
transformer classification. Second, we leverage class-
agnostic SAM [32] to generate segmentation signals. We
achieve this through decoder warm-up and show that it is
possible to improve a mask transformer with localization-
specific pre-training. As shown in Figure 1, the recognition-
enhanced model DEAR improves mask classification, while
the localization enhancement in DEARLI further improves
the mask segmentation.

Beyond our methodological contributions, we report the
first extensive study on semi-supervised panoptic segmen-
tation in scenarios with low annotation budgets and rich
class taxonomies. The results indicate that semi-supervised
DEARLI consistently outperforms supervised counterparts
trained on 4 x more labeled data. On ADE20K, DEAR sur-
passes the state of the art in semi-supervised semantic seg-
mentation [22] by 7 mIoU points on average, despite being
trained for the panoptic objective. Remarkably, our method
achieves these gains using 8 x less GPUs.

2. Related Work

Panoptic segmentation. Early panoptic approaches either
adapt instance [21, 31] or semantic segmentation meth-
ods [5, 7]. These approaches introduce additional outputs
that require expensive heuristic-based decoding. Inefficient
modeling can be avoided by associating instance pixels with
object queries [3] through cross-attention [62]. This incor-
porates a special kind of inductive bias where similar pix-
els of an object class should belong to the same instance.
Mask Transformers (MT) [8, 9, 64, 75] apply this idea to
the panoptic segmentation task. MaskFormer [8] produces
a fixed number of mask embeddings together with the cor-
responding mask-wide class posteriors. It recovers dense
mask-assignment maps by scoring high resolution features
with mask embeddings. Mask2Former (M2F) [9] drives
mask embeddings towards particular instances by attend-
ing queries to multiscale features through masked cross-
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attention. Our method builds upon Mask2Former due to
reasonable priors, high accuracy and acceptable training ef-
ficiency. Our multi-stage learning pipeline (Fig. 2) extends
mask transformers with orthogonal recognition and local-
ization enhancement, which was not previously explored.

Dense prediction using vision-language models. Joint
language-image representations [26, 52] led to advances
in tasks such as text-to-image generation [53, 55], zero-
shot classification [26, 52, 67, 80], and captioning [72].
However, nonlinear attention before the output projection
hampers dense spatial inference with vision transform-
ers [36, 37, 63, 83]. Therefore, we pair the M2F decoder
with frozen ConvNeXt-CLIP [10, 43] backbone and collect
per-mask embeddings from frozen features by mask pool-
ing [17, 70, 76]. Our model architecture is similar to FC-
CLIP [76] that considers supervised open-vocabulary seg-
mentation [14, 27, 41], but does not learn on unlabeled im-
ages. FC-CLIP employs a frozen CLIP backbone with mod-
ified M2F decoders. In contrast, we propose class-agnostic
pre-training of the standard M2F decoder, and show that ge-
ometric ensembling of M2F and CLIP posteriors [76] excels
on underrepresented classes in the semi-supervised context.

Semi-supervised Segmentation. Only a few meth-
ods consider semi-supervised panoptics [6, 46, 49]. How-
ever, these approaches rely on a substantial amount of an-
notated data and outdated backbones. In contrast, we focus
on low-label regimes in combination with rich class tax-
onomies. Our setup enables direct comparison with the
related semantic segmentation works, as discussed next.
These approaches leverage consistency [2, 19, 35, 45, 48],
co-training [1, 51], self-training [28, 73, 77] and adversarial
training [18, 47, 50, 59]. Many of these methods rely on
pseudo-labels [40, 60, 65, 68, 84]. However, pseudo-label
quality might hurt training due to poor accuracy or class
imbalance [23, 40, 68, 84]. Our method addresses this is-
sue through geometric ensembling [17, 20, 33, 70, 76]. Our
method is closely related to methods that enforce consis-
tency under input augmentations [58, 69, 74, 81]. We lever-
age the Mean Teacher framework [61] where the teacher
corresponds to the exponential moving average of the stu-
dent. Our teachers receive weakly perturbed images, stop
the gradients and produce hard pseudo-labels [16, 25, 58,
66, 81]. SemiVL [22] learns consistency [74] with CLIP
initialization and introduces a loss to maintain alignment
between visual and language embeddings. In contrast,
our approach avoids feature drift as the backbone remains
frozen. Compared to SemiVL, our method performs zero-
shot classification on mask-pooled convolutional CLIP fea-
tures instead of individual ViT tokens, which reduces noise
in pseudo-labels. In addition, SemiVL’s decoder builds
upon per-pixel vision-language similarities, which limits its
ability to capture weak correlations. Finally, our approach
supports both panoptic and semantic segmentation.
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Figure 2. Overview of our three-stage semi-supervised learning pipeline. The first stage corresponds to large-scale contrastive language-
image pre-training (CLIP [10, 52]). The second stage enhances the localization by class-agnostic mask transformer (MT) decoder warm-up.
The third stage trains the decoder on labeled and unlabeled images with Mean Teacher consistency. We enhance the teacher recognition by
ensembling the mask-wide posterior of the mask transformer with zero-shot classification of mask-pooled CLIP features.

3. Method

Semi-supervised learning (SSL) involves a small amount of
labeled data X! = {(z!, yﬁ) }Ml

labeled data X* = {z*} " , where N; < N,,. The goal is
to utilize both subsets to achieve better generalization per-
formance. These algorithms typically optimize a compound
loss on labeled and unlabeled samples:

— ﬁSUP +£UNL.

and a large amount of un-

ﬁSSL (1)
The first component corresponds to the standard supervised
loss L8P = L(0;,yET), where y&T denotes the ground
truth and o; = hy,,,, (z!) represents the model prediction
computed in the corresponding labeled example x!. We ex-
press the contribution of the unlabeled data with the con-
sistency loss LYNE = L(o%, %) [69]. The model output
oY = hg,,,, (S(z¥)) is computed with respect to strongly
perturbed unlabeled example S(z}), while the pseudo-label
= hy,.,., (W(z¥)) is derived from the same, but weakly
perturbed example W(x¥). The teacher hy,_ ., and the stu-
dent hg_,,, follow the same architecture and therefore can
be plugged into the Mean Teacher framework [61]. Each
iteration t sets G40, to the exponential moving average
(EMA) of 04,4 with decay rate ~:
at 1

stud®

ateach = Veztt;zlch + (1 - ) (2)

Figure 2 provides an overview of our training pipeline.
The first stage corresponds to large-scale contrastive
language-image pre-training (CLIP) [52]. The resulting
model serves as a backbone feature extractor of our panop-
tic models. These models build upon mask transformers
[9, 38, 64, 75] in order to enable elegant integration of sep-
arate recognition and segmentation foundation models, as
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explained in 3.1. The second stage enhances the localiza-
tion by warming-up the mask transformer decoder on class-
agnostic regions, which we discuss in 3.3. The third stage
trains the mask transformer decoder on the target dataset
according to the semi-supervised objective (Eq. 1). Here,
we enhance the recognition by ensembling the standard
teacher ‘s mask-wide posteriors with zero-shot classification
of mask-pooled CLIP features as discussed in Sec. 3.2.

3.1. Panoptic Mask Transformers

Mask transformers [9, 38, 64, 75] start from N learn-
able queries, attend them to translation equivariant features,
and predict mask embeddings of thing and stuff classes.
Mask embeddings are then projected onto mask-wide logits
P ¢ RV*(€+1) and used to score high resolution features
into sigmoid-activated localization maps o € RN*H*W,
The C+1-th no-object class allows to discard excess queries
since N is usually larger than the number of segments in
the image. Building on the set prediction framework [3],
mask transformers establish bipartite matching M between
predicted masks and ground truth segments in order to com-
pute the loss. The compound loss consists of recognition
and localization terms:

L= Zﬁclg i YA +Z£W o ofin) )

yM( );£C+1

Here L5 denotes segment-wide recognition loss expressed
with standard cross-entropy, while £;,. corresponds to per-
pixel localization loss expressed as a combination of the
dice loss and binary cross-entropy.



3.2. Vision-Language Enhanced Recognition

Mask transformers can easily overfit to limited labeled data.
This leads to biased pseudo-labels in semi-supervised learn-
ing. To address this issue, we integrate mask transformer
with a CLIP foundation model, which has less pronounced
biases due to large-scale pretraining.

We begin by extracting image features with a frozen
CLIP backbone. While parameter freezing limits the learn-
ing capacity, it offers several benefits. First, it preserves
zero-shot mask classification ability since the model em-
beds images into the joint vision-text feature space [52].
Second, it decreases the risk of overfitting and bias absorp-
tion due to insufficient labeled training data [36, 63, 83].
Third, it reduces the training footprint since backpropaga-
tion through the CLIP backbone becomes unnecessary.

Next, we fix the final layer weights of the mask classifier
to the class embeddings from the CLIP text encoder. Con-
sequently, the mask decoder must learn to map mask em-
beddings into the language space for accurate classification.
Built on Mask2Former [9], we call this model M2F-Lang.

Finally, rather than relying solely on the mask trans-
former for pseudolabel generation, we ensemble its clas-
sification probabilities with those from zero-shot evaluated
CLIP. Since CLIP provides only image-level recognition,
we first describe the mask pooling [17, 70, 76] opera-
tion that enables zero-shot mask-level classification. Given
dense CLIP features F € R¥ *W'%D and a binary mask
M; € {0, 1}H “W mask pooling recovers mask-aggregated
visual embedding e,, € R as follows:

Zflcw Flr,c,:] - M;[r, ]
> M

,C

e,, = MP(F,M,;) =

“4)

[, c]

We downsample the masks to match feature resolution. The
visual embedding e,,, is then compared against a set of class
embeddings {et]. }le obtained by applying the CLIP text
encoder 7 to class names. This comparison yields a class
probability distribution, computed as the softmax of cosine
similarities scaled by a temperature parameter 7:

®)

i _ T T T
PeLp = softmax([e, e, €, €, ...,e, €], 7).

The next paragraph explains how CLIP mask-pooling can
enhance pseudo-labels for semi-supervised learning.

Given a weakly augmented unlabeled image W (z*), the
teacher network first generates [V initial mask candidates.
After removing those classified as no object, a set of N’
masks remain, defined with sigmoid-activated localization
maps oy € RY XHXW and class probabilities Py €
RN %€ We then calculate a binary mask M; € {0, 1}""*"
for each of the N’ masks by thresholding the correspond-
ing sigmoid mask: M; = [oyT; > 0.5]. Next, we re-
cover the cached CLIP features F € R¥ *W'*D from the
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frozen backbone and retrieve zero-shot class distributions
Pcoup € RY'*C via mask pooling over all masks. Fi-
nally, we determine the ensembled mask-wide posteriors as
a weighted geometric mean of the mask transformer poste-
riors and the zero-shot posteriors (5) [17, 70, 76]:

Pins = (Pur)® © (Penp)' ™ (6)

These ensembled probabilities are then fed to the standard
panoptic inference [8] to recover hard pseudo-labels for
consistency training. Such pseudo-label acquisition exploits
only the recognition signal from CLIP as boundaries are re-
trieved from the mask-transformer, which was originally in-
tended. Although the student learns from enhanced pseudo-
labels, we observe slight improvements when including the
ensembling during inference (cf. Tab. 14 in suppl.).
Validating CLIP zero-shot mask classification. As a
proof of concept, we test the CLIP zero-shot recognition
capabilities in the panoptic context. In particular, we mea-
sure the panoptic quality of a model with CLIP features
F € RH'XW'*D gnd the oracle mask proposal genera-
tor. We extract dense CLIP features with MaskCLIP [83]
for ViT [15, 52] and simply remove global average pool-
ing for ConvNeXt [10]. The oracle generator retrieves a
binary mask candidate M € {0,1}"*" for each ground
truth segment. We recover the per-mask class distributions
with mask pooling (Egs. 4 and 5).

Figure 3 presents the resulting panoptic quality on
ADE20K and COCO-Panoptic. We observe that zero-shot
classification of mask-pooled CLIP features delivers attrac-
tive performance. This shows that mask transformer can
benefit from the ensembling. Just as important, ConvNeXt
models significantly outperform ViT on both datasets. This
motivates us to reconsider the ViT backbone used in the pre-
vious state-of-the-art for semi-supervised semantics [22].
Inspired by these findings, we select the frozen OpenCLIP
ConvNeXt [10] pretrained on LAION-2B [57] as the back-
bone and include zero-shot classification of mask-pooled
CLIP features in our pseudo-label generation procedure.
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Figure 3. Zero-shot panoptic quality with ground-truth masks and
mask-pooled CLIP features. Each mask is classified with respect
to textual CLIP embeddings of class name descriptions.



3.3. Class-agnostic Mask-Decoder Warm-up

The proposed ensembling with zero-shot predictions as-
sumes adequate mask candidates with accurate boundaries.
Failure of this assumption would devalue the benefits of the
proposed ensembling. This risk is especially pertinent to
semi-supervised setups where the model may struggle to
learn precise object boundaries due to limited labeled data.

We address this challenge by distilling objectness from
the Segment Anything Model (SAM) [32]. Given an unla-
beled image, SAM can produce a set of class-agnostic bi-
nary masks {Mz}f\f{m corresponding to different regions
in the image. A naive approach to obtain panoptic pseudo-
labels classifies each SAM mask M; with CLIP using the
mask pooling (Egs. 4 and 5). However, this approach yields
only 8.8 PQ on ADE20K. This poor performance is a result
of a significant granularity mismatch between SAM predic-
tions and the target dataset, as illustrated in Fig. 4.

We propose a simple yet effective solution to lever-
age SAM'’s rich objectness knowledge while simultane-
ously addressing the granularity mismatch issue. The key
idea is to precondition the mask decoder prior to the main
semi-supervised stage. Specifically, we first generate class-
agnostic pseudo-labels using SAM for both labeled images
X' and unlabeled images X'*. These class-agnostic pseudo-
labels are then used to warm up the mask decoder, as il-
lustrated in the middle pane of Fig. 2. During this warm-
up phase, the optimization focuses solely on the localiza-
tion loss term L;,. (cf. Eq. 3), leaving classification and
granularity refinement to be learned later from the available
labeled subset. The proposed Decoder Warm-up (DeWa)
stage enhances both recall and boundary alignment of the
mask decoder, as demonstrated in our experiments.
Ground-truth

Ground-truth SAM predictions

SAM predictions

Figure 4. Illustration of granularity mismatch between ADE20K
GT labels and class-agnostic predictions generated by SAM [32].

4. Experiments

Datasets. We conduct experiments on: ADE20K, COCO-
Panoptic, and COCO-Objects. The ADE20K dataset [82]
comprises 20 210 training and 2000 validation images with
150 semantic classes. COCO-Panoptic [42] includes 118 k
training and 5 k validation images, with 80 thing and 53 stuff
classes. COCO-Objects [42] corresponds to the same
dataset with all stuff classes remapped to the background
class. We consider this dataset to ensure fair comparison
with semi-supervised semantic segmentation methods.
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Architecture. Our experiments build upon ConvNeXt-
B (CN-B) [43] and assume CLIP [10, 52] pre-training on
LAION-2B (L2B) [57]. We complement this backbone with
the M2F [9] decoder. Models with language-based recog-
nition (M2F-Lang) produce classification logits using dot
product between mask-wide class embeddings and precom-
puted language embeddings. Effectively, frozen language
embeddings operate as a hand-crafted linear projection.
Training. Our semi-supervised approach uses Mean
Teacher [61] across weakly and strongly perturbed unla-
beled images (Sec. 3). Weak perturbations are random scal-
ing (0.1 to 2.0), cropping and horizontal flipping. Strong
perturbations further include color jittering, Gaussian blur,
grayscaling and CutMix [78]. We train for 80 000 iterations
in all semi-supervised experiments. Training batches con-
sist of 8 labeled and 8 unlabeled images. The student and
teacher networks share the same architecture. Teacher net-
work parameters are updated using EMA with v = 0.999.
We use identical dataset partitions as in the prior
work [22, 74]. We train on crop sizes 640x640 and
512x512 for ADE and COCO, respectively. We use the
AdamW [29, 44] optimizer with weight decay 0.05 and
learning rate 0.0001. Unless otherwise specified, we freeze
the backbone and train only the M2F decoder. We set geo-
metric ensembling factor @ = 0.6 across all experiments.
For language-based recognition, we adopt prompt tem-
plates [17, 20, 70]. In M2F-Lang experiments, we do not
reject segments with low max-softmax [76]. We warm-up
the decoder (DeWa) with batch size 16 for 80 k and 160 k it-
erations on ADE and COCO, respectively. Class-agnostic
masks are generated with the ViT-H SAM [32] and default
hyperparameters. All experiments with a frozen backbone
are conducted on a single A100-40 GB GPU.
Evaluation. Most of our experiments report panoptic qual-
ity (PQ), averaged across all dataset classes [31]. We com-
pare with previous semantic segmentation approaches in
terms of mean intersection over union (mloU). We report
performance of the checkpoint from the final training itera-
tion on the ADE20K/COCO validation set.

4.1. Panoptic Segmentation Results and Ablations

Table | outlines the development path of our method. It
presents performance increments and component ablations
from our mask-recognition baseline (M2F) over the CLIP
enhanced DEAR, to the CLIP and SAM enhanced DEARL..
All experiments report PQ performance on ADE20K val
and train on standard semi-supervised partitions [74]. We
evaluate how CLIP initialization, language-based recogni-
tion, per-class probability geometric ensembling (Pgng)
and decoder warm-up (DeWa) contribute to our method.
We observe that semi-supervised learning (SSLv") con-
sistently outperforms fully supervised counterparts. This
provides a sanity check for further experiments. Gains



) 1/128 (158) 1/64 (316) 1/32 (632) 1/16 (1263) 1/8 (2526)
Method SSL Backbone mPQ mSQ mRQ mPQ mSQ mRQ mPQ mSQ mRQ mPQ mSQ mRQ  mPQ mSQ mRQ
#CN-B-INIk 74 327 93 133 522 167 178 627 217 221 651 270 255 69.3 30.7
M2F ~ QCNBINIk 93 386 117 150 552 186 205 629 252 250 689 305 299 732 359
v QCN-B-INIk 164 457 204 228 604 279 278 702 340  30.1 714 366  33.6 75.1 403
#CN-B-L2B 100 387 124 164 562 20.1 234 654 285 287 695 349 342 737 409
M2F - OCNBL2B 129 428 161 193 59.1 239 260 69.1 317 311 720 377 363 75.6 43.7
OCN-B-L2B 194 462 240 284 637 346 332 713 402 368 759 443 402 788 482
M2F-Lang 117 437 147 191 614 239 263 702 32.1  31.6 728 383  36.6 767 44.0
L + Pgns (eval only) - 183 637 233 239 69.5 300  29.0 733 354 336 75.6 408 378 77.6 457
M2F-Lang Y gonpilop 183 550 226 264 680 323 325 761 394 355 745 428 392 772 472
b + P (eval only) v b 216 62.6 267 302 739 37.0 339 762 41.1 367 77.6 442 402 772 484
L + Prns (DEAR) v 277) 703 344  (32.3) 740 39.6  (34.8) 75.4 42.1  (383) 793 462  (40.6) 80.7 48.7
L + DeWa (DEARLi) v/ 29.9) 740 366  (34.6 754 412  (363) 77.1 435  (39.2) 803 47.1 (416 80.6 49.5

Table 1. Impact of our contributions to panoptic performance on ADE20K. Top two sections start from the supervised baseline and show
improvements due to backbone fine-tuning (3— @), semi-supervised learning with Mean Teacher consistency (SSL) and LAION-2B
pre-training (L2B). Bottom section involves language-based recognition (M2F-Lang) and shows improvements due to SSL, geometric
ensembling with CLIP during inference (eval-only) and pseduolabels generation (Pgns), and class-agnostic Decoder Warm-up (DeWa).

from semi-supervised learning are more pronounced in low-
label data regimes. Comparison between the first two sec-
tions in Tab. | reveals that LAION-2B CLIP initializa-
tion consistently surpasses ImageNetlk [13] initialization
(from 3p.p. PQ on 1/128 to 6.6 p.p. PQ on 1/8). Back-
bone fine-tuning improves performance in supervised ex-
periments across the first two sections. However, this
roughly doubles the training memory requirements. More
importantly, fine-tuning the backbone introduces vision-
language misalignment that degrades performance in low-
label regimes (preliminary experiments show —4.8 p.p. PQ
on 1/128). Hence, all experiments from the last section
freeze the backbone.

The last section focuses on learning with fixed lan-
guage embeddings (M2F-Lang). Here, mask-wide logits
correspond to cosine similarity between retrieved mask-
wide embeddings and precomputed language embeddings.
Recall that mask-wide class embeddings can be recov-
ered either from the M2F decoder or through mask pool-
ing of CLIP features. Ensembling the corresponding two
posteriors leads to consistent and substantial improvement
with respect to the decoder-only posterior (M2F-Lang).
M2F-Lang + Pgng (eval only) retains some improvement
even when ensembling posteriors exclusively during infer-
ence. We observe that semi-supervised learning on un-
labeled images leads to similar or greater improvements
as mask-wide posterior ensembling. Importantly, incor-
porating geometric ensembling into pseudo-labels gener-
ation provides additional significant gains, as the student
benefits from a stronger learning signal. This leads us
to our method, DEAR, which consistently improves upon
evaluation-only ensembling across all partitions. DEAR
performs especially well in the most challenging regime
with only 158 labeled images. Finally, the inclusion
of class-agnostic decoder warm-up (DEARLI) further im-
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proves the performance across all data partitions. This sup-
ports our hypothesis that incorporating class-agnostic pre-
training with SAM pseudo-labels can improve final panop-
tic quality, despite the granularity mismatch between SAM
pseudo-labels and ADE20K taxonomy (cf. Fig. 4). For
more comprehensive ablations, see supplement (Tab. 14) .
Table 2 shows similar findings on COCO-Panoptic.
Posterior ensembling for pseudo-label generation (DEAR)
consistently outperforms baseline across all partitions.
Moreover, SAM distillation within the decoder warm-up
(DEARLI) yields further gains, with a notable +4.1 p.p. PQ
on the most challenging setup with only 232 labeled im-
ages. Note that DEARLI surpasses its supervised counter-
part (M2F-Lang+PgNg) while using 4x less labeled data.

1512 1256 1/128 1/64  1/32

Method SSL 232y (463) (925) (1849) (3697)
M2F-Lang 150 260 332 378 411
L+Pgys (evalonly)  — 229 307 363 395 425
M2F-Lang V276 347 389 420 442
L + Pgns (DEAR) v 347 386 408 430 448
L + DeWa (DEARLi) « (38.8) (41.3) 43.1 (44.5 (464

Table 2. PQ performance on COCO-Panoptic. All experiments
leverage frozen ¥ CN-B-L2B backbone. Top section shows the
supervised model and improvement due to inference only ensem-
bling. Bottom section starts from semi-supervised learning with
decoder only posteriors, and presents improvements due to syn-
ergy of SSL and Pens (DEAR) and decoder warm-up (DEARLI).

4.2. Comparison with the State of the Art

To the best of our knowledge, our method is the first to
address semi-supervised panoptic segmentation with stan-
dard partitioning [74] of the common segmentation datasets



with rich taxonomies. Consequently, we cannot present a
direct comparison with previous semi-supervised panoptic
approaches. Instead, we compare DEAR with the state of
the art in semi-supervised semantic segmentation using the
same labeled data partitions. In order to measure semantic
segmentation performance, we evaluate our panoptic mod-
els with semantic inference, without retraining [8]. We con-
sider this comparison relevant and fair since panoptic M2F
models typically underperform with respect to native se-
mantic segmentation models on that particular task [9]. For
an exact comparison, see Tab. 12 in the supplement.

We are particularly interested in the comparison with
SemiVL [22], since it also leverages CLIP. Tables 3 and 5
indicate that DEAR beats all previous methods by a large
margin across all partitions on ADE20K and COCO-
Objects. We additionally include DEARLI in these ta-
bles even though comparison with SemiVL might be unfair,
since DEARL. distills knowledge from SAM. Nevertheless,
it may prove as a useful baseline for future semi-supervised
approaches with class-agnostic pre-training.

We observe that our baseline M2F+SSL with Ima-
geNetlk initialization outperforms all previous baselines
with the same pre-training, while even exceeding SemiVL
in some assays. This suggests that M2F+SSL is a
strong baseline and strengthens the value of our contribu-
tions. SemiVL with a convolutional backbone performs
roughly the same as SemiVL with a transformer backbone
(cf. Tab. 3) or even worse (c¢f. Tab. 5). This suggests
that the observed advantages of the convolutional backbone
(cf. Fig. 3) are likely due to direct segment prediction and
mask pooling [9, 70] being present in our architecture. The
supplement contains details of SemiVL [22] training atop
CN-B-L2B (Appendix B), as well as semantic segmenta-
tion ablations of DEARLI (Tab. 13).

17128 1/64 1/32 1/16 1/8

Method Net (158) (316) (632) (1263) (2526)
CutMix [16] [BMvC20] R101 - - 262 298 356
AEL [23] (NeurlPs21] R101 - - 284 332 38.0
UniMatch [74] (cvrr'23) R101 15.6 21.6 28.1 315 346
UniMatch [22, 74] (cver23) VIT-B/16 184 253 312 344 380
M2F+SSL (cf. Tab. 1) CN-B-INIk 199 294 340 374 (412
SemiVL [22] [Eccvad) ViT-B/16 28.1 351 372 394
SemiVLT [22] (recvay CN-B-L2B  (30.2) 33.3 (36.3 40.7
36.5) (40.5) (42.8) (45.8) (475

DEAR CN-B-L2B  (870) (+6.8) (+7.7) (+8.6) (+8.1)
. 38.9) (42.0) (44.3) (45.0) (48.1
DEARLI CN-B-L2B (+10.8) (+8.3) (+9.2) (+7.8) (+8.7)

Table 3. Comparison with the state of the art in semi-supervised
semantic segmentation (mloU) on ADE20K. } indicates our ex-
periments with public source code. Underline denotes CLIP-
WiT [52] initialization. Improvements over SemiVL-ViT-B/16 are
in green. Gold, silver and bronze denote the best results.
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1/512 1/256 1/128  1/64 1/32

Method 7357 463) (925) (1849) (3697)
®DEAR 379 410 429 450 465
% DEARLi (42.0) (43.7) (45.4) (47.6) (48.7

Table 4. Semi-supervised PQ performance on COCO-Objects.

1/512 1/256 1/128 1/64 1/32
Method Net (232) (463) (925) (1849) (3697)
PseudoSeg [81, 84] icLr21] XC-65 20.8 37.1 39.1 418 43.6
PC2Seg [81] ccveai XC-65 299 375 40.1 437 46.1
CISC-R [68] TpamI23] XC-65 32.1 402 422 — —
UniMatch [74] (cvpr 23 XC-65 319 389 444 482 498
UniMatch [22, 74] [cvpr23]  ViT-B/16 36.6 44.1 49.1 535 550
LogicDiag [40] 11ccv23) XC-65 33.1 403 454 488 505
AllSpark [65] [cvPr 24 MiT-B5 34.1 417 455 496 -
S4Former [25] [CVPR'24] DeiT-B 352 43.1 469 — —
M2F+SSL CN-B-IN1k 38.6 46.0 508 54.6 55.7
SemiVL [22] [Eccvad) VIiT-B/16 50.1) (52.8) (53.6 56.5
SemiVLT [22] recvos CN-B-L2B  47.6 49.1 50.1 526 529

52.9) (53.9) (56.2) (58.7) (59.3
DEAR CN-B-L2B (+2.8) (+1.1) (+2.6) (+3.3) (+2.8)
DEARLI CN-B-L2B 54.6) 55.1 (57.0/ 59.1 [60.2

(+4.5) (+2.3) (+3.4) (+3.7) (+3.7)

Table 5. Comparison with the state of the art in semi-supervised
semantic segmentation (mloU) on COCO-Objects. t indicates
our experiments with public source code. Underline denotes
CLIP-WiT [52] initialization.

Comparison on COCO-Objects. Many previous works in
semi-supervised semantic segmentation report experiments
on the COCO-Objects dataset, which includes 80 thing
classes and one background class. We enable training of our
panoptic models on these 81 classes by remapping all stuff
classes from COCO-Panoptic to the background class. Ta-
ble 4 shows that class-agnostic decoder warm-up consis-
tently enhances panoptic performance as in previous se-
tups. Moreover, Table 5 shows that DEAR again consis-
tently outperforms current state of the art [22] across all
partitions, while DEARLI confirms the advantage from Ta-
ble 4. A qualitative comparison with state-of-the-art meth-
ods on several examples is provided in the supplement.

4.3. Additional Ablations and Analysis

Decoder warm-up. Table 6 validates the performance of
our method with different decoder warm-up procedures. We
keep the backbone frozen. We start with randomly ini-
tialized decoder, as used in DEAR. Row 2 shows that de-
coder initialization with supervised pre-training (M2F-Lang
from Tab. 1) actually decreases the performance, which sug-
gests the presence of overfitting. Row 3 trains on random
110k images from SA1B, the dataset that was originally
used to train SAM [32]. This experiment follows hyperpa-
rameters from DEARLI (row 4). Comparable performance
of the last two rows suggests that DEAR benefits from de-



Method 1128 1/64 1/32  1/16  1/8

(158) (316) (632) (1263) (2526)
Random init (DEAR) 277 323 348 383 406
Labeled-only init 26,7 317 348 380 404
SAIB (1%) - pretraining 30.2) (34.0) (36.3) (38.7) (41.8
SAM pseudo-labels (DEARLi) (29.9) (34.6) (36.3 (39.0 (41.6)

Table 6. Validation of decoder warm-up procedures on ADE20K.

coder warm-up, even in the presence of domain shift from
the SA1B. We highlight the last section improvement as a
valuable contribution with plenty of applications.

Geometric ensembling ablation. Table 7 validates
pseudolabel generation with Py, Porip, or Pgng on
ADE20K. Here, we use DEAR with standard M2F infer-
ence in the student (w/o ensembling). We observe consis-
tent performance improvements with Pgng, which justifies
proposed mechanism of knowledge distillation from CLIP.

Method 17128 1/64 1/32 1/16 1/8
Pyt (teacher only) 183 264 325 355 392
PcLp (teacher only) 24.1 283 325 36.1 392
Pgns (Eq. 6, teacher only) (27.3) (31.5] 34.4) (38.0 (40.3

Table 7. Ablation of posterior ensembling on ADE20K (PQ).

Gains on underrepresented classes. Figure 5 compares
M2F+SSL (c¢f. Tab. 1, 6th row) with DEARLIi when trained
on ADE 1/128 and ADE 1/64 semi-supervised setups. We
group classes by pixel ratio, with 30 classes per group
from least to most frequent. Notably, 20 % of classes oc-
cupy over 80 % of labeled pixels in both setups, reflect-
ing a long-tailed distribution. We observe substantial gains
of DEARLI in underrepresented classes and smaller gains
in frequent classes. As expected, this difference decreases
in partitions containing more labeled data.

Increasing the backbone. Figure 6 validates the panop-
tic quality of DEAR and DEARLi on ADE and COCO-
Panoptic when increasing the frozen backbone size from
ConvNeXt-B to ConvNeXt-L (i.e. 88M — 197M). The
larger backbone consistently improves results. DEARLi
surpasses DEAR in all configurations. DEARLI particu-
larly excels in very low-labeled regimes, achieving perfor-
mance improvements comparable to doubling the backbone
capacity. The supplement includes exact measurements.
Validating «. Table 8§ evaluates panoptic quality of DEAR
on ADE20K as the geometric ensembling factor « varies.
We find that o = 0.6 offers the best balance across data
splits, with higher values improving performance on larger
partitions (e.g., 1/8). This aligns with expectations, as
higher « increases reliance on learned classification, which
tends to be more accurate with more labeled data.

6216

60 —

DEARLI
wws M2F+SSL (CN-B-L2B)
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Figure 5. PQ performance on ADE 1/128 (top) and ADE 1/64
(bottom) for five groups of classes ranked according to per-pixel
label incidence. DEARLI improves upon M2F+SSL in all groups,
but most significantly on underrepresented classes.

ADE20K COCO-Panoptic

44
42
40
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Figure 6. PQ performance of DEAR and DEARLIi with two dif-
ferent backbones on ADE20K (left) and COCO-Panoptic (right).

/128 1/64 1/32 1/16 1/8

(158)  (3l6)  (632) (1263) (2526)
a=05 2670 3122 3460 3688  39.66
a=06 (2767 (3227 3477 (3827 40.62
a=0.7 2435 3105 (3488 37.80 [41.42

Table 8. PQ performance of DEAR on ADE20K for varying a.

5. Conclusion

We have presented a foundation-model-powered method
for semi-supervised panoptic segmentation. Our method
assumes decoupled recognition and localization heads of
a mask transformer baseline and enhance them sepa-
rately. Recognition is enhanced by ensembling the stan-
dard mask-wide posteriors with zero-shot classification of
mask-pooled CLIP features. Localization is improved
through class-agnostic decoder warm-up towards SAM
pseudo-labels. Our panoptic models establish strong semi-
supervised baselines on ADE20K and COCO, surpass-
ing supervised counterparts trained with 4x more labeled
data. They also achieve state-of-the-art performance in
semi-supervised semantic segmentation despite optimizing
a panoptic objective, while requiring 8 x fewer GPUs.
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