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Abstract

Self-supervised visual foundation models produce power-
ful embeddings that achieve remarkable performance on a
wide range of downstream tasks. However, unlike vision-
language models such as CLIP [67], self-supervised vi-
sual features are not readily aligned with language, hin-
dering their adoption in open-vocabulary tasks. Our
method, named dino.txt, unlocks this new ability for DI-
NOv2 [63], a widely used self-supervised visual encoder.
We build upon the LiT training strategy [97], which trains
a text encoder to align with a frozen vision model but leads
to unsatisfactory results on dense tasks. We propose sev-
eral key ingredients to improve performance on both global
and dense tasks, such as concatenating the [CLS] token
with the patch average to train the alignment and curating
data using both text and image modalities. With these, we
successfully train a CLIP-like model with only a fraction of
the computational cost compared to CLIP while achieving
state-of-the-art results in zero-shot classification and open-
vocabulary semantic segmentation.

1. Introduction

The advent of modern vision foundation models trained in

a Self-Supervised Learning (SSL) fashion [5, 12, 15, 38, 63]

has resulted in robust, generic features that achieve impres-

sive performance on downstream tasks. These features are

typically used as is, plugged into a light-weight adapter

such as a linear classifier, and deliver strong results without

requiring a costly fine-tuning process. As a result, a sin-

gle strong vision backbone can be used simultaneously for

different tasks. DINOv2 [63], in particular, has been popu-

lar for its versatility. This self-supervised model, trained to

capture both the global context and local information of the

∗: work done during an internship at Meta.

image, has led to state-of-the-art performance in tasks that

require an overall understanding of the image such as classi-

fication and those that necessitate more fine-grained details

such as segmentation [51], canopy height prediction [79],

object matching [28, 64], object discovery [25] and track-

ing [82, 96]. However, self-supervised vision models do

not provide an interface with language, limiting their use

in open-vocabulary scenarios in which multi-modal mod-

els [18, 78] that come with built-in language-vision align-

ment excel. This is a notable weakness in the era of com-

plex and promptable machine learning systems. We aim

in this work to equip DINOv2 with a language interface

by aligning its feature space with language, which allows

us to leverage the strengths of this powerful self-supervised

model to tackle open-vocabulary recognition tasks.

Most advanced text-aligned vision foundation models

learn with a variation of the CLIP algorithm [67], which

trains the visual and textual encoders to align their modality

representation in a shared space by exploiting a large-scale,

often noisy, paired image-text dataset. They are typically

trained from scratch, leading to heavy computational cost.

Locked-image text tuning (LiT) [97] is a variant of CLIP

that uses a frozen pre-trained vision model as the vision en-

coder and only train the text encoder to align to the vision

encoder’s embedding space. This leads to a lower computa-

tional cost while retaining desirable properties of the vision

encoder. In this work, we argue that given readily available

strong vision encoders, we could, and should achieve bet-

ter vision-language alignment than CLIP at a much smaller

cost. To this end, we explore the application of LiT training

with DINOv2 as the vision encoder.

As shown in Table 1, 3, applying LiT on strong DINOv2

encoder is not straightforward as it leads to unsatisfying

performance on tasks that require fine-grained details such

as semantic segmentation or image-text retrieval. First, it

is not trivial to obtain good dense features from a model
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Zero-shot classification Open-vocab. segmentation (ADE20K classes, please zoom in for details)

Figure 1. Zero-shot classification and open-vocabulary segmentation results with our method dino.txt trained with only weak
image/caption annotation. We show that our training strategy leads to state-of-the-art results in zero-shot classification with a fast and

efficient training. Also, its produces high quality segmentation results on diverse images showing the quality of the image-to-text alignment.

trained with the CLIP/LiT training paradigm, which con-

trasts only global image and text representation. Second,

the domain gap between visual pre-training data and LiT

training data caused by the frozen vision encoder could po-

tentially hinder the alignment of images and their captions.

To address these issues, we introduce several improvements

to the LiT paradigm. Instead of the commonplace practice

of using the [CLS] token from the vision encoder to rep-

resent the image, we concatenate this token to the average

pool of all patch tokens in the image as the vision represen-

tation to allow aligning both the global context and the local

information of the image to its textual description. Then,

we reduce the aforementioned domain gap by adding two

learnable vision blocks on top of the frozen vision encoder,

thereby allowing vision features to adapt to the new training

data. We show the benefit of our training for zero-shot clas-

sification and open-vocabulary segmentation1 in Figure 1.

Moreover, the quality of pre-training data has been

shown to strongly influence the model’s performance [67,

93] but also the training efficiency [30]. We show that by

paying attention to the dataset curation, we can further im-

prove our training procedure. Indeed, we propose to curate

the training dataset by balancing the long-tailed distribu-

tion of image and text data. A well-balanced data distri-

bution eases the training, allowing us to reach good per-

formance with only a fraction of the computational cost.

This in turns allows us to experiment with a wider text

encoder, leading to further improvements in performance.

Finally, our study not only unlocks text alignment for DI-

NOv2 but also reveals limitations in the LiT framework

discussed in the error analysis section, pointing toward fu-

ture directions for more effective and efficient frameworks

to achieve language-aligned vision foundation models.

To summarize, the contributions of this work include:

1We follow the taxonomy in the survey [87] and use the nomenclature

‘open-vocabulary’ segmentation.

(i) a new method dino.txt, which unlocks image- and

pixel-level text-alignment for DINOv2, (ii) key ingredients

on top of existing works that allow to train such multi-modal

alignment for only a fraction of the usual compute cost, (iii)
an extensive error analysis, demonstrating the limitations

of existing segmentation benchmarks for this task and the

different error types with these models.

2. Related work
Self-supervised feature learning. Visual features from

image encoders trained in a self-supervised fashion have

been used in many machine learning systems due to

their good performance and generalizability. Multiple ap-

proaches for learning these models have been developed

in recent years. Among these, contrastive learning [62]

trains models to pull features of similar images while push-

ing those of dissimilar images. Notable methods include

MoCo [37] which employs a memory bank, BYOL [36]

which removes the need for negative pairs, SwAV [11]

which contrasts online cluster assignments, or DINO [12]

which extends SwAV to Vision Transformers [27]. In

contrast, reconstruction-based methods learn by predict-

ing hidden portions of input images such as missing pixels

(MAE [38]), patches from quantized code book (BeiT [6])

or patch features in a latent space (I-JEPA [5]). With such

an array of viable approaches, a determining factor re-

mains whether the SSL methods can improve with increas-

ing data and model sizes: scaling was explored in multiple

works [10, 33–35], with DINOv2 [63] setting the current

state of the art for this problem.

Contrastive text-image pre-training. Joulin et al. [43]

proposed to use words from image captions as targets to

train visual encoders. This core idea has been further im-

proved in CLIP [67]. The authors propose to encode the

image and the caption, and train both using a contrastive

loss. Deep encoding of captions facilitates robust general-
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ization across sentences, such as by collapsing synonyms,

thereby enhancing learning efficiency. Since the original

CLIP was trained on a private dataset, open source repro-

duction attempts have focused on collecting public large-

scale datasets (LAION [73]), leading notably to the Open-

CLIP [19] family of models. More recently, Xu et al.

[93] described a simple procedure for re-balancing image-

text web data, reproducing the performance of CLIP. The

zero-shot performance was further improved by DFN [30]

which proposes filtering the training data to match the dis-

tribution of downstream tasks. Even more refined systems

have recently been developed: EVA-CLIP [77, 78] or In-

ternVL [18], demonstrated at scales above 5 billion param-

eters and further narrowed the gap between fully-supervised

and zero-shot models on ImageNet.

Apart from data and model scaling, a few modifica-

tions to the initial training algorithm have been proposed.

SigLIP [98] considers a binary log loss instead of multino-

mial cross entropy. LLiP [48] proposes applying the CLIP

loss between the text and image register tokens [21] that

are conditioned on the text tokens. In contrast, we do not

use any improved loss function in our training, and stick

to CLIP’s original contrastive loss with a frozen image en-

coder and a learnable text encoder, following the procedure

described in locked-image text tuning (LiT [97]).

Another line of work, like LLaVa [53], explores text-

image alignment with language models. These models

take image features as input and merge them with text

tokens to generate predictions about the image in text

form. There has been a very large body of work on this

topic [4, 16, 17, 22, 50, 53, 57, 80, 99], but alignment with

generative models is beyond the scope of this work.

Automatic data curation at scale. Automatic data cura-

tion plays a crucial role in the training of foundation models

with massive-scale web-crawled datasets, which typically

reach over hundreds of millions [31, 72, 93] of data. At

this scale, manual annotation becomes infeasible, so these

datasets are often collected without supervision from the in-

ternet. Such in-the-wild data inherently exhibit a long-tailed

distribution of data categories [55] which limits a model’s

ability to efficiently learn to cover broad concepts. To ad-

dress this issue, related works on foundation models often

construct balanced training datasets by suppressing head

(frequent) concepts and boosting tail (rare) ones. For exam-

ple, CLIP’s [67] data preparation pipeline collects five hun-

dred thousand frequent words and queries each word in the

raw dataset to retrieve a balanced number of (image, cap-

tion) pairs. The unrevealed details of this pipeline are later

reproduced and formalized by MetaCLIP [93]. DFN [30]

trains a data evaluation model that assesses the “quality”

of data to sample the top samples among the raw data pool.

SemDeDup [2] prunes it by removing duplicated data points

detected with clustering. Finally, Vo et al. [84] balances

data distribution by sampling uniformly over the data sup-

port. These methods apply data curation to either images

or captions, while we balance both distributions, leading to

better performance and more efficient training.

Open-vocabulary segmentation. CLIP models can be

adapted to produce patch-level features aligned with text by

performing several forward passes on different views of the

image [3, 42, 46, 90] or producing code books [45, 74, 75]

of prototypes per concept of interest. MaskCLIP [103],

which can be applied to most vision-language models

(VLMs), adapts the model by removing the final global

pooling and applying the final projection to the value em-

bedding of the last attention layer, achieving dense features

in CLIP space. Such features can be refined with improved

attention mechanisms [8, 85], or using an SSL model as a

guide [44, 47, 91]. Such efforts are orthogonal to our work

as they can be applied to any dense CLIP-like features.

Improved patch-level alignment can be obtained by fine-

tuning or training from scratch a CLIP-like model with ded-

icated objectives using pixel-level annotations [26, 32, 49,

52, 69, 86] or coarse image/caption annotations [13, 32,

52, 54, 56, 61, 68, 94, 95, 100]. In this work, we focus on

the latter. ViewCO [71] leverages multi-view consistency

and CLIPSelf [89] uses a teacher-student learning strat-

egy to produce dense features aligned with those obtained

from crops. GroupViT [94] integrates learnable tokens that

are trained using grouping blocks, which CoCu [92] fur-

ther improves by using image retrieval on image-caption

pairs to create concept banks and use them as training data.

PACL [61] trains patch-to-text affinity with a dedicated

module, TCL [13] proposes a local contrastive objective to

align well-selected patches to the text, and CoDe [88] uses a

word-region local contrastive objective to match regions of

the image to segments of the text. Closer to us, CLIPpy [68]

fine-tunes an SSL vision backbone and pre-trained text en-

coder to produce aligned features (using the average patch),

however, at the cost of worse classification results. Concur-

rent work [76], focuses on image segmentation and trains a

text encoder to align identified concepts with frozen visual

representation using expensive text-guided pooling. In this

work, we show that it is possible to train a model with both

image- and pixel-level alignment with a simple loss.

3. Proposed approach: dino.txt
In this work, we demonstrate the simplicity and efficiency

of aligning a text encoder to a self-supervised visual founda-

tion model. We show that we can directly use the foundation

model’s embedding space to perform both zero-shot classi-

fication and open-vocabulary semantic segmentation. The

first section defines the model architecture and training ob-

jective. We then describe the data curation that establishes

our training dataset, followed by our inference protocol. An

overview of our method is shown in Figure 2.

24907



Figure 2. Overview of our method dino.txt. We first show the localization quality of the self-supervised features (left). We then

present our training strategy (middle) which consists in aligning the frozen SSL backbone to a text-encoder trained from scratch. We

additionally add a light vision block on top of the visual encoder in order to better align with the text. We train our model for just 50k

iterations and achieve SoTA results on both zero-shot classification and open-vocabulary segmentation (right).

3.1. Locked-image text alignment

Image and text encoders. For the image encoder, we use

a frozen ViT model [27], denoted φV(·), trained in a self-

supervised fashion following DINOv2 [63]. The encoder

takes as input an image I ∈ R
3×H×W and divides it into

a sequence of N patch tokens to which is prepended a

learned [CLS] token, thus giving φV(I) = [c, f1, · · · , fN ]
in R

(1+N)×D. Here, c ∈ R
D represents the [CLS]output

embedding and fp ∈ R
D denotes the output embedding for

a patch p ∈ [1, · · · , N ]. We discard any potential register

tokens [21] as they are not used.

The text encoder consists of a series of Transformer [83]

blocks and a single linear layer on top that maps features to

the image embedding size. All parameters of the text en-

coder are trained from scratch following LiT [97]. We fol-

low [67, 97] and align the output [EOS]text token with the

image embedding, therefore obtaining a global alignment

between the corresponding sentences and images.

Improved image representation for text alignment. Here

we describe our choice of image representation for the

image-text alignment. We aim to improve the global-level

text alignment used for classification and retrieval tasks,

as well as the patch-level alignment for segmentation, us-

ing a single learning objective that does not require any
pixel-level supervision. Previous works have proposed ap-

proaches designed specifically for a task: for image-level

classification, the [CLS]embedding c is the predominant

choice for text alignment [67], while for segmentation, the

final patch embeddings can be pooled [61, 68], e.g., using

max or average pooling, enforcing gradient to the patches

but unfortunately hurting classification performance [68].

Instead, we aim here to enforce both global and local align-

ment with text. To do so, we concatenate the [CLS] em-

bedding to the average-pooled patch embeddings.

We further improve the alignment to the text modality

by adding two trainable transformer blocks, noted ψ, on top

of the frozen vision backbone, which we refer to as “vi-

sion blocks” throughout the paper. We use the outputs of

the blocks ψ, which preserves the dimensionality D of the

descriptors, following:

ψ([c, f1, · · · , fN]) = [c′, f ′1, · · · , f ′N], (1)

to produce a representation for the image. Specifically, we

concatenate the updated class token c′ with the pooled patch

tokens, obtained by applying a pooling operation σ over the

patches [f ′1, · · · , f ′N] and produce the global descriptor g of

dimension R
2D :

g = [c′;σ([f ′1, · · · , f ′N])], (2)

with ‘;’ denoting the concatenation. We found that using av-

erage pooling for σ yields the best results. By propagating

the gradient through the average of patch tokens, each to-

ken can learn to contribute to the final descriptor, enabling a

more granular alignment. We discuss the importance of this

representation for dense tasks in Table 2. Interestingly, we

observe that this joint representation improves alignment

for downstream classification and segmentation tasks.

Contrastive locked-image text alignment. The image-text

alignment objective encourages the text representation to be

close to its paired image while simultaneously repelling it

from non-corresponding images. As discussed, we use the

image descriptor g as the alignment target to the text embed-

ding. With the image backbone frozen, the trainable parts

consist of the additional vision blocks and the text encoder.

We train with the contrastive learning objective [67] on a

dataset of image-caption pairs, which is automatically cu-

rated without any supervision.
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3.2. Text- and image-based data curation

CLIP-style VLM training requires good quality image-text

pairs, however many existing data curation methods to

obtain a good training set rely only on the text modal-

ity [67, 93]. Overlooking the distribution of visual concepts

in the data pool would not be problematic if there existed

a perfect alignment between image and their correspond-

ing captions, as text-based selection would also result in a

balanced representation within the visual space. However,

captions automatically collected from the Internet are often

noisy and do not exactly describe what is depicted in the

corresponding images (see Figure 4 in appendix). Ignoring

the image distribution is therefore suboptimal.

In this work, we propose to balance both caption and

image distributions by combining text and image based cu-

ration. We use [93], which balances captions using Word-

Net [58] and Wikipedia concepts, for text curation while for

image curation, we use the clustering-based method of Vo

et al. [84]. It divides the data pool into coherent clusters

from which data are sampled to form a curated dataset. As

opposed to [93], this method does not require a pre-defined

set of concepts to perform clustering, which is not trivial

to construct in the visual space. Instead, clusters are built

using hierarchical k-means; they distribute evenly over the

space and their size naturally follows a long-tailed distri-

bution. The curated dataset is then formed by sub-sampling

from the clusters to diminish the impact of head clusters and

thus balance the concepts. Finally, we take the intersection

of both curation methods results to form the final selection.

3.3. Inference

At inference, we consider a set of text queries Q which we

want to compare either with the image representation (e.g.,
for classification and retrieval tasks) or to the image pixels

for dense tasks. In both cases, each text query is encoded by

the trained text encoder as Tq = φT(q) ∈ R
2D for q ∈ Q.

In order to perform open-vocabulary zero-shot classifi-

cation and retrieval, we extract a global image descriptor g
which we compare with each of the text queries using cosine

similarity. In the case of a dense task, which requires pixel-

level features, there is no need with our model to adapt the

output specifically to the task, e.g., as done in MaskCLIP

[103]. Instead, we extract for each patch p ∈ [1, · · · , N ]
the final representation f ′p in R

D outputted by the model.

We then compare, using cosine similarity, each patch repre-

sentation with the part of the text embedding aligned during

training with the average patch. We then upsample the log-

its to fit to the image resolution. Doing so, we obtain good

quality predictions without needing any model adaptation

[103]. This is possible because the patch space benefits both

from the SSL localization quality and the alignment to the

text learned with our objective.

4. Experiments

4.1. Tasks and metrics
Zero-shot classification. We evaluate zero-shot classifi-

cation using the protocol described in CLIP on ImageNet-

1K [23] (IN1K), ImageNet-v2 [70] (IN-v2), ImageNet-

Adversarial [39] (IN-A), ObjectNet [7] (ObjNet), iNatural-

ist2021 [41] (iNat21) and Places205 [101] (PL205). At test

time, we feed the class names to the text encoder to retrieve

text vectors, and measure their cosine similarity with the

global descriptor produced by the image encoder.

Image-text retrieval. We evaluate image-text retrieval

on the standard cross-modal retrieval benchmarks:

COCO2017 [81] and Flickr30K [66]. These datasets com-

prise pairs of images and their corresponding descriptive

captions. The task involves finding the most similar image

based on a text query. We use the metric Recall@1, which

equals 1 if the nearest image matches the ground-truth pair,

and 0 otherwise.

Open-vocabulary segmentation. We evaluate the results

of dino.txt on the task of open-vocabulary segmenta-

tion on the datasets ADE20K [102](ADE), Cityscapes [20]

(City.), COCO-Stuff [9](Stuff), PASCAL Context [59]

(C59), and PASCAL VOC20 [29](VOC). We employ the

mIoU metric (mean intersection-over-union). In order to

generate pixel-level features, we use the inference proce-

dure detailed in Section 3.3 and additionally follow the

sliding window protocol of TCL [13]. If not stated other-

wise we use the final patch token embeddings produced by

our model. However, most general-purpose image-text en-

coders [30, 67, 77, 78, 98] do not apply supervisory sig-

nals on the final patch embeddings leading to poor out-

put patch quality. Therefore, we employ the well-known

MaskCLIP [103] strategy to evaluate such methods on the

segmentation task. It forwards the value embeddings in the

last attention layer (bypassing the final attention) resulting

in patch embeddings in the aligned space.

4.2. Implementation details

Training. We implement our training framework in Py-

Torch [65]. We follow the implementation of the CLIP loss

function from the OpenCLIP library [40]. We employ the

torch.compile feature of PyTorch for maximally effi-

cient training on Nvidia A100 GPUs with 80 GB VRAM.

The DINOv2 vision encoder initialized from [21] is kept

frozen, saving compute and memory and allowing larger

batch sizes compared to CLIP, which is important as shown

in Table 3. For numbers in Table 1,2 we follow the CLIP

recipe and set the batch size to 32K. In other tables we use

65K for better results. We also observe that good results

can be obtained by training for 50K iterations which corre-

sponds to 1.6 and 3.2 billion image-text pairs seen at 32K

24909



and 65K batch size respectively. We chose this setup as de-

fault and discuss more hyper-parameter in Section 4.3.

Training dataset. We apply the text and image curation

process described in Section 3.2 to an initial data pool

derived from CommonCrawl [1], consisting of 2.3 billion

image-text pairs. We sample 650 million pairs per-epoch

using our curation strategy. For the text-based curation part,

text frequencies in the data pool are precomputed offline,

and data with frequent texts are stochastically dropped fol-

lowing [93]. This process keeps 900 millions pairs per

epoch. For image-based curation, we use pre-trained DI-

NOv2 ViT-L/14 to extract embeddings for an offline 3-level

hierarchical k-means [84] with 20M, 800K and 80K cen-

troids respectively on each level. We similarly drop pairs

whose images appear in large clusters, resulting in 1.5 bil-

lion pairs per epoch. Our final training dataset for the

given epoch consists of the text-image pairs kept in both

the text- and image-based curation process, hereafter noted

as LVTD-2.3B which stands for Large Vision Text Dataset.

High-resolution inference. A typical segmentation proto-

col, popularized by TCL [13], consists of applying a sliding

window strategy and aggregating the segmentation results

in a single prediction map. We extend this strategy to a

high-resolution windowing procedure in which we sample

crops of various sizes (1%, 10%, 100% of the total area) in

a dense sliding window manner, and add noise to the coor-

dinates, such that the crops correspond to non-rectangular

quadrilaterals. We distort the crops into squares, extract

features, then project the features back onto the dense pixel

grid with interpolation, and average all contributions. We

cluster features using k-means with k=32, then run the zero-

shot classifier on the centroids. For our results using this

procedure, each pixel is visited on average 40 times, for

a total of approximately 800 crops processed by the vision

model in 10 seconds on an A100 GPU. This approach show-

cases the features at finer scales, and improving the proce-

dure is a direction for future work. We provide results in

Table 6 (last row) and visualization in Figure 3.

4.3. Ablation study of our method dino.txt

We study in this section the impact of different components

of dino.txt. In all experiments, we train models on the

text-based curated dataset obtained from LVTD-2.3B fol-

lowing Xu et al. [93] unless otherwise specified.

LiT with SSL is not obvious. In order to train a text en-

coder to align with DINOv2 features, we resort to LiT. Our

preliminary LiT experiments with DINOv2 ViT-L/14 vision

encoder and a pre-trained BERT-base [24] led us to 70.0

zero-shot accuracy on IN1K when training on CC12M [14].

For comparison, the original LiT paper reports 67.6 with

a ViT-L/16 vision encoder and pre-trained BERT-large text

encoder when training on the same dataset. We next train

our models on the larger dataset LVTD-2.3B, and present

Vision class. retrieval
Model backbone Arch. IN1K COCO

CLIP scratch ViT-L/14 73.0 38.0

LiT

MAE [38] ViT-L/14 52.3 13.6

I-JEPA [5] ViT-H/14 67.7 20.1

DINO [12] ViT-B/8 71.3 26.5

DINOv2 [63] ViT-L/14 78.8 30.2

Table 1. Comparison of trainable vision backbone (CLIP) and
frozen pre-trained SSL backbones (LiT). We produce CLIP re-

sults using exactly CLIP recipe in our setup. All models are trained

for 50K iterations.

in Table 1 a comparison between CLIP and LiT with dif-

ferent pre-trained vision encoders. We observe that among

considered vision backbones, DINOv2 leads to the best per-

formance. It enables LiT to achieve good results in classi-

fication. However, there is a drop in retrieval performance

compared to CLIP, likely due to the frozen vision encoder

not being able to adapt to new training data. These results

suggest that we need a new strategy to align a frozen back-

bone encoder to text that can generalize for different tasks,

such as our proposed dino.txt.

class. retrieval seg.
σ pooling IN1K COCO ADE

[CLS] 78.8 30.2 8.3

[avg] 74.7 32.7 13.3

[max] 70.2 25.7 18.0

[CLS max] 78.2 31.9 16.8

[CLS avg] 79.2 34.7 18.2

Table 2. Impact of the pooling operation σ used at training in

dino.txt on zero-shot performance. Results of the first row are

produced with MaskCLIP strategy, others with the output patches.

The experiment corresponds to the first row in Table 3.

Impact of the pooling operation σ at training. We eval-

uate in Table 2 the impact of the choice of the pooling oper-

ation, applied during training, to the performance on down-

stream tasks. Typically, methods have used max [68] or

average pooling [61] in order to align patch embeddings to

the text, but this hurts classification results. We observe

the same phenomenon in our experiments where max or

average pooling alone degrades classification performance.

However, when using our proposed concatenation pooling

[CLS avg], we obtain a significant boost for both clas-

sification and dense tasks, showing that there is no need to

choose between one task or the other.

Improved training recipe. We evaluate the impact of the

different components of our training in Table 3. Besides our

pool strategy, we observe that using a larger batch size also

improves results on all tasks. Interestingly, the addition of
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class. retrieval seg.
Ablation IN1K COCO ADE

Reference 78.8 30.2 8.3

+ avg-pool 79.2 34.7 18.2

+ 65K batch size 79.8 35.1 18.2

+ 1 vision block 79.8 40.8 20.5

+ 2 vision blocks 79.7 42.1 20.4

+ text-large (768 → 1280) 80.8 43.9 20.5

+ img-based curation 81.4 45.4 20.6

Table 3. Exploration of the dino.txt recipe. We start from

a ‘Reference’ configuration which consists of training LiT with a

frozen DINOv2-ViT-L/14 vision encoder and a BERT-base sized

text encoder trained from scratch; we then add modifications pro-

gressively. The first row is evaluated following MaskCLIP whilst

the next ones use the output patch tokens.

two learnable vision blocks on top of the vision encoder sig-

nificantly improves retrieval results, showing that the task

requires a better visual alignment to the text. Increasing the

size of the text embedding from 768 to 1280 also induces a

large gain on all tasks. Finally, we can observe the impor-

tance of the combined image- and text-based data curation,

which is further discussed below.

curation class. retrieval seg.
image text IN1K COCO ADE

80.3 42.9 20.0

� 80.8 43.9 20.5

� 80.9 43.7 20.4

� � 81.4 45.4 20.6
Table 4. Impact of the image- and text-based curation.

Impact of dataset curation. Table 4 decouples the im-

pact of each data curation strategy on dino.txt results.

Both text- and image-based data curation help to re-balance

the long-tailed data distribution, and boost performance.

Our proposed combination of them leads to the best per-

formance on all of the three tasks. This result highlights

the important of curating data based on both text and visual

modality for visual-language training.

4.4. Comparisons to state of the art

Zero-shot classification and retrieval. We compare

dino.txt with state-of-the-art baselines in Table 5 on

two image-level understanding tasks: zero-shot image clas-

sification and cross-modal retrieval. Our model is on par

or better than alternative CLIP-like models on classification

benchmarks, setting the state-of-the-art performance on IN-

v2, IN-A and the challenging iNaturalist datasets. It can

also be observed that the performance of dino.txt is

lower than competitors such as SigLIP [98] on text-image

retrieval tasks. This is likely due to the unsatisfactory qual-

ity of our trained text encoder, which in turn is a conse-

quence of freezing the vision encoder, as discussed later in

Section 4.5. However, we see next that dino.txt largely

outperforms SigLIP in open-vocabulary segmentation task.

Image k-means Predictions

Figure 3. High-resolution inference. Left: input image. Middle:

result of k-means clustering (k=32) on the features. Right: open-

vocabulary predictions with the ADE20K class names.

Open-vocabulary segmentation. On segmentation, our

approach greatly outperform alternatives as shown in Ta-

ble 6, and performs on par or better than specialized mod-

els, without any engineering refinement: we simply apply

the classification model on the local features. We note that,

compared to other methods, the performance trends lower

on VOC20 while being higher on other datasets, which we

attribute to a domain gap, as VOC20 frequently contains

only one close-up centered object. We ablate in the ap-

pendix the impact of using our proposed representation ver-

sus MaskCLIP. We also show the quality of our results with

our high-resolution strategy in Figure 3.

Training efficiency. We show in Figure 1 how zero-

shot classification performance on the IN1K valida-

tion set evolves as a function of training GFLOP for

dino.txt and CLIP, trained on the same LVTD-2.3B

dataset, described below. On 128 A100 GPUs, 19 hours

of training are enough to reach 81.4% on IN1K. In com-

parison, CLIP requires 110 hours to obtain 79.0%. Further-

more, restricting CLIP training to match the GFLOP budget

of our best performing model only achieves 73% accuracy,

8.4% below our model.

4.5. Further Analysis

Failure modes. We conduct an error analysis on the open-

vocabulary segmentation task, on the ADE20K dataset.

Object boundaries. We replace the k-means operation in

our inference procedure by the ground-truth masks to per-

form open-vocabulary predictions. This leads to a perfect-

boundary topline of 38.9 mIoU on ADE20K, meaning that

the remaining performance gap can be attributed to the mis-

alignment between image and text. In this case, errors in-

clude predicting “shower” where the real label is “wall”,

in a bathroom photo, suggesting the patch features take the

context into account to some extent.

Object overlaps. We observed multiple cases where over-

lapping objects are predicted but not annotated due to over-

laps. For example, in Figure 3 we can observe that the seat
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classification retrieval

Method Res. Dataset IN1K IN-v2 IN-A ObjNet iNat21 PL205 COCO Flickr

OpenCLIP [40] 224 LAION-2B 74.0 66.4 48.0 – – – 46.1 75.0

CLIP [67] 336 WIT-400M 76.6 70.9 77.5 72.3 5.7 59.2 37.1 67.3

MetaCLIP [93] 224 MetaCLIP-2.5B 79.2 72.6 72.3 75.3 10.2 61.8 45.5 76.9

EVA-02-CLIP [77] 336 Merged-2B 80.4 73.8 82.9 78.5 6.4 61.7 47.9 77.9

DFN [30] 224 DFN-2B 81.4 74.5 66.8 74.1 17.6 62.0 47.0 76.0

SigLIP [98] 256 WebLi 80.4 73.8 62.0 66.6† 14.8 58.6 51.1 79.9

SigLIP [98] 384 WebLi 82.1 75.9 76.4 74.0† 17.5 59.6 52.7 81.9
dino.txt 224 LVTD-2.3B 81.4 75.7 80.0 72.4 18.8 61.2 45.4 77.1

dino.txt 336 LVTD-2.3B 81.6 75.9 83.2 74.5 19.4 61.2 44.9 77.6

Table 5. Zero-shot classification and retrieval results with ViT-L models. † indicates that the SigLIP results on ObjectNet (authors report

77.9 and 81.0) could not be reproduced despite obtaining matching results on ImageNet-1K.

Method Base Train data. ADE City. VOC Stuff C59

Trained models specialized for segmentation
GViT [94] S/16 CC12M+RC 9.2 11.1 79.7 15.3 23.4

CoCu [92] S/16 CC12+3M+Y 12.3 22.1 51.4 15.2 23.6

CLIPpy [68] B/16 H-134M 13.5 - 52.2 - -

TCL [13] B/16 CC12+3M 14.9 23.1 77.5 19.6 30.3

CoDe [88] B/16 CC12+3M 17.7 28.9 57.7 23.9 30.5

Generalist image-text encoders
MetaCLIP [93] L/14 MCLIP-2.5B 2.5 1.7 23.3 3.9 6.5

CLIP [67] B/32 WIT-400M 5.0 8.6 34.7 9.0 14.2

DFN [30] L/14 DFN-2B 5.8 8.0 25.9 5.1 10.0

OpenCLIP [40] L/16 LAION-2B 5.9 9.8 30.0 8.3 13.1

CLIP [67] L/14 WIT-400M 6.0 11.5 24.8 7.3 10.9

SigLIP [98] L/14 WebLi 9.1 18.3 30.3 9.5 13.7

OpenCLIP [40] B/32 LAION-2B 9.9 18.1 42.9 12.7 19.0

EVA-02-CLIP [77] L/14 Merged-2B 10.9 14.1 49.8 11.5 16.7

OpenCLIP [40] B/16 LAION-2B 12.7 20.2 45.4 16.4 24.2

dino.txt L/14 LVTD-2.3B 20.6 32.1 62.1 20.9 30.9
HR(dino.txt) L/14 LVTD-2.3B 25.1 41.0 67.6 24.1 36.7

Table 6. Open-vocabulary segmentation performance in mIoU

(%). All ‘generalist image-text encoders’ methods are evaluated

using MaskCLIP defined in Section 4.1. We put in gray methods

specialized for segmentation and bold the sections separately. For

reference, we also produce results with our high-resolution infer-

ence procedure (noted ‘HR’ and in italic).

of the motorbike is predicted separately, while in usual an-

notations the whole motorbike is labeled as a single entity.

This decreases the benchmark score for this class of models,

solely due to the dataset collection procedure.

Class names. We observe during evaluation that some class

names do not always correspond best to their meaning in ev-

eryday language as found in captions for image-text paired

data. For example, the building class of ADE20K almost

systematically corresponds to a facade; the class name “per-

son” is rarely used in captions, while “people” is more fre-

quent. Similarly, the “vegetation” class name in CityScapes

is problematic. To account for these discrepancies, we

search for the optimal class names on ADE20K by averag-

ing the token embeddings for the ground-truth masks, and

using the closest word in the embedding space. We obtain

a new list of class names, that we present in appendix. This

procedure can add +2.1 mIoU on ADE20K which shows

that the dataset class names, chosen arbitrarily at collection

time, have a strong impact on the result.

This suggests that existing datasets are not well-suited

to evaluate open-vocabulary semantic segmentation: first

because classes naturally overlap (windows are often in-

cluded in buildings), second because the class names are

not aligned with their use in common natural language.

Quality of the text encoder. We analyze the quality of

our trained text encoder by evaluating it on text classifi-

cation, clustering, reranking, and pair classification tasks

in the text embedding benchmark suite MTEB [60]. Our

text encoder is outperformed by CLIP’s text encoder by

a margin of 4.2% on average on these tasks. Moreover,

when comparing dino.txt with and without two learn-

able blocks on top of the vision encoder, we observe that

removing the blocks further decreases the performance by

3.2% on average. These results show that freezing the vi-

sion encoder might hurt the text encoder and lead to lower

performance on tasks such as image-text retrieval. They

also suggest that we need to find a better trade-off between

exploiting the quality of frozen vision encoder and allowing

it to adapt to new data domain, left for future work.

5. Conclusion
We presented dino.txt, an algorithm for aligning a

text encoder to a frozen self-supervised vision model (DI-

NOv2 [21, 63]), unlocking open-vocabulary abilities. The

approach leverages an unsupervised data curation tech-

nique, that allows to reduce the training data size, lead-

ing to fast training and strong zero-shot classification per-

formance. Using a simple trick, our text encoder is

aligned to patch-level features, providing precise dense

open-vocabulary segmentation capabilities. Our evalua-

tions suggest that classic semantic segmentation bench-

marks are not well-suited for an open-vocabulary setup, as

they do not allow for finer granularity in predictions.
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24913
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