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Abstract

Recent multi-teacher distillation methods have unified the
encoders of multiple foundation models into a single en-
coder, achieving competitive performance on core vision
tasks like classification, segmentation, and depth estima-
tion. This led us to ask: Could similar success be achieved
when the pool of teachers also includes vision models spe-
cialized in diverse tasks across both 2D and 3D perception?
In this paper, we define and investigate the problem of het-
erogeneous teacher distillation, or co-distillation—a chal-
lenging multi-teacher distillation scenario where teacher
models vary significantly in both (a) their design objec-
tives and (b) the data they were trained on. We ex-
plore data-sharing strategies and teacher-specific encod-
ing, and introduce DUNE, a single encoder excelling in
2D vision, 3D understanding, and 3D human perception.
Our model achieves performance comparable to that of its
larger teachers, sometimes even outperforming them, on
their respective tasks. Notably, DUNE surpasses MASt3R
in Map-free Visual Relocalization with a much smaller en-
coder.

1. Introduction

Computer vision has seen the rise of foundation models [6]
such as DINO-v2 [33] or SAM [51]. Trained on massive
web-crawled datasets, they provide representations useful
for multiple downstream tasks. A recent body of work in-
cluding AM-RADIO [37], Theia [44] or UNIC [42] has suc-
cessfully unified the encoders of several of these founda-
tion models into a single compact encoder via multi-teacher
distillation. Although an impressive feat, this line of re-
search has so far only distilled models all trained on data of
a similar nature, composed of “generic” web-crawled im-
ages. In fact, in all recent works [30, 37, 42], distilling us-
ing the ImageNet-1K [14] dataset suffices to match teacher
performance for tasks like classification, segmentation and
monocular depth.
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Figure 1. DUNE is a universal encoder for 2D and 3D tasks dis-
tilled from heterogeneous teachers. It enables multi-task inference
with a single encoder. Teachers are DINO-v2 [33], MASt3R [25],
and Multi-HMR [3] (see Fig. 3 for distillation details).

In this work we study heterogeneous teacher distillation,
or co-distillation." We consider a set of teacher models as
heterogeneous if they vary significantly with respect to both
(a) the tasks these teachers are trained for and (b) the vi-
sual domains of their training data. We seek to answer the
following question: Can we train a single encoder that ex-
cels at widely diverse tasks by distilling from state-of-the-
art heterogeneous models?

To that end, we distinguish between task-agnostic teach-
ers, aimed at producing representations that generalize
across several tasks, and specialized teachers that achieve
state-of-the-art performance on one specific task. Given the
heterogeneity in training data across teachers, we examine
which data should be used for distillation. Finally, we study
the use of projectors, modules used in multi-teacher distil-
lation to ensure compatibility across teachers and capture
teacher-specific information. More specifically we question
the projector design when distilling heterogeneous teachers
with abundant specialized information.

In chemistry, co-distillation refers to distillation performed on mix-
tures in which the compounds are not miscible.
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Figure 2. PCA visualization of encoder outputs. Given an im-
age, we extract patch embeddings from the encoders of the teacher
models and our student, and reduce their dimension to 3 via PCA.

To evaluate our framework, we choose three state-of-
the-art models. Two are highly task-specific: MASt3R [25]
solves 3D scene reconstruction and matching, while Multi-
HMR [3] solves 3D human perception. As a third teacher,
we add DINO-v2 [33], a popular visual foundation model
that generalizes to various visual downstream tasks includ-
ing semantic segmentation or monocular depth estimation.
This leads to DUNE, obtained by Distilling a UNiversal
Encoder from heterogeneous 2D and 3D Teachers.

The selected teachers vary with respect to both the tasks
they are tackling and the datasets they were trained on.
Their heterogeneity is clearly visible when inspecting the
patch features they produce. In Fig. 2, we plot the top three
components (obtained via principal component analysis) for
the features of each teacher, as well as the features of our co-
distilled encoder, DUNE. We observe that each teacher has
distinct and complementary features. We also see that our
model captures properties present across all three teachers.

Our study yields several insights into the selection of

distillation data and the impact of projector design for co-
distillation. More importantly, it results in a powerful uni-
versal encoder that matches top models in binocular 3D
reconstruction, 3D human perception, and classical 2D vi-
sion tasks while retaining much of DINO-v2’s generaliza-
tion performance. Additionally, it sets a new state-of-the-
art on the Map-free Visual Relocalization Challenge® using
a ViT-Base encoder.
Contributions. (a) We define the problem of heteroge-
neous teacher distillation, where a single model is distilled
from teacher models that vary significantly in training tasks
and image domains. (b) We investigate suitable distillation
strategies for this setting, focusing on distillation data and
projector design. (c) We introduce DUNE, a strong ViT-
Base encoder capable of excelling in 3D scene understand-
ing, 3D human perception, and 2D vision tasks.

2https : / / research . nianticlabs . com / mapfree —

reloc-benchmark/leaderboard

2. Related work

Combining multiple models. Various approaches to com-
bining models have been explored. One method involves
extracting features from each model and either concatenat-
ing or fusing them for downstream tasks, a strategy used in
early works [46] as well as more recently in [8, 24]. While
effective, this approach is often impractical due to memory
and compute requirements. Other studies focus on merging
models together [12, 15, 23, 41, 45, 52], typically under the
assumption that models have the same architecture and size.

Multi-teacher distillation is another way to combine mul-
tiple models into one. It replaces the encoder of each
teacher by a single student encoder. This encoder is ob-
tained by distilling the outputs of the teacher encoders
on well-chosen data. This offers great flexibility: there
are a-priori no constraints on the student architecture or
size. Recent examples include generic methods like AM-
RADIO [19, 37], UNIC [42], PHI-S [36], UNIT [65],
robotics-specific models such as Theia [44], and methods
using sequential distillation such as in [39]. By distilling
from three or more teachers, these teacher-agnostic strate-
gies sometimes even yield students that outperform their
teachers on some tasks [37, 42]. However, all of these meth-
ods focus on distilling teachers of the same nature, foun-
dation models trained on massive web-crawled image col-
lections with self- or weak supervision. Common choices
include DINO-v2 [33], CLIP [35], and SAM [51]. The stu-
dents obtained are then applied to common benchmark tasks
like classification, segmentation, or monocular depth.

In this paper, we explore distillation from heterogeneous
teachers, i.e. trained on distinct domains and solving diverse
tasks. Specifically, we distill from MASt3R [25] for binocu-
lar 3D tasks, Multi-HMR [3] for human mesh recovery, and
DINO-v2 [33] for 2D tasks like monocular depth and se-
mantic segmentation. This results in an encoder that excels
across many of these tasks out of the box.

Training using heterogeneous data domains. All afore-
mentioned multi-teacher distillation methods have another
thing in common: they distill only from generic data suit-
able to all teachers: DataComb-1B [18] for AM-RADIO,
ImageNet-1K [14] for UNIC [42] and Theia [44]. Hetero-
geneous data has recently been used for distillation of dif-
ferent datasets for classification [22, 62] or domain adap-
tation [48]. To the best of our knowledge, no existing
work has looked into distillation using data that contains
natural images as well as synthetic data from 3D engines,
CAD models, simulators, and rendered from structure from-
motion reconstructions. Our teachers’ training data even
vary in terms of content, from small groups of people for
human mesh recovery to empty indoor rooms and outdoor
buildings for 3D. We hypothesize that leveraging such data
is necessary to accurately distill highly specialized teacher



models such as MASt3R [25] and Multi-HMR [3], and at-
tempt to do so in this paper.

Relation to multi-task learning. As in multi-task train-
ing, our heterogeneous teacher distillation tackles special-
ized tasks such as segmentation, human pose estimation,
and 3D reconstruction with a single encoder. However, it
also preserves the generic nature of some teachers, ensuring
strong generalization. Unlike multi-task training, distilla-
tion relies on teacher outputs instead of ground-truth labels
and does not require access to the original training data.
Relation to 3D-to-2D distillation. Prior work [20, 63]
has used 3D-aware models to improve results on 2D tasks.
While these methods are related, we show that DUNE ex-
cels at both 2D and 3D.

3. Problem definition and challenges

First, we describe the problem of heterogeneous teacher
distillation or co-distillation, a challenging multi-teacher
distillation setup where teacher models significantly vary
with respect to (a) the goals behind their design, and (b) the
data they were trained on. We would like to jointly distill
from a set of teachers that satisfy the following properties:
1. The teachers cover an heterogeneous set of tasks. We
want to jointly distill teachers that vary in the design ob-
jectives they are trained on. This includes task-agnostic
teachers (models with strong generalization properties,
typically self-supervised and trained on pretext tasks) to-
gether with specialized models tailored to specific tasks.
2. Their individual training sets consist of heteroge-
neous data. We want to jointly distill teachers trained
on huge generic image datasets crawled from the web,
together with teachers trained on highly curated and po-
tentially carefully annotated datasets composed of natu-
ral or synthetic images.
This leads to the question driving our research: Can we dis-
till from such an heterogeneous set of teachers and get a uni-
versal visual encoder that retain strong generalization abil-
ities and at the same time excels at multiple diverse tasks?

3.1. Task-agnostic vs. specialized teachers

Following our problem definition, we differentiate between
teacher models trained on proxy tasks that capture inher-
ent image priors and those specializing in a specific task or
set of tasks. While the former might consist solely of a vi-
sual encoder and be referred to as a foundation model, the
latter typically include task-specific decoder heads and are
trained using task-specific data and supervision. Our goal
is not only to match the performance of specialized models,
but also retain the generalization capability of the represen-
tations learned from the task-agnostic teachers.

Task-agnostic teachers refers to models trained on proxy
tasks such as self-supervised objectives like context predic-
tion or photometric invariance. They aim to capture broadly

used visual priors that are useful on a wide range of tasks.
This includes DINO-v2 [33] that we consider as one of the
teachers for DUNE.

Such models are typically evaluated on tasks for which
the encoder representations can be used directly, such as
k-NN or zero-shot [35] classification, or by training lin-
ear classifiers for various classification tasks at the image or
pixel level (e.g., semantic segmentation or monocular depth
estimation using a linear head). Notably, these models are
recognized for the generalization strength of their represen-
tations. Those have been shown to be beneficial to a wide
range of tasks [57, 58]. However, on their own, they usually
underperform compared to specialized models trained with
supervised or privileged information.

Specialized teachers * focus on specific perception
domains, such as 3D for MASt3R [25] or human pose
understanding for Multi-HMR [3]. They are typically
trained with weak or strong supervision, and, although
all use ViT encoders, they leverage a domain-specific
parameterization and require varying levels and types of
annotation. The encoders of specialized teachers may differ
in the nature of the information they encode (SMPL body
model [29] parameters vs. dense matches) and how they
encode it (e.g., Multi-HMR captures the full 3D human
pose in a single patch token).

Generalization vs. specificity trade-off. The distinction
above highlights the trade-off between generalization
to novel tasks, afforded by task-agnostic teachers, and
performance on specialized tasks coming from specialized
teachers. By incorporating this distinction into our formu-
lation, we can interpret the proposed distillation setup in
two ways: (a) as a means to enhance the performance of
specialized teachers on certain novel tasks by leveraging
task-agnostic models, or (b) as a way to improve the
performance of self-supervised foundation models on the
set of specialized tasks.

3.2. Distillation using heterogeneous data

The diversity of teacher training domains has not been a
significant concern for existing multi-teacher distillation
approaches [30, 37, 42]. Foundation models like DINO-
v2[33], SAM [51], and CLIP [21, 35] are all trained on data
of a similar nature, i.e. “generic” datasets like LAION [43]
or DataComp1B [18], and recent works [30, 37, 42] show
that even using ImageNet-1K [14] is enough to match
teacher-level performance with a unified encoder.

One of the main challenges of co-distillation is the
teachers’ training data that spans multiple visual domains.
Alongside visual encoders trained on natural images, i.e.
DINO-v2 [33], we aim to jointly distill encoders trained on
diverse types of data (e.g. synthetic data from 3D engines,

3We use specialized rather than task-specialized to account for teachers
solving multiple tasks within an area (human understanding, 3D vision).



CAD models, simulators, etc.) and with diverse content
(e.g. data focused on small groups of people in the case
of Multi-HMR [3], or empty indoor rooms and outdoor
buildings for MASt3R [25]). When jointly distilling
teachers trained on such heterogeneous data, the choice of
data for distillation becomes less straightforward: Do we
need to incorporate data from all teacher domains, or is
generic data sufficient?

4. Framework for co-distillation

In this section, we introduce our co-distillation framework
for heterogeneous teacher distillation, as shown in Fig. 3.
We begin with the fundamentals of multi-teacher distil-
lation, then discuss teacher-specific projectors and our
choices towards an efficient inference.

4.1. Background on multi-teacher distillation

We focus on visual encoders based on the ViT [16] ar-
chitecture. These models take an image x € 7 as in-
put and produce a set Z € Z of feature vectors, where
Z ¢ REWHXd  This feature set includes HW features
for the H x W patches, along with an optional global fea-
ture corresponding to a CLS token. We assume each feature
vector has a dimensionality of d. These feature vectors are
typically used as an input to one or more decoder heads to
tackle specific computer vision tasks.

Let 7 = {T1,...,Tn} represent the set of N teachers
we want to distill, each parametrized by an encoder ¢;(x).
Our objective is to learn the parameters of a student model
f that produces outputs closely aligned with those of all
teachers simultaneously. We train this student encoder by
applying a distillation loss on both the global and patch to-
ken features. Let f(x) : Z — Z denote the student’s en-
coder, and h; represent a teacher-specific projector for each
teacher 7;,7 = 1,.., N. We minimize the cosine-similarity
and smooth-/; losses combined among all teachers:

N
Edistil = Z ‘Ccos (fz(x)7 tz(x)) + Esﬁl (fl(x)a tz(x))7 (l)
i=1
where f; = h;(f(x)), and L5 and L1 denote the cosine
and smooth-/; losses, respectively, as defined in [42].
The process described above imposes no restriction on
the types of teachers used and, with minor modifications,
forms the foundation of several recent works [37, 42, 44].

4.2. Teacher-specific projector design

Existing multi-teacher distillation approaches [30, 37, 42]
address the issue of teacher-specific (or “complementary’)
information derived from the different training objectives of
teachers using teacher-specific modules also known as pro-
Jjectors. In our problem formulation (Sec. 3), such modules
become even more important: The patch representations

from the encoder and their interactions can differ signifi-
cantly between teachers. The Multi-HMR model [3], for
example, requires pose information for the whole human
body to be captured in the representation of the patch where
the head and nose are detected, since the corresponding de-
coder only takes such patches as input.

A simple projector design is a two-layer MLP appended
to the top of the encoder for each teacher [37]. More com-
plex designs have been explored [30, 42, 44]. UNIC [42]
attaches multiple additional MLPs to intermediate layers of
the student. Its “ladder of projectors” (LP) improves in-
formation flow to the teacher-specific parameters and was
shown to help improve distillation across teachers and tasks.

For all the cases mentioned above, projectors operate
per-patch, i.e. teacher-specific parameters cannot explicitly
capture patch feature interactions. This requires inter-patch
interactions specific to each teacher to be embedded in the
attention layers of the shared encoder. In other words, it
is the shared encoder that has to model all patch interac-
tions relevant for any teacher. This motivated us to intro-
duce attention-based projectors that we define next.
Transformer projectors. For projectors to model interac-
tions across patches, a sensible and efficient design would
be an attention-based projector composed of a single trans-
former [50] block:

a = f(z) + SA(LN(f(2))), 2
m = a + MLP(LN(a)), 3)
h = Linear(m), 4)

where LN denotes layer normalization, SA a multi-head
self-attention layer, MLP a two-layer perceptron and Linear
a fully-connected layer. We refer to this projector design
as a transformer projector or TP. Sec. 5 compares it with
more standard projectors.

4.3. Co-distillation with heterogeneous data

In co-distillation, the optimal distribution of data to distill
from is not trivial: Data associated with a specific teacher
can be irrelevant or even harmful to others. It therefore
makes sense to control which data gets forwarded to each
teacher-specific projector.

Let D; denote the data associated with teacher 7; € T
with i = 1..N. We assume that D; N D; = () for all special-
ized teachers 1, 7, i.e. the specialized teachers are all trained
on different datasets. We also assume that all task-agnostic
teachers are trained with the same generic data D,. Let h;
denote the projector associated with teacher ¢. We explore
three simple ways of sharing datasets across teachers:

* No data sharing: Projector h; receives only D;, i.e. the
data associated with its teacher 7;.

* Full data sharing: Projector h; receives all data, i.e.
UD;,i = 1..N, as well as generic data D,,.

* Generic data sharing: Projector h; receives only D; (the



distillation loss
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Figure 3. Overview of the DUNE encoder training process. (a) DUNE is trained via distillation from heterogeneous teachers across 2D
vision, 3D vision, and 3D human perception, leveraging diverse data from multiple visual domains. We use teacher dropping regularization
from [42]. (b) Task-specific heads are then fine-tuned independently for each task, with the DUNE encoder kept frozen.

data associated with 7;) and generic data D,,.
In the next section, we evaluate these different ways of shar-
ing data across teachers and study their impact on area-
specific tasks as well as representation generalization tasks.

4.4. Fine-tuning task heads for efficient inference

Most related works [19, 30, 37, 44] require the teacher-
specific projectors learned during training to be used dur-
ing inference. This allows for a plug-and-play reuse of
task-specific decoders, yet this results in more parameters,
not only for the student encoder itself but also for all the
teacher-specific projectors. The number of those additional
parameters scales linearly with the number of teachers.
Projectors would become irrelevant if the decoder mod-
ules were jointly fine-tuned for the tasks to solve, once the
student is trained. Such an approach offers several advan-
tages: It introduces no additional modules during inference,
it keeps the encoder size and memory constant regardless
of the number of teachers, and, most importantly, it does
not impact inference time. For DUNE, we opt for that sec-
ond option and fine-tune the different heads and decoders, a
one-time cost that enables a more efficient inference.

5. Experiments

In this section, we experimentally evaluate the co-
distillation framework from Sec. 4. After introducing the
evaluation protocol (Sec. 5.1), we experimentally validate
the projector design, the use of heterogeneous data and data
sharing across projectors, and we present results on five
very different tasks (Sec. 5.2). We then present some feature
and loss analyses, as well as some qualitative results com-
paring the teacher and student model outputs (Sec. 5.3).

5.1. Evaluation protocol

Teachers. We select a representative set of heterogeneous
teachers for our experimental validation. The first teacher is
DINO-v2 [33] with registers [11], a self-supervised task-
agnostic model whose strong representations have been
used in many computer vision tasks, and a common teacher

choice in multi-teacher distillation [37, 42]. Then, we se-
lect two state-of-the-art domain-specialized models: Multi-
HMR [3] a model for human mesh recovery, the winner of
the Robin Challenge at CVPR’24,* and MASt3R [25] a 3D
foundation model, the winner of the Map-free Visual Re-
localization at ECCV’24.> The selected teachers are de-
signed to span across both 2D and 3D tasks, with the two
3D-oriented teachers differing in the nature of the 3D infor-
mation they encode (SMPL parameters vs. dense matches)
and how they encode it (e.g. Multi-HMR captures the full
3D human pose in a single patch token). We use the pub-
licly available ViT-Large models for all teachers.

Datasets. We use 19 publicly available datasets from the
training sets of the three teachers as distillation data, lead-
ing to around 20.7M images in total: ImageNet-19K [14]
(2021 release [59]), Mapillary [55] and Google Landmarks
v2 [56] from DINO-v2, AGORA [34], BEDLAM [5],
UBody [17, 27] and CUFFS [3] from Multi-HMR;
Habitat [31], ARKitScenes [13], Blended MVS [60],
MegaDepth [26], ScanNet++ [61], CO3D-v2 [38], Map-
free [2], WildRgb [1], VirtualKitti [7], UnrealdK [49],
TartanAir [54] and DL3DV [28] from MASt3R. We only
use the images of those datasets and discard all annotations.

Implementation details. During distillation, our student
is composed of a ViT-Base encoder and three projector
heads, one for each teacher. In our initial experiments, we
used the Ladder of Projectors (LP) design from UNIC [42],
which was shown beneficial for dense prediction tasks. We
also evaluate the Transformer Projector we introduced in
Sec. 4.2. Unless otherwise specified, projectors are dis-
carded after distillation and are not used for evaluations or
inference. By default, we fix the compute budget for all
the distillation variants to process 100 x 1,281, 167 images,
which amounts to 100-epoch training on ImageNet-1K [40].
We follow the data augmentation and optimization practices
of [42], and also use their teacher dropping regularization.

4https://rhobin-challenge.github.io/
Shttps : / / nianticlabs . github . io / map - free —
workshop/2024/



Distil.  Proj. ADE20K NYUd MapFree BEDLAM
Data  Design (mloU1) (RMSE|) (AUC1?) (PA-PVE )
IN-19K  LP 2.4 0.446 91.4 83.9
IN-19K TP 44.9 0.433 93.6 735
All SP 03 0.413 92.2 73.1
All LP 44.7 0.384 91.5 78.2
All TP 44.9 0.377 93.7 68.3

Table 1. Distillation data and projector design. We distill mod-
els using either ImageNet-19K as a generic dataset or all the 19
teacher datasets combined with full data sharing (Sec. 4.3), em-
ploying either a Simple Projector (SP) [37], a Ladder of Projectors
(LP) [42], or the Transformer Projector (TP) presented in Sec. 4.2.

Unless otherwise stated, we distill our encoders at image
resolution 336 x 336. We further distill some of our models
at resolution 448 x 448 for a couple of additional epochs.
Evaluation tasks and metrics. We evaluate our encoder
on the tasks that our selected teachers excel at. For domain-
specialized teachers, we choose tasks for which they are
the state of the art: multi-person human mesh recov-
ery for Multi-HMR and map-free visual relocalization for
MASt3R. For Multi-HMR, we report results on the BED-
LAM validation set, using F1-Score to evaluate detection
performance and PA-PVE to measure mesh reconstruction
errors. For MASt3R, we report the Area under the Curve
(AUC) for samples with Virtual Correspondence Repro-
jection Error (VCRE) below 90px on the validation set of
the Map-free Visual Relocalization dataset [2]. We also
provide results for multi-view depth estimation and multi-
view camera pose regression in the supplementary material.
We evaluate the generalization performance of our encoder
on semantic segmentation with ADE20K [64] (mloU) and
depth estimation on NYUdv2 [32] (RMSE), following re-
lated work [37, 42]. We also report comparisons to 3D-
to-2D distillation methods [20, 63] as well as segmentation
results on Cityscapes [9], NYUdv2 [32] and ScanNet [10]
in the supplementary material. Further details on the evalu-
ation protocol are provided there too.

Fine-tuning task heads. For specialized tasks, we attach
the corresponding teacher’s decoder module to the frozen
encoder and fine-tune the decoder for that task. For se-
mantic segmentation and depth estimation, we train a linear
head from scratch, appending it to the frozen encoder, as
n [33]. For segmentation, re-using the frozen transformer
projector for the DINO-v2 teacher before training the lin-
ear layer significantly improved performance. For this case
only, we report results using the projector, similar to [37].
We compare results with and without projectors in the sup-
plementary material.

5.2. Results

Is “generic” data enough? We start our experiments by
checking whether or not a large, generic dataset like Ima-

Data ADE20K NYUd MapFree BEDLAM
Sharing (mIoU1) (RMSE|) (AUCT) (PA-PVE))
No data sharing 41.6 0.426 93.2 68.7
Generic data sharing 40.1 0.416 92.7 71.7
Full data sharing 44.9 0.377 93.7 68.3

Table 2. Data sharing among teachers. We train three student
models on all 19 datasets, using the data-sharing strategies out-
lined in Sec. 4.3: No data sharing: Teachers do not share any data.
Generic data sharing: ImageNet-19K is shared across all teachers.
Full data sharing: All images are shared among all teachers.

geNet is enough for distilling heterogeneous teachers. We
train two student models using a sparsely-connected Lad-
der of Projectors (LP), i.e. a multi-layer Perceptron attached
after every 3 encoder blocks. The first model only uses
ImageNet-19K as distillation data whereas the second one
uses all distillation datasets mentioned above. From the re-
sults presented in Tab. 1, we observe that using additional
specific data improves the performance of the students on
all the tasks by a decent margin.

Transformer Projectors. Looking at Fig. 2, we notice
that feature similarity patterns significantly vary from one
teacher’s encoder to another. Visualizing the attention maps
from the final layer encoder of each teacher (provided in
the supplementary material) also shows clear differences
across models: MASt3R produces highly localized atten-
tions while the DINO-v2 attention span is much larger. At-
tention maps for Multi-HMR seem more focused to the per-
sons’ head, ignoring the remaining content in many cases.
We argue that capturing feature similarities of such dif-
ferent spatial extents would be easier using the Transformer
projector (TP) presented in Sec. 4.2. To test this hypothesis,
we replace the LP-based projectors attached to multiple
layers of the student encoder with a single TP projector
after the last layer of the encoder. We compare Tab. 1 the
LP and TP designs, as well as the simple MLP projector
(SP) used in [37] (row 3). We observe that TP outperforms
both LP and SP across all tasks.
Sharing data across teacher projectors. In Sec. 4.3, we
have presented three different ways of sharing data across
teachers. In Tab. 2, we evaluate all three and see that shar-
ing all data among teachers generally yields the best perfor-
mance. It suggests that the domain gap between the datasets
might not be an issue and teachers still produce useful in-
formation for out-of-domain images. Interestingly, shar-
ing only generic data is the best for semantic segmentation.
This suggests that semantic information is better preserved
by the encoder when ImageNet-19K is shared by MASt3R
and Multi-HMR.
Comparing to state-of-the-art multi-teacher distillation.
In the middle part of Tab. 3, we compare our distilled en-
coder to the strongest comparable ViT-Base encoders avail-
able, i.e. DINO-v2 [33] and AM-RADIO-v2.5 [19]. For



Model Encoder Training Training ADE20k NYUd BEDLAM BEDLAM  MapFree
Arch. Data Res. (mloU 1) (RMSEJ|) (Fl-score?) (PA-PVE]) (AUCY)
Teacher models
DINO-v2 ViT-Large LVD-142M 518 47.7 0.384 - - -
Multi-HMR ViT-Large = HMR-500K 672 - - 95 36.9 -
MASt3R ViT-Large MASt3R-1.7M 512 - - - - 91.2
State-of-the-art ViT-Base encoders
DINO-v2 ViT-Base LVD-142M 518 47.3 0.399 86 76.5 89.6
AM-RADIO-v2.5 ViT-Base  DataComp-1B 512 50.0 0.718 89 83.2 93.1
DUNE ViT-Base ~ DUNE-20.7M 336 44.9 0.377 91 68.3 93.7
DUNE ViT-Base  DUNE-20.7M 448 45.6 94 56.0

Table 3. Performance across 2D vision, 3D human understanding and 3D vison tasks with a universal encoder. The top section shows
the performance of the teacher models we use, all of size ViT-Large. The middle section compares our encoder to two state-of-the-art ViT-
Base encoders: DINO-v2 and the latest AM-RADIO-v2.5 model. DUNE-20.7M is the heterogeneous collection of 19 public datasets we

use for co-distillation.

both models, we fine-tune the decoder heads for each task
using the same procedure as for our encoder. DUNE out-
performs both models on all evaluations except semantic
segmentation, where AM-RADIO-v2.5 achieves the best
results by a significant margin. This is expected, as AM-
RADIO-v2.5 is distilled from two semantically rich teach-
ers, CLIP and OpenCLIP, along with the strong segmenta-
tion model SAM [51].

Improving Map-free Visual Relocalization. In Tab. 4,
we report results from the official leaderboard of the Map-
free visual relocalization dataset.® On this benchmark,
MASt3R [25] was shown to significantly outperform the
state of the art [4, 47, 53], where all recent approaches build
upon a ViT-Large backbone. Surprisingly, when replac-
ing the ViT-Large encoder of MASt3R by the frozen ViT-
Base encoder of our student model, and then fine-tuning the
MASt3R decoder, we obtain even better performance than
MASt3R despite using a significantly smaller encoder.

5.3. Analysis and visualizations

In this section, we provide some analysis to better under-
stand the distillation process and feature spaces learned by
co-distillation. We then provide qualitative results on the
tasks of the two specialized teachers.

Feature analysis. In Fig. 4, we plot the cumulative ex-
plained variance, i.e. the proportion of the dataset’s variance
that is cumulatively explained by each additional PCA com-
ponent. We plot curves for three representative datasets,
comparing the teacher encoder features to the correspond-
ing student projector features. Interestingly, we observe that
rather than seeing a significant change across datasets, the
most consistent difference in terms of feature compactness
is across teachers. The Multi-HMR teacher needs consis-

Shttps : / / research . nianticlabs .
reloc—-benchmark

com / mapfree —

results highlight cases where our model outperforms the best ViT-Large teacher.

tently fewer PCA components to explain its feature vari-
ance while DINO-v2 needs the most. We argue that this
could be because the Multi-HMR model has a more special-
ized task and training data, while DINO-v2 has been trained
with a more diverse dataset aiming to be a versatile encoder.
MASIt3R seems to be somewhere in the middle as a versatile
encoder specialized in 3D tasks.

In the same figure, we also plot explained variance on
the three datasets for the features of our learned encoder
after the teacher-specific heads and observe that they follow
the ranking of the corresponding teacher features. However,
student representations are consistently more compact than
the corresponding teachers.

Correlation of loss updates. In Fig. 5, we plot how often
loss updates are correlated for three pairs of teachers, i.e.
we look at the change in loss magnitudes after each weight
update, and measure the correlation between the loss fluc-
tuations for each teacher. If the teachers are well aligned,
we expect a strong positive correlation (e.g., minimizing the
loss for Multi-HMR also minimizes the loss for DINO-v2),
while a low correlation would indicate the teacher feedback
is less aligned and training might be more unstable.

The first four bars represent the correlation for two train-
ing data choices (ImageNet-19K or all 19 datasets) and
two projector designs. We observe that with LP, teach-
ers are always less aligned compared to TP, regardless of
whether training is performed only on ImageNet-19K or on
all datasets. This may explain LP’s inferior performance,
particularly on specialized tasks, as shown in Tab. 1. For
TP, we additionally measure teacher alignment across the
three data-sharing options presented in Sec. 4.3 (rightmost
three bars). All in all, we observe that using all data for
all teachers results in the highest possible correlation on all
teacher pairs, something that is further reflected on perfor-
mance in Tab. 2.



Method Encoder VCRE<45px VCRE<90px  Median Reproj. Relative Pose Error
AUCT Prec.t AUCtT Prec.t Error (px)J. Median Error| Prec.t AUCT
LoFTR [47] CNN 39.7 18.2 61.8 335 166.8 2.31m 39.4° 26.9 9.8
DUSt3R [53]  ViT-Large 459 28.7 69.8 50.4 115.8 0.99m 7.1° 394 214
MicKey [4] ViT-Large 57.2 31.2 74.8 49.3 129.5 1.59m 26.0° 28.3 12.0
MASt3R [25]  ViT-Large 81.7 63.0 93.3 79.3 48.8 0.37m 2.2° 74.0 54.7
DUNE ViT-Base 84.0 64.4 94.3 81.1 47.4 0.39m 4.6° 76.8 55.9

Table 4. Results on the map-free visual relocalization official leaderboard. AUC and Precision (Prec.) are reported in percentages.
MASt3R [25] on the leaderboard is a private version which performs slightly better than the released model that we use as teacher.
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Figure 4. Cumulative explained variance computed over fea-
tures from three representative datasets, for the three teacher en-
coders (solid lines) and student’s projectors (dashed lines).
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Figure 5. Correlation of loss updates during training for each
pair of teachers when training with different strategies. Training
with TP leads to more alignment between teachers regardless of
the training data. On the other hand, using all data with all teachers
seems to be the best data strategy to improve teacher alignment.

Qualitative Results. We present side-by-side qualitative
results for the specialized tasks our encoder jointly solves:
human mesh recovery in Fig. 6 and 3D reconstruction
in Fig. 7. DUNE, combined with the corresponding task
decoder, produces visually similar outputs to those of the
Multi-HMR and MASt3R teachers, respectively.

6. Conclusions

In this paper, we describe and tackle co-distillation, the
challenging multi-teacher distillation task that arises when
the set of teachers is composed of models of a very different
nature, including generic teachers, whose features general-
ize well across tasks and domains by design, and teachers
specialized for a certain task. We applied co-distillation
to DINO-v2 [33], Multi-HMR [3], and MASt3R [25],

Input

Figure 6. Qualitative comparison on human mesh recovery be-
tween Multi-HMR (the teacher) and DUNE (the student).

Student output

Teacher output
b

o*N

o

Figure 7. Qualitative comparison on 3D reconstruction be-
tween MASt3R (the teacher) and DUNE (the student).

whose training tasks, training data and properties are highly
different. This distillation process produces a strong en-
coder, DUNE, which, when combined with each teacher’s
task-specific decoder, performs on par with or surpasses
the teachers. Notably, our encoder outperforms MASt3R
on the Map-free Visual Relocalization dataset while using
significantly fewer parameters.
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