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Abstract

Mid-level vision capabilities — such as generic ob-
ject localization and 3D geometric understanding — are
not only fundamental to human vision but are also cru-
cial for many real-world applications of computer vision.
These abilities emerge with minimal supervision during
the early stages of human visual development. Despite
their significance, current self-supervised learning (SSL)
approaches are primarily designed and evaluated for high-
level recognition tasks, leaving their mid-level vision capa-
bilities largely unexamined.

In this study, we introduce a suite of benchmark proto-
cols to systematically assess mid-level vision capabilities
and present a comprehensive, controlled evaluation of 22
prominent SSL models across 8 mid-level vision tasks. Our
experiments reveal a weak correlation between mid-level
and high-level task performance. We also identify several
SSL methods with highly imbalanced performance across
mid-level and high-level capabilities, as well as some that
excel in both. Additionally, we investigate key factors con-
tributing to mid-level vision performance, such as pretrain-
ing objectives and network architectures. Our study pro-
vides a holistic and timely view of what SSL models have
learned, complementing existing research that primarily fo-
cuses on high-level vision tasks. We hope our findings guide
future SSL research to benchmark models not only on high-
level vision tasks but on mid-level as well.

1. Introduction
Mid-level vision capabilities [41] (Fig. 1a) play a vital role
in human visual development and daily life activities. By
the age of one, children can re-organize retinal images
into objects (i.e., perceptual grouping), construct the vi-
sual world in three dimensions (i.e., 3D geometric under-
standing), track moving objects (i.e., cross-view correspon-
dence), grasp and bite these objects without knowing their
semantics, and purposefully navigate through the 3D world.
Importantly, such mid-level perception is developed without
supervision [32].

On the other hand, self-supervised learning (SSL) in
computer vision has made significant strides [5–8, 25, 42,
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Figure 1. Mid-Level Vision vs. High-Level Vision Tasks. We
provide a comprehensive evaluation of prominent self-supervised
learning methods (SSLs) across a wide range of mid-level vision
tasks (a), complementing the standard evaluation in high-level vi-
sion tasks (b). Although SSL performance in mid-level vision
tasks (e.g., depth estimation) is positively correlated with Ima-
geNet linear probing, this correlation is much weaker than that
observed among high-level vision tasks, as shown in (c) by the R2

statistics.

45, 46, 66, 71]. The goal of SSL is to learn visual rep-
resentations from unlabeled data so that these pretrained
representations can be applied to a wide range of down-
stream tasks, reducing the need for human annotations and
enhancing learning efficiency and performance. However,
SSL is predominantly evaluated based on performance in
high-level visual recognition tasks, such as image classifica-
tion, object detection, and semantic segmentation (Fig. 1b).
At the same time, the mid-level vision capabilities of SSL
models are largely under-explored. To fill this gap, this pa-
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per addresses the following questions:
• Does strong high-level vision performance of SSLs indi-

cate strong mid-level vision capabilities?
• What makes an SSL model effective for mid-level vision

tasks?
To answer these questions, we comprehensively eval-

uate SSLs in a wide range of mid-level vision tasks, in-
cluding generic object segmentation, monocular depth and
surface normal estimation, geometric correspondence, and
mid-level image similarity (Fig. 1a and Tab. 2). We then re-
late the mid-level vision performance of these SSLs to their
high-level vision performance. Our evaluations covers 22
seminar SSL approaches (Tab. 1) from diverse categories
developed in the past decades (e.g. pretext tasks [25, 45],
contrastive learning [6, 7, 9, 27, 66], self-distillation [5], and
generative modeling [30, 62]). To make a controlled study
and fair comparisons across different SSLs, our study pri-
marily focuses on SSLs with publicly available checkpoints
pretrained on ImageNet1K [12]. This allows us to gain in-
sights into what factors may contribute to the mid-level vi-
sion capabilities in SSL (e.g., training objectives, network
architectures, etc.).

Our observations are as follows:
• The mid-level vision capabilities of SSLs are positively

correlated with high-level vision. However, that correla-
tion is generally weaker than that among high-level vision
tasks (Fig. 1c and Fig. 2).

• Some SSLs have highly imbalanced mid-level and high-
level vision capabilities. For instance, MAE [31] under-
performs most SSLs in the mid-level vision tasks while
having competitive high-level vision performance; Mask-
Feat [62] has better mid-level performance than most
SSLs with similar high-level vision (Fig. 5).

• Network architectures, model capacity, and pretraining
strategies impact mid-level vision capabilities. In gen-
eral, ViT [14] outperforms ResNet [28]; Increasing the
network capacity is beneficial (Tab. 3); The leading meth-
ods are generally based on generative modeling (Fig. 5).
Our study is built upon Probe3D [17], a recent work

that evaluates the 3D awareness of visual models. In this
work, we explore a broader range of mid-level vision tasks.
Furthermore, our study primarily focuses on SSLs pre-
trained exclusively on ImageNet1K, while Probe3D probes
visual foundation models that are trained from very diverse
training configurations such as varying supervision signals
(e.g. CLIP [50]) and dataset sizes. Our controlled settings
allow us to gain insights into the factors contributing to
model performance. Our exploration is also closely re-
lated to prior works that benchmark SSLs in various vi-
sion tasks [18, 26, 44, 55], such as out-of-domain classi-
fication [40] and fine-grained recognition [54, 57]. Unlike
these works, our evaluation includes more recent SSLs, pro-
viding a timely study on this topic.

In summary, our study offers a comprehensive view
of the representations learned by SSL models. We hope
these findings inspire practical approaches that perform
well across both mid-level and high-level vision tasks. We
will release our benchmark suite to support future SSL
benchmarking in the research community.

2. Related Work
Self-Supervised Learning (SSL). The goal of self-
supervised learning (SSL) in computer vision is to pre-
train image representations using unlabeled data, enabling
these representations to be transferred effectively to various
downstream tasks. Early SSL methods leveraged a range
of pretext tasks, such as colorization [70], rotation predic-
tion [25], jigsaw puzzle solving [45], and inpainting [47].
Recent advances have focused on contrastive learning [6, 7,
27, 29, 66, 69] and generative modeling [13, 31, 37, 48, 62].
Despite extensive research, SSL performance is primarily
evaluated on high-level vision tasks (e.g., ImageNet clas-
sification, object detection), overlooking the practical rele-
vance of mid-level vision tasks. In this work, we focus on
evaluating SSL methods on mid-level vision tasks.

Self-Supervised Pretraining for 3D Vision. Unlike most
SSL methods focusing on 2D visual recognition tasks, a
few recent works explore SSLs for 3D vision. For example,
CroCo [63] adopts masked image modeling to learn 3D rep-
resentations from image pairs showing the same scene from
different viewpoints. Despite the improvement in down-
stream 3D vision tasks, CroCo compromises high-level
recognition performance. As a followup, CroCo-v2 [64]
extends the training data of CroCo to a large dataset of
natural images and demonstrates improved performance in
downstream optical flow and stereo vision tasks. However,
learning representations for 3D vision tasks remains under-
explored.

Benchmarking Self-Supervised Learning. Numerous
studies underscore the growing importance of empirically
evaluating general-purpose representation learning. For ex-
ample, Goyal et al. [26] provide extensive benchmarking
of SSLs across multiple downstream tasks, including clas-
sification, navigation, object detection, and surface normal
estimation. Newell et al. [44] examine the effectiveness of
SSLs under various configurations (e.g., annotation quanti-
ties) in downstream tasks such as pose estimation and depth
estimation. Ericsson et al. [18] evaluate 13 SSLs across
40 downstream vision tasks, demonstrating a weak corre-
lation between SSL performance on ImageNet classifica-
tion and tasks like few-shot learning, object detection, and
dense prediction. More recently, Marks et al. [40] stud-
ied how classification-based SSL evaluation protocols cor-
relate with and predict downstream performance on out-of-
domain datasets. In line with these works, we comprehen-
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sively evaluate existing SSLs across various downstream
tasks. We focus on mid-level vision performance and how
it relates to high-level vision.

Benchmarking Visual Foundation Models. More re-
cently, several studies have evaluated large visual foun-
dation models (VFMs) that are not exclusively trained by
self-supervised learning methods (e.g., CLIP [50]). For
example, Probe3D [17] examines the 3D awareness of
VFMs [5, 34], while Cambrian-1 [55] utilizes large lan-
guage models (LLMs) and visual instruction tuning to as-
sess visual representations across various 2D and 3D vision
tasks. Since VFMs are typically trained with diverse ap-
proaches (e.g., different supervision signals, datasets, and
architectures), isolating the factors contributing to the per-
formance of the representations they learn is challenging. In
contrast, we conduct a controlled evaluation of SSL mod-
els that provide publicly available checkpoints pretrained
on ImageNet1K. This approach enables fair comparisons
across SSLs and offers deeper insights into their method-
ologies.

3. Background: Vision Task Taxonomy

There exist numerous computer vision tasks [68] which can
be categorized from different perspectives. We briefly in-
troduce two popular frameworks in this section:

• Bottom-up Hierarchical Vision. David Marr [41] pro-
poses to break up the vision system into low-level, mid-
level, and high-level stages. Low-level vision tasks aim
to extract edges, contours, and blobs from raw pixels,
while high-level vision concerns the semantics, function-
ality, and holistic 3D shape of objects. Mid-level vision,
lying in-between the low-level and high-level vision, ad-
dresses the view-centric geometric properties of surfaces
(e.g., depth and surface normal), generic object segmen-
tation and localization without semantics, cross-view im-
age correspondences, and so on. This framework favors a
feed-forward and bottom-up vision process.

• Three R’s of Vision. Malik et al. [39] categorize vision
tasks into recognition, reconstruction, and reorganization.
Recognition refers to the task of assigning semantic cate-
gories to images. Reconstruction concerns the estimation
of 3D structures. Reorganization addresses the grouping
and segmentation of images on spatial or perceptual sim-
ilarity. Instead of a bottom-up process, 3R’s emphasizes
the mutual benefits and relationship across these three vi-
sual capabilities.

Both frameworks highlight the importance of the non-
semantic vision tasks — mid-level vision in Marr’s frame-
work, reconstruction and reorganization in 3R’s. We adopt
the term “mid-level” for the convenience of differentiating

from high-level recognition tasks. However, the underlying
vision mechanism remains under debate.

4. Experimental Setup

In this section, we first introduce the SSLs considered in this
work (Tab. 1) and our generic evaluation protocols for prob-
ing these SSLs. We then present the mid-level vision tasks
in detail, including their definitions, datasets, and evaluation
approaches (Sec. 4.1- 4.3 and Tab. 2).

Our probing approaches are largely inspired by
Probe3D [17], the recent work that evaluates the 3D aware-
ness of visual foundation models (VFMs). The VFMs
are usually trained under distinct settings (e.g. supervision
signals, dataset sizes, network architectures and capacity),
while we aim at probing self-supervised visual models that
are trained with similar configurations. Therefore, our work
provides a complementary study, specifically a more con-
trolled setting, compared to Probe3D [17].

Self-Supervised Models. Tab. 1 presents an overview of
the SSL models considered in our study. We primarily fo-
cus on SSLs that have publicly available checkpoints pre-
trained on ImageNet1K [12], with standard neural network
architectures (e.g. ResNet50 [28] or Vision Transformers
(ViT) [14]) as the image feature extractor. These SSLs
cover a wide range of pretraining strategies, including clus-
tering, contrastive learning, generative modeling, or a mix-
ture of different training objectives. Targeting a comprehen-
sive benchmark, we track the SSL literature back to clas-
sic methods that learn image representations from pre-text
tasks such as Jigsaw [45] and RotNet [25]. Our selection
of SSLs is inspired by Marks et al. [40], which provides a
detailed study of the evaluation protocols of SSLs.

Generic Evaluation Protocols. Many mid-level vision
tasks can be formulated as dense prediction (e.g., depth es-
timation). Unlike image classification, dense prediction re-
quires local pixel or patch representations as input, and the
main design choice is to decide which network layers (e.g.,
ResNet layers or ViT blocks) to extract the dense features
from. Following Probe3D, we use the DPT decoder [52], a
non-linear dense multi-scale network. For ResNet [28], we
use the outputs of the last four ResNet blocks as the input to
the DPT head, following the architecture of the feature pyra-
mid network [36]; For ViT [14], following Probe3D, the
network is split into four blocks evenly, and the features are
extracted after each block — for ViT-B, we extract features
after layers 3, 6, 9, and 12. Like Probe3D, we probe the
frozen representations to evaluate the capabilities of learned
representations instead of their transferability. We provide
task-specific evaluation protocols in the following sections
and hyperparameter settings in the supplementary material.
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ID SSL Architecture Category

1 Jigsaw [45] ResNet50 Pre-text
2 RotNet [25] ResNet50 Pre-text
3 NPID [66] ResNet50 Contrastive
4 NPID++ [42] ResNet50 Contrastive
5 PIRL [42] ResNet50 Contrastive
6 ClusterFit [67] ResNet50 Clustering
7 SwAV [4] ResNet50 Clustering
8 SeLa-v2 [4] ResNet50 Clustering
9 DeepCluster-v2 [4] ResNet50 Clustering

10 SimCLR [6] ResNet50 Contrastive
11 MoCo-v2 [8] ResNet50 Contrastive
12 SimSiam [7] ResNet50 Contrastive
13 DenseCL [58] ResNet50 Contrastive
14 BYOL [27] ResNet50 Contrastive
15 Barlow Twins [69] ResNet50 Contrastive
16 MoCo-v3 [9] ResNet50 Contrastive
17 DINO [5] ResNet50 Self-distillation

18 MoCo-v3 [9] ViT-B/16 Contrastive
19 DINO [5] ViT-B/16 Self-distillation
20 MAE [31] ViT-B/16 Generative
21 iBOT [71] ViT-B/16 Mixture
22 MaskFeat [62] ViT-B/16 Generative

Table 1. Evaluated Self-Supervised Learning Methods (SSLs).
We provide a comprehensive evaluation of SSLs that provide
publicly available checkpoints trained from the ImageNet1K
dataset [12]. We categorize SSLs based on their training objec-
tives and network backbones. Mixture denotes the combination of
different SSLs (e.g., iBOT [71]). The SSLs are listed in order of
their publication year.

4.1. Generic Object Segmentation

Generic object segmentation (or figure-ground segmenta-
tion) refers to the task of separating objects (figure) from the
surrounding background without any semantics. This mid-
level vision task is different from semantic segmentation
(i.e., assigning each pixel to a semantic category) which is
commonly used for evaluating the high-level visual capabil-
ities of SSLs.

We use the VOC07 and VOC12 datasets [19, 20] as our
benchmarks, following prior research on unsupervised ob-
ject segmentation [56, 59, 61]. Given a pretrained fea-
ture extractor, we freeze the backbone and train a DPT de-
coder [51] with a simple binary cross-entropy loss (BCE).
We use standard segmentation metrics (e.g., mean IoU) to
measure the performance of SSLs in this task.

4.2. Monocular Surface Reconstruction

We evaluate SSLs in two tasks related to monocular 2.5D
surface reconstruction: depth and surface normal estima-
tion from Probe3D [17]. Even though these two tasks are
closely related, they rely on different visual cues and cap-

ture distinct geometric properties.
We evaluate depth estimation and surface normal predic-

tion at both scene and object levels. For scene-level perfor-
mance, we employ the NYUv2 dataset [43], a widely used
benchmark for indoor environments. Object-level depth is
assessed using the NAVI dataset [33], which provides di-
verse object instances across scenes and orientations.

We present the task-specific configurations as follows.

Monocular Depth Estimation The task aims at predict-
ing pixel-wise depth from monocular images. We adopt the
formulation of binned depth estimation from AdaBins [21],
instead of the classical regression approaches [15]. We es-
timate the scale-invariant depth for object-centric images
(e.g., NAVI) while predict metric depths on scene-centric
datasets (e.g., NYUv2). We report root-mean-squared error
(RMSE) and recall at various threshold ratios.

Surface Normal Estimation. This task is to predict per-
pixel surface direction. We train the DPT head with the
uncertainty-aware angular loss [2]. As for depth estimation,
we report RMSE and percentage recall at various angular
thresholds.

4.3. Multiview Correspondence
In this section, we consider the tasks of estimating cor-
respondences across multiple views that involve mid-level
variations, such as changes in camera perspective and object
motion. These mid-level variations differ from low-level
variations in image properties (e.g., color and texture) and
high-level variations in semantic attributes (e.g., object cat-
egories). Specifically, we probe SSLs in two tasks: geomet-
ric correspondence and mid-level image similarity. Follow-
ing Probe3D [17], we extract image or pixel representations
from pretrained SSLs model without additional training.

Geometric Correspondence This task aims to build pixel
correspondences across two views that depict the same 3D
scene. Our evaluation follows Probe3D [17]. Specifically,
we estimate the pixel correspondences using the dense fea-
ture maps extracted from pretrained SSL models. We use
the Paired ScanNet [10] to evaluate scene-centric images
and the NAVI dataset [33] for object-centric images. We
sample views with a maximum rotation of 120 degrees to
ensure that a mutually visible surface exists without a large
viewpoint change. We report the correspondence recall —
the percentage of correspondence that falls within some de-
fined distance.

Mid-Level Image Similarity The task aims at measuring
the similarity of two images with mid-level variations (e.g.,
viewpoint). We evaluate the SSLs on the NIGHTS dataset
collected by DreamSim [23]. Specifically, for each triplets
(x, x̃0, x̃1) from the NIGHTS dataset, we predict whether
x̃0 or x̃1 is more similar to the reference image x. We
denote a distance between two images as D(x, x̃; fθ) =
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Hierarchy Tasks Type Benchmarks Losses Metrics

High-level
Image Classification 2D ImageNet1K [53] CE Accuracy
Object Detection 2D VOC07 [19], COCO [35] CE+L2 AP
Semantic Segmentation 2D COCO [35] CE mIOU

Mid-level

Generic Object Segmentation 2D VOC07 [19], VOC12 [20] BCE F1, mIoU, Acc
Depth Prediction 3D NAVI [33], NYU [43] AdaBin RMSE, ϵ1, ϵ2, ϵ3
Surface Normal Estimation 3D NAVI [33], NYU [43] Angular RMSE, ϵ1, ϵ2, ϵ3
Geometric Correspondence 3D NAVI [33], ScanNet [11] Training-free 2D, 3D Recall
Mid-level Image Similarity 2D NIGHTS [24] Training-free Retrieval Score (F1-Score)

Table 2. Probing Tasks. In comparison with the standard SSL evaluation protocols that primarily focus on high-level vision tasks (top),
we provide a comprehensive, systematic, and controlled evaluation of SSL in mid-level vision tasks (bottom). Our evaluations cover 2D
and 3D vision with a wide range of benchmarks. The ϵ1, ϵ2 and ϵ3 in depth and surface normal estimation represents recall at different
threshold rations [16, 22]. Detailed descriptions of each metric can be found in the supplementary.
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Figure 2. Mid-Level Vision v.s. ImageNet Linear Probing. We report the performance of self-supervised learning methods on mid-level
vision tasks (y-axis) against their ImageNet 1K linear classification accuracy. Metrics are detailed in Tab. 2. Linear regression shows
correlation with R2 in each plot’s top-left corner, and the red shaded area marks the 95% confidence interval.

1 − cos
(
fθ(x), fθ(x̃)

)
where fθ is the image representa-

tions from pretrained SSLs. For ViT, we use the CLS tokens
taken from the last layer; For ResNet, we use the global im-
age representation in the output layer. The model’s vote is
calculated as follows: if d1 < d0, then ŷ = 1; otherwise,
if d0 < d1, then ŷ = 0, where d0 = D(x, x̃0; fθ) and
d1 = D(x, x̃1; fθ). We use voting accuracy as our evalua-
tion metric.

5. Analysis
5.1. Does strong high-level performance imply

strong mid-level performance?
Yes, to some extent. As ImageNet (IN1k) probing results
improve, we generally observe a corresponding enhance-

ment in mid-level vision tasks, as depicted in Fig. 2. This
positive trend indicates that SSL models capable of high-
level visual recognition tend to provide better representa-
tions for mid-level vision tasks as well, benefiting tasks that
leverage spatial and structural information.

Some mid-level tasks are highly correlated with high-
level. A per-task closer examination, however, reveals nu-
ances in this relationship. For example, generic object
segmentation shows the highest correlation with high-level
tasks, achieving a coefficient of determination (R2 = 0.70).
This suggests that high-level features indeed capture spa-
tial structures that enhance segmentation accuracy. Mid-
level and high-level vision also correlate highly in the task
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Figure 3. Cross-task performance correlation. We present Pear-
son coefficients across mid-level and high-level vision tasks. We
use the same set of metrics we used in Fig. 2.

of mid-level image similarity. This indicates that the high-
level image representations are invariant to mid-level varia-
tions to some extent (e.g., viewpoint variations).

3D geometric understanding is weakly correlated with
high-level vision. For tasks like scene surface normal es-
timating, we observe notably weaker correlations. These
tasks often require intricate, fine-grained geometric and sur-
face features that high-level SSL objectives alone do not
sufficiently capture. This gap implies that mid-level vision
depends on specialized cues not fully addressed by high-
level feature extraction.

Correlation across mid-level vision tasks. Fig. 3 shows
the Pearson correlations across tasks. We find a strong cor-
relation between object segmentation and mid-level image
similarity (coefficients above 0.76). Object segmentation
further correlates well with depth estimation and object-
level multi-view geometric correspondence, indicating that
spatial understanding aids segmentation and underscores
the importance of 3D awareness in image understanding. In
contrast, scene geometry correspondence correlates weaker
with other mid-level and high-level tasks. Mid-level image
similarity aligns with object segmentation and correspon-
dence but correlates less with 3D tasks.

Ranking in mid-level vision. In Fig. 5, we present a com-
parative ranking of SSL models based on their performance
across mid-level vision tasks and ImageNet probing. Each
model received a task-specific rank, and we computed an
average score, with higher scores indicating stronger per-
formance in both mid-level and high-level vision tasks. Our
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Figure 4. Mid-Level Vision v.s. ImageNet Linear Probing with
Contrastive Learning Methods. We examine several contrastive
learning methods [6–9, 27, 58, 69] and observe a negative corre-
lation between ImageNet linear probing accuracy and task perfor-
mance. Depth estimation results are shown at the top, with surface
normal estimation results at the bottom. The y-axis represents pre-
diction accuracy, where higher values indicate better performance.

analysis suggests an imbalance in model performance, with
some models excelling in high-level tasks but showing com-
paratively modest capabilities in mid-level vision tasks. No-
tably, MaskFeat stands out as an exception, demonstrating
a significant advantage in mid-level vision tasks over high-
level performance.

Conversely, MAE ranks lower on mid-level tasks,
demonstrating limited proficiency in capturing finer visual
details. In the following sections, we will discuss the
specifics of MAE and MaskFeat.

Notably, iBOT [71] and DINO [4] rank among the top
performers, exhibiting strong capabilities in both mid-level
and high-level vision tasks. In contrast, pretext pre-trained
models like RotNet [25] and Jigsaw [45] fall behind other
SSL methods.

5.2. What makes a strong mid-level vision model?

Training objective. We observe that the top-performing
SSL models in mid-level vision tasks are typically
generative-based, such as iBOT [71] and MaskFeat [62]. In
contrast, recent contrastive self-supervised learning (SSL)
models [6–9, 27, 58, 69] show an inverse relationship be-
tween mid-level vision performance and ImageNet linear
probing accuracy, as illustrated in Fig. 4.

Although these methods have improved ImageNet linear
probing accuracy by over 10%, they exhibit notable declines
in mid-level vision tasks. We illustrate this trend with model
performance on depth and surface normal estimation and
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Figure 5. Ranking SSLs based on Overall Score. Comparative ranking of SSL models based on performance in mid-level vision tasks
and ImageNet probing. Models are ranked per task, and average scores reflect overall performance across mid-level and high-level vision
tasks, with higher scores indicating stronger results.

provide a broader analysis across six additional tasks in the
supplementary materials. Notably, SSL models pre-trained
on pretext tasks show the lowest performance on mid-level
vision tasks.

Network architecture. We further compare ViT-B (ViT
Base) and ViT-L (ViT Large) backbones with the same SSL
method in Tab. 3. Our findings show that ViT-L models tend
to perform better than ViT-B across mid-level vision tasks.
In particular, we evaluate two popular SSL models, iBOT
and MAE, on both ViT-B and ViT-L backbones. This pat-
tern suggests that larger backbones like ViT-L may capture
mid-level vision features better.

Network capability. We also compare ViT-B and ViT-
L backbones using the same SSL method in Tab. 3. Our
results indicate that ViT-Large models generally achieve
higher scores across various mid-level vision tasks. Specif-
ically, we examine two popular SSL models, iBOT and
MAE, with ViT-B and ViT-L backbones. This trend sug-
gests that larger models are better at capturing mid-level vi-
sion features.

5.3. Which SSL works the best per task?
In Tab. 4, we highlight the best-performing models for each
task. iBOT [71] consistently leads in most mid-level vision
tasks while MaskFeat performs even better on scene corre-
spondence and scene surface normal. DINO works the best
on object correspondence and achieves quite competitive re-
sults compared to other SSLs.

5.4. Analysis of specific SSL
MAE. MAE [30] stands out as a clear outlier, as illus-
trated in Fig. 2 and Fig. 5. MAE consistently performs
poorly on mid-level vision tasks compared to other ViT-
based SSLs such as iBOT [71] and MaskFeat [62].

MaskFeat. In Fig. 2 and Fig. 5, we observe that Mask-
Feat [62] demonstrates surprisingly strong mid-level vision
capabilities despite showing relatively modest performance
in high-level vision tasks. Since the MaskFeat check-
point we used was trained exclusively on the ImageNet-1K
dataset and followed a training process similar to MAE, we
attribute its mid-level vision strength to its choice of target

features. Unlike models trained on raw pixels, tokens, or
high-level features, MaskFeat is optimized on HOG (His-
tograms of Oriented Gradients) features, which are widely
used for keypoint detection in methods such as SIFT [38].
Importantly, HOG does not rely on any external models,
making it a robust feature for capturing mid-level vision at-
tributes. This finding suggests that incorporating mid-level
vision-relevant features, like HOG, into SSL training may
enhance model performance on mid-level vision tasks.

SSLs based on pre-text tasks. RotNet and Jigsaw are the
two lowest-performing SSLs on mid- and high-level vision.
Given that they are the early design of SSLs, it re-validate
our claim that ImageNet (IN1k) probing results improve,
we generally observe a corresponding enhancement in mid-
level vision task peformance.

5.5. How do visual foundation models (VFMs) per-
form?

Even though our study aims to conduct a controlled bench-
marking of SSLs in the mid-level vision tasks, we put VFMs
into our context in this section to understand the comparison
between the latest visual foundation models and the set of
SSLs we analyzed. We observed that CLIP is much worse
than most of the SSLs. DINO-v2 is the winner. We include
a comparison in Fig. 6 focusing on depth estimation.

DINO-V2 [46]. Our findings, consistent with Probe3D
and Cambrian-1 [55], show DINO-V2 as the best-
performing model across both ImageNet linear probing and
mid-level vision tasks, making it a standout choice for com-
prehensive vision capabilities.

CLIP [50]. CLIP’s overall performance is notably lower
across mid-level tasks, as reported in Probe3D [17] and
Cambrian-1 [55]. This suggests that, while generalizable
for 2D understanding, CLIP may be less suited for tasks
requiring 3D spatial understanding.

CroCo [65]. Using depth estimation as a representative
task, we observe that CroCo performs competitively in mid-
level vision tasks despite lagging in high-level vision tasks.
Pretrained on synthetic multi-view image datasets, CroCo
learns strong 3D-aware image representations. This distinc-
tion underscores its potential for 3D-specific applications,
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SSLs Backbone Object Seg. Object SNorm. Scene SNorm. Object Depth Scene Depth Object Corres. Scene Corres. Image Sim.

MoCo-v3 [9] RN-50 71.48 27.22 43.03 45.93 75.56 1.7 15.23 84.37
MoCo-v3 [9] ViT-B/16 72.45 31.72 49.64 51.07 80.14 3.12 25.03 86.90

DINO [5] RN-50 71.95 31.43 47.64 47.63 77.68 3.16 26.63 83.31
DINO [5] ViT-B/16 74.00 31.06 48.42 47.75 79.38 2.61 24.38 89.36

SSLs Model Size Object Seg. Object Norm. Scene Norm. Object Depth Scene Depth Object Corres. Scene Corres. Image Sim.

iBOT B/16 75.74 32.75 52.02 50.02 81.32 3.12 20.04 89.27
iBOT L/16 75.32 35.65 54.53 52.56 85.14 3.16 14.79 82.37
MAE B/16 65.77 22.67 43.89 26.78 66.17 2.74 6.64 82.91
MAE L/16 66.58 26.60 45.60 26.81 70.22 2.93 10.05 84.26

Table 3. Impact of Network Architecture and Model Size on Mid-Level Vision Performance. The top table demonstrates that the
Vision Transformer (ViT) [14] generally outperforms ResNet-50 (RN-50) [28] across most mid-level vision tasks when using MoCo-v3
or DINO as the self-supervised pretraining method. The bottom table shows that larger model sizes tend to enhance mid-level vision
capabilities. Detailed numerical comparisons are provided in the supplementary material.

Model Image Sim. Object Corres. Object Depth Object SNorm.

DINO (RN-50) 83.31 3.16 47.63 31.43
MaskFeat [62] 75.70 2.08 49.50 32.40
MoCo v3 84.37 1.70 45.93 27.22
iBOT [71] 89.27 3.12 50.02 32.75

Model Object Seg. Scene Corres. Scene Depth Scene SNorm.

DINO (RN-50) 71.95 26.63 77.68 47.64
MaskFeat [62] 70.28 27.94 80.39 53.63
MoCo v3 71.48 15.23 75.56 43.03
iBOT [71] 75.74 20.04 81.32 52.02

Table 4. Top SSL Methods in Mid-Level Vision Tasks. iBOT
outperformed all other SSL methods (listed in Tab. 1) in multiple
mid-level vision tasks. Surprisingly, despite the low performance
on ImageNet linear classification, MaskFeat achieved leading re-
sults in depth and surface normal estimation.

where spatial understanding is prioritized over high-level
visual semantics because of its design choice.

SAM [34]. Although SAM excels at image segmentation,
it exhibits moderate performance on mid-level vision tasks
and notably weaker performance on image classification, in
comparison with ImageNet-pretrained SSLs. This reveals
the imbalanced performance of SAM among reorganiza-
tion, reconstruction and recognition.

6. Discussion
In conclusion, this study introduces a suite of benchmark
protocols to systematically evaluate mid-level vision ca-
pabilities, offering a comprehensive and controlled assess-
ment of 22 SSL models across mid-level vision tasks. Our
findings indicate a positive correlation between SSL perfor-
mance in mid-level and high-level vision tasks, though this
correlation is generally weaker than that observed within
high-level tasks.

Some SSL models exhibit imbalanced performance
across these task levels. For instance, MAE [31] underper-
forms in mid-level tasks despite competitive high-level per-
formance, while MaskFeat [62] excels in mid-level tasks

1We evaluated CLIP with the ViT-B/16 checkpoint released by OpenAI.
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Figure 6. Comparison of ImageNet1K-Pretrained SSLs with mod-
els trained with larger datasets (e.g., DINO-v2 [46]) or different
training supervisions (e.g., CLIP [50] 1) in the scene depth estima-
tion task.

relative to its high-level results (Fig. 5). Mid-level vision
capabilities are influenced by factors such as network ar-
chitecture, dataset size, and pretraining strategy. Overall,
ViT [14] outperforms ResNet [28], increasing model ca-
pacity proves beneficial (Tab. 3), and generative modeling
approaches often lead in performance (Fig. 5). Addition-
ally, we compare SSL models with VFMs, finding that DI-
NOv2 [46] leads in both mid-level and high-level vision
tasks and language objectives (e.g., CLIP) do not help on
mid-level tasks.

Since SSL’s overall goal is to produce a very general
feature representation that works well for a wide range of
downstream tasks, we encourage the community to evalu-
ate new SSL methods on both high- and mid-level tasks.

This work is limited by resources, which prevents us
from scaling up our experiments to more tasks and models,
and we did not include ending tasks such as navigation and
robotic manipulation to emphasize mid-level vision’s role
further. We provide details of our probing hyper-parameters
and include visualizations for each task in the supplemen-
tary materials.
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vaud. Croco: Self-supervised pre-training for 3d vision tasks
by cross-view completion. NeurIPS, 35, 2022. 2

[64] Philippe Weinzaepfel, Thomas Lucas, Vincent Leroy,
Yohann Cabon, Vaibhav Arora, Romain Brégier, Gabriela
Csurka, Leonid Antsfeld, Boris Chidlovskii, and Jérôme Re-
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