CLIP-DINOiser: Teaching CLIP a few DINO tricks
for open-vocabulary semantic segmentation
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Abstract. The popular CLIP model displays impressive zero-shot ca-
pabilities thanks to its seamless interaction with arbitrary text prompts.
However, its lack of spatial awareness makes it unsuitable for dense com-
puter vision tasks, e.g., semantic segmentation, without an additional
fine-tuning step that often uses annotations and can potentially sup-
press its original open-vocabulary properties. Meanwhile, self-supervised
representation methods have demonstrated good localization properties
without human-made annotations nor explicit supervision. In this work,
we take the best of both worlds and propose an open-vocabulary semantic
segmentation method, which does not require any annotations. We pro-
pose to locally improve dense MaskCLIP features, which are computed
with a simple modification of CLIP’s last pooling layer, by integrating lo-
calization priors extracted from self-supervised features. By doing so, we
greatly improve the performance of MaskCLIP and produce smooth out-
puts. Moreover, we show that the used self-supervised feature properties
can directly be learnt from CLIP features. Our method CLIP-DINOiser
needs only a single forward pass of CLIP and two light convolutional
layers at inference, no extra supervision nor extra memory and reaches
state-of-the-art results on challenging and fine-grained benchmarks such
as COCO, Pascal Context, Cityscapes and ADE20k. The code to re-
produce our results is available at https://github.com/wysoczanska/
clip_dinoiser.

Keywords: open-vocabulary semantic segmentation - self-supervised fea-
tures - annotation-free segmentation

1 Introduction

Semantic segmentation is a key visual perception task for many real-world sys-
tems, e.g., self-driving cars, and industrial robots. Typically tackled in a dataset-
oriented manner, best methods require a training dataset which is manually
annotated for a specific and finite set of classes. The advent of powerful Vision-
Language Models (VLM) [241/43//63] is stimulating a shift from a closed-vocabulary
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Fig. 1: Examples of open-vocabulary semantic segmentation results obtained
with our method CLIP-DINOiser on ‘in-the-wild’ images vs. those of MaskCLIP .
Our method improves MaskCLIP features with a smart pooling strategy which does
not alter the original open-vocabulary properties. We use self-supervised DINO as
a guide to teach CLIP to produce DINO-like localization features through two
light convolutional layers. Our method, which achieves state-of-the-art results, only
requires a single forward pass through CLIP model and our two layers. In addition
to the correct prompts (light grey row) we list the irrelevant prompts predicted (in
yellow) that we query in all images shown here.

paradigm to an open-world one. Such models are trained with a simple but scal-
able objective: to align pairs of image and coarse text captions that can be
obtained in large amounts with limited manual supervision. VLMs excel at as-
sociating global image content with arbitrary text inputs with remarkable gen-
eralization capabilities [17,[34], but struggle to provide dense open-vocabulary
features . Obtaining such an alignment between pixels and language can
lead to open-vocabulary extensions for multiple other modalities, such as point
clouds , 3D scenes [54], 3D shapes , radiance fields [27], inter-
modality alignment [19,[23], with multiple potential applications for which the
construction of training datasets is even more challenging and where CLIP-
derived models show promising results.

Different strategies have been recently proposed towards improving CLIP’s
patch-level feature extraction abilities by modifying the original CLIP archi-
tecture for dense pooling and retraining [6}/37,44,/61,/62] or finetuning on an
annotated segmentation dataset with pre-defined classes [32,67]. The former
requires long training and/or large collections of annotated data, while the
latter leads to an alteration of the vision-language associations of the CLIP
features. An alternative line of approaches freezes the CLIP encoder and di-
rectly densifies its features with different heuristics, often with multiple forward

passes [1,[23,[27,[49,[50,/59], but are less practical due to the extensive computa-
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tional overhead. MaskCLIP [67] arises as a computationally efficient dense CLIP
extractor. It converts CLIP’s global self-attention layer into a convolutional one
to produce patch features with original vision-language qualities. If such fea-
tures are local, they appear to be too noisy for high-quality segmentation mask
extraction (see Fig. 2b| middle column).

Meanwhile, recent self-supervised learning (SSL) approaches [4}/5,9,/68] pro-
duce strong visual representations displaying object localization properties, and
such without requiring any manual annotation. DINO [5] stands out with its
semantically meaningful features which have been exploited for unsupervised
object discovery [51}/52,56},[57]. DINO features prove useful also for zero-shot
semantic segmentation [25}[27,/59], but require expensive sliding window sam-
pling [27,59] or building concept-specific prototypes and ensemble strategies |25].

In this work, we aim for unaltered patch-level CLIP features with mini-
mal runtime overhead. To this end, we re-examine the localization properties
of MaskCLIP features and observe that it is possible to easily refine them with
guidance from SSL models. In detail, we train a simple convolutional layer on
unlabeled data to produce pooling weights to perform correlation-guided dense
feature pooling from CLIP without distorting the vision-language alignment.
This layer is optimized to mimic the patch correlations of DINO [5] that indicate
likely layouts of visual concepts in the images. Furthermore, we show that the
unsupervised objectness information given by FOUND [52] from DINO features
can be also directly learned from CLIP features again in a fully-unsupervised
fashion with a single convolutional layer and helps improve the segmentation
of the ill-defined ‘background’ prompt. With CLIP-DINOiser, we obtain high-
quality masks in a single forward pass on CLIP (see Fig. . CLIP-DINOiser is
amenable to producing dense semantic maps.

To summarize, our contributions are: (1) We propose a light pooling mech-
anism to refine MaskCLIP features by leveraging guidance from SSL features
without degrading its original open-vocabulary properties. CLIP-DINOiser does
not require any annotations, nor retraining CLIP from scratch, but only a sin-
gle CLIP forward pass. (2) We show that CLIP already contains good localiza-
tion properties which can be exploited. We leverage simple convolutional layers
to emphasize visual concept layouts from dense CLIP features. We train them
without any annotation on only 1k of raw images randomly sampled in Ima-
geNet |13]. We believe that this finding could be further exploited in different
contexts. (3) Our method achieves state-of-the-art results on complex semantic
segmentation datasets such as COCO |3|, Pascal Context [16], Cityscapes [11]
and ADE20K [66].

2 Related Work

Zero-shot semantic segmentation. This task has been typically approached by
methods which aim at generalizing from seen classes to unseen ones [2}/20,[21]
26},30},/40L[60L/64]. Such strategies train models with full supervision on the set of
seen classes and propose different solutions to extend them to unseen ones with-
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out new images (labeled or unlabeled), e.g., by exploiting class information and
relationships encapsulated in popular word embeddings [35,42]. While they pro-
duce ne segmentations without computational overhead, these methods require
pixel-level annotations for the seen classes.

From CLIP to open-vocabulary segmentation. The surge of VLMs with aligned
image-language representations [22, 24, 43] brought back into the spotlight the
zero-shot classi cation task. However, the extension to zero-shot segmentation
is not obvious as the CLIP architecture is not equipped to yield dense vision-
language features [18,67]. To produce dense CLIP features, several approaches
ne-tune or train from scratch pixel-aligned CLIP-like models with additional
modules, mechanisms or supervision objectives [6,37,44,61,62] on datasets with
annotations of varying granularity and quality: dense annotations [29,31], class-
agnostic object masks [14, 18, 45], coarse captions [6, 18,31 33,37,44,61, 62, 65]
or pseudo-labels [67]. Recent works leverage image-level captions to align text to
regions (obtained without supervision): PACL [37] trains an embedder module

to learn patch-to-text a nity, TCL [6] proposes a local contrastive objective to
align well-selected patches to the text and ViewCO [46] leverages multi-view
consistency. On the downside, such models require long training on millions of
images or speci c types of very costly annotations. Also, ne-tuning CLIP with

a de ned vocabulary is more computationally appealing [29, 31, 67], but alters
the open-vocabulary properties of the features [23].

Most related to us is a line of works that investigate how to directly densify
CLIP features [1,23,27,59,67] to obtain per-patch CLIP features. Such densi-
cation can be performed by aggregating features from multiple views [1, 27]
or from sliding windows [23, 59] at the extra-cost of multiple forward passes.
MaskCLIP [67] drops the global pooling layer of CLIP and matches the pro-
jected features directly to text via a 1 1 convolution layer. By doing so they
achieve dense predictions, however noisy.

With a concept-driven perspective, some methods [25,49,50] build codebooks
of visual prototypes per concept, including negative prototypes [25], and then
perform co-segmentation [49]. While such an approach yields good results, it
is however at the cost of building expensiveclass-speci ¢ prototypes therefore
diverging from open-vocabulary scenarios. Instead, we aim to remaimpen to
avoid retraining a model or building new expensive prototypes whenever a new
concept is considered. To that end, we devise a dense CLIP-feature extraction
method that preserves the open-vocabulary quality.

Leveraging self-supervised models & CLIPRecent self-supervised ViTs [4,5,9,12,
68] have demonstrated features with good localization properties [51,52,56,57].
Such features have also been exploited in the context of open-vocabulary seg-
mentation methods, e.g. for pre-training for the visual backbone [7,44,62], co-
segmentation [49], clustering patches into masks [47], representing object proto-
types [25]. Related to us is the recent CLIP-DIY [59] which computes patch-level
representations from CLIP features from dierent image crops with guidance
from an unsupervised saliency segmenter [52] FOUND. While we also leverage
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the latter, in contrast with CLIP-DIY which runs multiple forward passes to
build their dense CLIP features, our method requires only asingle forward pass
of CLIP. Furthermore, our method mitigates the limits of FOUND in cluttered
scenarios by integrating an uncertainty constraint. Finally, we leverage the infor-
mative patch correlation properties of DINO [5] and show that it is possible to
teach CLIP to produce DINO-like features through light convolutional layers.

3 Method

We present in this section CLIP-DINOiser, a simple and e cient strategy to
improve MaskCLIP using localization information extracted from CLIP with

a lightweight model trained to mimic some of DINO's properties. We rst set
the goal in Sec. 3.1 and present MaskCLIP [67] in Sec. 3.2. We then introduce
our strategy which leverages self-supervised features localization information to
consolidate MaskCLIP features in Sec. 3.3 and discuss how such localization
information can directly be learnt from CLIP in Sec. 3.4 (we visualize both
steps in Fig. 3). We also propose a way to improve the “background' lItering in
Sec. 3.5.

3.1 Problem statement

In this work, we aim to produce open-vocabulary semantic segmentation of an
image. We consider an imageX 2 RH W 2 which we split into a sequence oN
patches of dimension®® P 3with P P the patch size andN = d-e d¥e
A class token, notedCLS is added to the input sequence and we feed thil +1
patches to a ViT [15] model. We aim at producing dense visual feature$ 2
RN d with d the feature dimension, that can later be matched toany set of
text inputs embedded in the same space. In particular, the goal is to produce a
segmentation map per textual query.

3.2 Preliminaries on MaskCLIP

Extracting dense open-vocabulary featuresThe popular CLIP [22] model pre-
trained on image/caption pairs produces goodglobal image features, but was
not trained to generate high-quality 2D feature maps. In order to extract such
dense feature maps relevant to semantic segmentation, Zhou et al. [67] revisit
the global attention pooling layer of the last attention layer of the model. The
authors discard the query and key embeddings of the layer and transform both
the value projection and the last linear layer into a conv1 1 layer. With this new
model, named MaskCLIP and denoted (), we extract d-dimensional features

L(X)2 RN 9 from the last layer L which retains most of the open-vocabulary
properties of CLIP [67].

1 We adopt the taxonomy de ned in the recent survey [58] and de ne our method as
“open-vocabulary', with capabilities to generalize to unseen datasets.
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