Chameleon: A Data-Efficient Generalist for Dense
Visual Prediction in the Wild

Donggyun Kim®*, Seongwoong Cho’, Semin Kim', Chong Luo?, Seunghoon Hong"

'School of Computing, KAIST 2Microsoft Research Asia

Animal Keypoint Detection 6D Pose Estimation Medical Semantic Segmentation

Multi-Modal Cell Instance Segmentation

Fig. 1: Chameleon is a data-efficient generalist that can adapt to various unseen dense
visual prediction tasks in the wild with arbitrary output structures using a handful of
examples (dozens). It can also learn to utilize multi-modal inputs and user-interactions.

Abstract. Despite the success in large language models, constructing
a data-efficient generalist for dense visual prediction presents a distinct
challenge due to the variation in label structures across different tasks.
In this study, we explore a universal model that can flexibly adapt to un-
seen dense label structures with a few examples, enabling it to serve as
a data-efficient vision generalist in diverse real-world scenarios. To this
end, we base our method on a powerful meta-learning framework and
explore several axes to improve its performance and versatility for real-
world problems, such as flexible adaptation mechanisms and scalability.
We evaluate our model across a spectrum of unseen real-world scenarios
where low-shot learning is desirable, including video, 3D, medical, bio-
logical, and user-interactive tasks. Equipped with a generic architecture
and an effective adaptation mechanism, our model flexibly adapts to all
of these tasks with at most 50 labeled images, showcasing a significant
advancement over existing data-efficient generalist approaches. Codes are
available at https://github.com/GitGyun/chameleon.
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1 Introduction

Generalist models have gained significant attention across various fields [1, 7,
22,27,46] with their data efficiency in learning new tasks. In contrast to spe-
cialist models designed specifically to achieve certain tasks, generalist models
aim to address a broad range of tasks, including those unseen during training.
Moreover, generalist models have even begun competing with specialist models
while using much less supervision attributed to incorporating two key ingredi-
ents: (1) a universal learning framework and (2) large-scale pre-training. For
instance, large language models [7,37,39] have exhibited exceptional general-
ization abilities, benefiting from the universal nature of natural language and
unsupervised pre-training on extensive corpora. Similarly, in the fields of algo-
rithmic learning and reinforcement learning, large-scale training through univer-
sal interfaces—graph neural networks [22,34,47] and transformers [46, 49, 51],
respectively—have demonstrated decent generalization performance.

However, building a data-efficient generalist for dense visual prediction tasks,
which involve high-dimensional outputs with vastly diverse structure and seman-
tics [3], remains less explored. Most of the prior efforts for general dense visual
prediction [11,25,33] mainly focus on unifying a range of pre-defined tasks into
a single model, rather than generalizing to unseen tasks. Conversely, in-context
learning approaches [61,62] attempt to solve various tasks with few demonstra-
tions by framing the dense prediction as an image-to-image translation problem.
Yet, these methods often struggle to generalize to out-of-distribution tasks that
have distinct output structures and semantics unseen during training, which
limits their applicability to various real-world problems. Figure 2 highlights the
necessity of a more flexible adaptation mechanism in building data-efficient vi-
sion generalists for arbitrary dense visual prediction.

In this work, we aim to explore the potential of a powerful and flexible data-
efficient generalist for diverse real-world dense prediction tasks. To this end, we
build our method based on the framework of Visual Token Matching (VTM) [24],
which directly addresses out-of-distribution tasks, with three key improvements.
First, we design an encoding mechanism to incorporate varying numbers and
types of input modalities, which expands the scope of adaptable tasks and ad-
dresses drifts in data modality or multi-input scenarios. Second, we enhance
the task-specific adaptation mechanism by introducing a task-adaptive feature
re-weighting module in the hierarchical architecture. Lastly, we enlarge and di-
versify the meta-training data to make the model acquire more general prior
knowledge, as well as scale up the modal capacity and resolution. We meta-train
the model on a large-scale dataset constructed by combining six existing datasets
from diverse domains, which consists of 17 different dense visual prediction tasks.

We evaluate our method, termed Chameleon, in six downstream benchmarks
composed of unique and unseen structured outputs, including tasks with video,
3D, medical and biological data, and user-interactive tasks. Our results show
that existing in-context learning approaches, even if they are empowered by
prompt tuning at test time, have limited generalization capability to out-of-
distribution tasks, while our method successfully adapts to each scenario using
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Fig. 2: Existing generalist models struggles to learn out-of-distribution tasks of unseen
label semantics (6D pose) or structure (animal keypoint) during training. ICL and PT
denote in-context learning and prompt tuning is used for adaptation, respectively.

at most 50 labeled examples per task, significantly outperforming the generalist
baselines. Our extensive analyses also suggest that effective encoding mechanism
with flexible adaptation and meta-training on a rich dataset are the key factors
of successful generalization to out-of-distribution tasks.

2 Related Work

Generalist Models. Recently, generalist models have emerged as an effective
approach to tackle a variety of tasks seamlessly within a single framework. In
computer vision, generalist models for dense visual prediction have mainly fo-
cused on multi-task learning and prompting approaches. Multi-task learning ap-
proaches [11,17,25,33,64] train a unified architecture to solve diverse tasks, but
they require numerous labeled data for each task and lack generalization ability
to unseen tasks. In-context learning approaches [61,62] consider unseen tasks
but they either address in-distribution tasks whose label structures or semantics
are seen during training or focus on segmentation tasks.

Few-shot Learning. Few-shot learning also targets a wide range of tasks within
a single framework, but its main focus is on learning from a few labeled examples.
In computer vision, most attention is paid to a specific set of tasks with dedicated
architectures, such as image classification [5, 31,52, 58], object detection [15,
18, 60], and semantic segmentation [21, 36, 50], which are not suitable for out-
of-distribution generalization. Visual Token Matching [24] proposes a universal
few-shot learning problem for dense visual prediction, whose main focus is out-
of-distribution generalization to arbitrary tasks with only a few labels. However,
it has only been demonstrated in a constrained setting where both the meta-
training and testing are from the same narrow domains (i.e., indoor scene),
leaving its potential as a generalist in various real-world applications in question.

3 Approach

Chameleon is a data-efficient generalist based on the Visual Token Matching [24]
framework, improving its design and scalability to address low-shot learning
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problems in broader and more challenging real-world applications. In this section,
we first present our problem setting and overall framework, then describe our
improved encoder designs for handling variable multi-modal inputs (Section 3.1)
and enhancing the adaptation mechanism (Section 3.2).

Problem Setting. Chameleon is designed as a versatile model capable of learn-
ing arbitrary dense prediction tasks with minimal labeled data. Formally, given
a (multi-modal) query image X9 € R37*HTXWT " our goal is to produce the
per-pixel label Y9 € ROT*HTXWT of an arbitrary task 7 adaptively based on
the small number of labeled examples S7 (i.e. support set) by:

V1= F(X1S7), Sr={(X'Y")}icn. o

Importantly, Chameleon does not presuppose specific priors on dense prediction
tasks, allowing its application to various unseen tasks with the unique number
of inputs I+ and output channels O7 as well as their semantics and spatial
resolutions (Hy, W7). These include a wide range of real-world problems whose
inputs and outputs are defined over pixels, such as segmentation, stereo depth
estimation, dense pose estimation, and exemplar-guided object counting.
Overall Framework. To support versatility, Chameleon employs the universal
token matching framework [24] that formulates dense prediction as a token-level
matching problem between query and support images as follows:

gD = > o (frxh).fr(x}) g(y;), Yk<M, (2)

i<N j<M

where f7(xx) and g(yx) denote the k-th token embeddings obtained by an image
X and a label Y, respectively, o is a similarity function, and M is the number of
tokens per image. In this framework, the prediction for the k-th query token is
produced by interpolating the support label embeddings based on its similarity
to the support image embeddings. To incorporate various similarities for dense
prediction in a single framework, a small amount of task-specific parameters
01 are introduced in the image encoder to adapt the image token embeddings
fr(x) = f(x;6,07) while sharing the other parameters across all tasks. After
the matching in Eq. (2) is performed, the predicted query token embeddings are
decoded into the query label by a label decoder h ~ g~ '.

The training protocol consists of two stages: episodic meta-training and few-
shot fine-tuning. During episodic training, the whole model is trained with var-
ious dense prediction tasks sampled from a meta-training dataset to learn a
general concept of matching. At this stage, Chameleon maintains and tunes sep-
arate sets of task-specific parameters 6+ of the image encoder for each training
task Ttrain- After meta-training, Chameleon adapts to an unseen target task Tiest
by fine-tuning the task-specific parameters 67 with a small support set St;__,.
To further adapt the model to unseen output structures, we also fine-tune a part
of the label decoder h (e.g., a linear head) while fixing the rest.

The key design of Chameleon lies in how to produce the image token embed-
dings f7(x). Since the matching (Eq. (2)) requires the number of the tokens in
the image and the label to be consistent, we need to design a flexible encoding
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Fig. 3: Encoding mechanism of the image encoder to handle multiple input images.

mechanism that handles arbitrary input space with a varying number of modal-
ities I. At the same time, the encoding mechanism should reflect the unique
correlation between the input modalities, which varies significantly per task.
Another crucial component is the adaptation mechanism of the image encoder
fr(x) = f(x;0,67) and the choice of task-specific parameters 6. It should be
flexible enough to adapt in order to predict vastly diverse semantics and struc-
tures of labels that are unseen during training, while not overfitting to the small
support set. In the following sections, we explain how we design each component.

3.1 Encoder for Variable Input Images

To effectively handle tasks with varying numbers and types of input modalities,
we design an encoding mechanism based on a transformer [57] as illustrated
in Figure 3. First, we patchify a multi-modal input X € R3/7XHTXW7r with
a fixed patch size (3,pp,pw), which results in I+ x Mt tokens where My =
(Hr /pn) x (Wt /pw) denotes the number of tokens per modality. Then we encode
all the tokens at once by a transformer encoder, which contextualizes the token
embeddings across modalities. Importantly, we should also encode the positional
information about tokens, such that the encoder can incorporate the varying
relationship between input modalities as well as the spatial prior adaptively per
task. Besides the example-level contextualization, such information allows our
model to learn and adapt global correlation across the input modalities per task.

To model the positional relationships between the multi-modal tokens, we de-
sign a learnable positional embedding that extends the relative position bias [4,
43]. In each b-th attention layer, the position bias between a query token at po-
sition (m, h,w) and a key token at position (m’, h’,w’) is computed by indexing

)

a learnable embedding P7(—b as follows:

PO m,m! h— b w —w'] € R (3)

The first two indices (m,m’) distinguish each modality pair, such that different
types of inter-modal interaction between tokens can be modeled. Then the re-
maining indices (h — b/, w — w’) distinguish the relative spatial positions, which
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Fig. 4: Task-adaptive feature re-weighting mechanism with a hierarchical architecture.
The figure highlights the matching module at the third level of the hierarchy (I = 3).

effectively encodes the translation-equivariance along the spatial axes. Note that
we assign different embeddings Pg ) for each task as a part of task-specific pa-
rameters f7. This ensures the encoder not only handles different numbers of
positions but also adapts to contextualize distinct relationships between modal-
ities of each task separately. Having that the information from other modalities
is contextualized to each modality, we use the first M+ tokens as image token
embeddings for the matching (Eq. (2)).

3.2 Feature Modulation of the Image Encoder

To adapt to tasks with unseen semantics and structures of labels, Chameleon
modulates the image encoder in two ways. First, the bias parameters b7 of each
image encoder layer are tuned separately for each task 7. This has been proven
to efficiently modulate the features in a transformer encoder [24,66]. Second, we
introduce a feature re-weighting mechanism to associate different levels of image
and label features. While it is known that using multi-level image features is
beneficial for dense prediction in general [10,29,44], it is not straightforward in
our matching formulation (Eq. (2)) to associate both features at different levels.
To enable our model to capture an arbitrary correspondence between image
and label features, we design a hierarchical architecture that adaptively relates
different levels of image and label features depending on each task.

To this end, we extract the image and label features at L levels of their
encoders and perform matching at each label feature level using all levels of
the image features, as illustrated in Figure 4. To control the contribution of the
image feature levels on each matching module task-specifically, we introduce a
learnable matrix Ay € RE*L for each task 7 that re-weights the multi-level

image features Fiy = [fg})(x), I A7(—L)(x)] € RE*4 yia matrix multiplication:

Fr=[fx),, )] = ArFr, (4)
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Fig. 5: Summary of our meta-training dataset. Left: image domains (outer circle) and
source datasets (inner circle). Sizes correspond to the dataset size. Right: task categories
(inner circle) and specific tasks (outer circle). Sizes correspond to the sampling ratio.

where each row of A7 is normalized to sum to 1 such that the total contribution
from the image feature levels remains constant. Then each re-weighted feature

f7@ (x) is passed to I-th matching module:

0O =33 oV (D () 00 (). 1<i<Le ()

i<N j<M

After performing the matching at L levels, we convert the outputs into a feature
pyramid whose resolution increases as the level decreases, which are progressively
decoded by a convolutional decoder [44].

In this way, our model can adapt to various tasks having different opti-
mal correspondence between the image and label features (see Figure 7 for the
learned feature weights in downstream tasks), as well as adapting the image fea-
tures themselves via bias tuning. Since the task-specific parameters introduced
in the image encoder 07 = (Pr, by, A7) occupy a small portion of the whole
parameters, Chameleon is robust to over-fitting during fine-tuning.

4 Scaling up the Data and the Model

We investigate strategies to enhance the generalization of Chameleon over vari-
ous unseen dense prediction tasks by collecting a large-scale meta-training dataset
(Section 4.1) and scaling up the model capacity and resolutions (Section 4.2).

4.1 Meta-Training Data with Diverse Tasks and Domains

To achieve robust generalization across real-world scenarios, meta-training on
diverse domains and tasks constitutes a crucial element of Chameleon. To this
end, we curated a large-scale meta-training dataset comprising around 1.2 mil-
lion images drawn from six prominent datasets: Taskonomy [68], COCO |8, 30],
MidAir [16], MPII [2], DeepFashion [32], and FreiHand [70]. As summarized in
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Figure 5, the dataset covers a wide range of domains (indoor to outdoor) and
tasks (continuous to categorical) considered in mainstream vision benchmarks,
which makes Chameleon generally applicable to many real-world scenarios.
Our meta-training dataset consists of dense labels from 14 different dense
prediction tasks, which can be roughly categorized into continuous signal pre-
diction, semantic segmentation, and keypoint detection. We also augment the
dataset with three unsupervised tasks, namely autoencoding, denoising, and edge
detection (see Figure 5 for the sampling ratio of each task). To include tasks with
multi-modal input, we use stereo images offered by the MidAir dataset. In addi-
tion, we simulate an interactive segmentation task using instance segmentation
labels in the COCO dataset by composing a pair of images as input, where the
first element is an RGB image and the second image includes marked positions
of several pixels sampled within the target object instances to be segmented.

4.2 Scaling up the Model

To boost the performance of Chameleon in the wild, we scale up the model
capacity from a base implementation of VITM [24]. Since the image encoder plays
a central role in the matching, we scale it up to pre-trained BEiTv2-Large [40].
To match the correspondence between the image and label encoders, we also
scale up the label encoder to ViT-Large [14] and increase the dimension and
number of heads in the matching module accordingly. Finally, the number of
convolution channels in the label decoder has increased from 96 to 256.

Since the performance of dense prediction is generally sensitive to the image
resolution, Chameleon adapts to the resolution (H7, W) defined for each target
task 7. This can be done by performing spatial interpolation of the positional
embeddings of the transformer encoders, both for images and labels. To avoid the
heavy meta-training at high resolution, we meta-train Chameleon with (224, 224)
resolution and then fine-tune it with the adapted resolution, which efficiently
boosts up the downstream performance.

5 Experiments

This section presents the evaluation results of Chameleon on six benchmark
datasets and internal analysis. More results and detailed descriptions of imple-
mentation and experiments are in the Appendix.

Generalist Baselines. We compare our model with three data-efficient gen-
eralist approaches: Painter [61], SegGPT [62], and VTM [24]. Painter and Seg-
GPT can be used in unseen tasks with or without test-time adaptation through
In-Context Learning (ICL) or Prompt Tuning (PT), respectively. Therefore,
we evaluate Painter and SegGPT under both settings, where we apply Seg-
GPT-+ICL in only segmentation tasks since the model cannot handle the con-
tinuous label. For a fair comparison, we use the same support set for fine-
tuning (VIM, Painter+PT, SegGPT+PT) and prompting (Painter+ICL, Seg-
GPT+ICL). As all of these baselines do not support multiple input images, we
apply them on tasks having a single input image.
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Specialist Baselines. To provide a reference, we also report the performance of
two specialist models for each task trained with full supervision. Since our goal
is not beating the state-of-the-arts in individual benchmarks but demonstrating
the generality, we avoid specialists that incorporate heavy task-specific post-
processing or extra supervision as they are orthogonal to the model.

5.1 Downstream Tasks

To evaluate the generality of our method in real-world few-shot settings, we
select six downstream tasks covering diverse output semantics and structures as
well as input domains and modalities that are unseen in the meta-training.
Animal Keypoint Detection. To test whether our model can flexibly adapt
to unseen output structures, we select animal keypoint detection. The objec-
tive is to predict the joint locations of animals, which can be converted to a
multi-channel dense heatmap. Note that the output structure, i.e., definition of
keypoints and their spatial relationships, are unseen during meta-training. We
evaluate our model on the AP-10K [65] dataset, where we select eight species
with distinctive features (antelope, cat, elephant, giraffe, hippo, horse, mouse,
and pig) and report the mean average precision (AP) [65] over them. For sim-
plicity of post-processing, we exclude images with multiple instances.

6D Pose Estimation. To test whether our model can also adapt to unseen
output semantics, we select 6D pose estimation. The objective is to predict
the 6D extrinsic camera matrix that represents the rotation and translation
of a target object. We formulate it as a dense prediction by predicting dense
correspondence between each image pixel and 3D vertex of the provided CAD
model, from which the 6D pose is obtained by Perspective-n-Point algorithm [26].
Indeed, the labels have distinct semantics and structure from those of meta-
training tasks. We evaluate our model on the LineMOD [20] dataset and report
the ADD score [42] measuring the distance of vertices in 3D space.
Exemplar-Guided Object Counting. To test whether our model can ex-
ploit a user interaction as an extra image modality, we select exemplar-guided
object counting. The objective is to count all objects in an image specified by
three bounding box exemplars, which are represented by two images: RGB image
and an exemplar guide that highlights the bounding box areas. In this task, the
model must use the exemplar guide to figure out target objects to be counted. We
formulate the task to predict the heatmap of object centers, from which the num-
ber of objects is obtained by counting the modes. We employ the FSC-147 [45]
dataset and report mean absolute error (MAE) following the literature |9, 13].
Cell Instance Segmentation. Cell instance segmentation also has multi-modal
input images, with distinct domains from the natural images. The objective
of this task is to segment all cell instances within a bi-model image (one for
cytoplasm and another for nuclei). Following [54], we formulate the task as flow
estimation, where the model predicts vertical and horizontal gradients of each cell
towards its center along with foreground segmentation. As in 6D pose estimation,
this output representation has distinct semantics and structures from the meta-
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training tasks. We evaluate our model on the Cellpose [54] dataset and report
average precision with threshold IoU=0.5 (APj5).

Skin Lesion Segmentation. We select skin lesion segmentation as an in-
distribution but out-of-domain task, where the objective is to segment the skin
lesion in dermatoscopic images. We employ ISIC 2018 [35] dataset and report
average F1 score of 5-fold cross-validation, following the literature [19, 56].
Video Object Segmentation. Finally, to further explore the potential of our
model in the wild, we select video object segmentation. The objective is to track
target objects over an entire video, which are specified in the first frame. We
formulate this task as 1-shot image segmentation by treating the first frame as
support and the remaining as queries, where we augment the 1-shot support
with random cropping. Note that, unlike common specialists in this literature,
we neither exploit any temporal correlation nor train our model on video data.

We employ the DAVIS 2017 [41] dataset and report the J&F score [12,59].

5.2 Main Results

Table 1 summarizes the performance of our model and baselines on the six
downstream tasks. In general, our model significantly outperforms the generalist
baselines in all tasks, which shows the effectiveness of our approach in low-shot
learning of diverse dense visual prediction in real-world applications. We discuss
the results of each task in the following paragraphs.

Animal Keypoint Detection. In this task, our model should understand not
only the appearance of distinctive animal body parts but also their spatial pri-
ors to resolve ambiguities in prediction. Since these are largely different across
species and any objects in meta-training data, the task requires rapid adaptation
to unseen domains and output structures. As shown in Figure 8, Chameleon suc-
cessfully predicts keypoints of eight species with varying appearance and body
configurations. Interestingly, our model seems to leverage the spatial prior to
localizing the missing parts (occlusions in Antelope and Cat) and distinguish
left and right. We also observe that the generalist baselines struggle to learn this
task despite the test-time adaptation (see Figure 2), showing the effectiveness of
our model in adapting to unseen output structures.

6D Pose Estimation. In this task, our model has to predict 6D pose of an
object, which is different from any meta-training tasks in both knowledge to
solve it and the output structure. Without leveraging a dedicated architecture
for 3D understanding, Chameleon successfully adapts to the task, even outper-
forming some of the specialized baselines. To further analyze if our model really
understands the task, we visualize the attention score in the matching (Eq. (2))
in Figure A.15. It shows that the similarity of the query image patch with the
support images is highly correlated with 3D positions, which is desirable for the
task. We also note that learned weights in the feature re-weighting (Figure 7)
tend to be inversely correlated with the feature levels. It indicates that the model
leverages the high-level semantics to capture fine details in labels, which is rea-
sonable in 3D understanding. These observations indicate that our model can
adapt to novel 3D understanding tasks with unique output structure.
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Table 1: Comparison with specialists for each task and generalists based on in-context
learning and parameter-efficient fine-tuning. Generalists use 1-shot support for DAVIS
2017, 20-shot for AP-10K and ISIC 2018, and 50-shot for the others.

animal kp. 6D pose skin les. seg. video obj. seg. obj. count. cell inst. seg.
AP-10K LineMOD ISIC 2018 DAVIS 2017  Cellpose FSC-147
AP 1 ADD 1 F11 TJ&E&F 1 MAE | AP5o T
Specialists, fully-supervised

SimpleBaseline [63] 64.9 - - - - -
HRNet [55] 69.8 - - - - -
DPOD [67] - 83.0 - - - -
CDPN [28] - 89.9 - - - =
FTN [19] - - 89.7 - - -
UNeXt [56] - - 89.8 - - -
XMem [12] - - - 87.7 - -
ISVOS [59] - - - 88.2 - -
CounTR [9] - - - - 12.0 -
LOCA [13] - - - - 10.8 -

Stardist [48] - - - - - 67.0

Cellpose [54] - - - - - 70.4

Generalists, low-shot

Painter [61] + ICL 0 0 36.3 34.6 - -
Painter [61] + PT 0.4 15.7 86.8 53.9 - -
SegGPT [62] + ICL - - 60.2 75.6 - -
SegGPT [62] + PT 2.0 23.1 88.1 67.0 - -
VTM [24] 9.1 59.3 84.1 54.0 - -

Chameleon (ours) 67.2 85.2 88.5 77.5 12.0 70.3

DAVIS 2017 (1-shot)

Query 4
Frames [ .
-

Pred

LineMOD (50-shot) AP-10K (20-sh ISIC 2018 (20-: shnt) CellPose (50-shot)

Fig. 6: Qualitative results of Chameleon in six downstream benchmarks. We color-
coded outputs from different channels. ¢t denotes the frame number.

Medical Semantic Segmentation. In this task, the model has to adapt to
a huge domain shift from natural images in meta-training data to medical im-
ages. As shown in Table 1 and Figure A.16, our model successfully adapts even
with such domain gaps, while in-context learning methods struggle. Not surpris-
ingly, with prompt tuning, Painter and SegGPT become competitive with our
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Fig. 7: Learned feature weights in downstream tasks.

Antelope Cat Elephant

Giraffe Hippo Horse Mouse Pig

Fig. 8: Keypoint prediction of Chameleon on eight animal species.

model, as they can address out-of-domain tasks with seen label semantics and
structures. Still, Chameleon outperforms all the generalist baselines, showing its
effectiveness.

Video Object Segmentation. Although the meta-training tasks include seg-
mentation, generalizing our model to video object segmentation is challenging
since it is learned on images and unaware of relating temporally distant objects.
Surprisingly, by matching each frame independently with the label of the first
frame, Chameleon successfully tracks objects under significant appearance vari-
ations (Figure 6), achieving comparable performance to the specialist baselines
that heavily rely on temporal correlation. As shown in Figure A.20, most failure
cases of our method are due to ambiguous distractors, which additional frame
labels can resolve. Indeed, our method can naturally incorporate such additional
labels while it is not straightforward in baselines due to the causal inference, and
Chameleon begins to surpass them with four frame labels (Figure 10).
Exemplar-Guided Object Counting. The ability to process multiple input
images also allows Chameleon to be applied to user-interactive tasks, such as
exemplar-guided object counting. In this task, our model exploits the exemplar
guide given as the second image to identify objects to count. As shown in Fig-
ure 9 (a), counting objects without such guidance inevitably includes many false
positives, whereas our method successfully excludes them using the guidance.
Together with cell instance segmentation tasks, it shows that our method can
adapt to multi-modal inputs with vastly different semantics effectively with the
encoding mechanism introduced in Section 3.1.

Cell Instance Segmentation. This task involves out-of-domain images and
labels, but more interestingly, solving this task requires understanding of bi-
modal images of cytoplasm and nuclei. It requires our model to take these two
images and learn to leverage their exclusive cues for cell instance segmentation
by adapting the multi-modal position bias. As shown in Figure 9 (b), Chameleon
successfully utilizes such information, by distinguishing two instances entangled
in cytoplasmic image using information in nucleic image.
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(a) Effect of using an exemplar guide in object counting.
Prediction without Prediction with

Cytoplasmic Image Nucleic Image Nucleic Image Nucleic Image

(b) Effect of using a nucleic image in cell instance segmentation.

Fig. 9: Effect of using multi-modal input. (a) In object counting, Chameleon excludes
false positives (bushes) by using the exemplar guide. (b) In cell instance segmentation,
Chameleon separates two cells in the blue box by exploiting the nucleic image.

5.3 Ablation Study

Component-wise Analysis. We conduct an ablation study to analyze the ef-
fect of each component introduced in Chameleon. As our model is based on
the VIM framework, we ablate our improvements from VTM one by one. As
shown in Table 2, all components contribute to improving the downstream per-
formance (scaling up the model and meta-training data), as well as broadening
the scope to multi-modal applications (encoding mechanism for multi-modal in-
puts). Notably, we observe that feature re-weighting improves the performance
considerably especially when the structure and semantics of the labels are largely
different from meta-training tasks, such as 6D pose estimation, object counting,
and cell instance segmentation. As shown in Figure 7, the learned weights vary
substantially across tasks, showing its effectiveness in adapting matching mod-
ules to the out-of-distribution tasks.

Ablation Study on Meta-Training Data. To further analyze the effect of
meta-training, we conduct an ablation study in Table 3 by gradually increasing
the scale and diversity of meta-training data. The performance of Chameleon
tends to consistently improve as we diversify domains and tasks in the meta-
training dataset. Interestingly, such improvements are often from adding tasks
less or barely correlated with the downstream tasks. For instance, adding syn-
thetic drone images with continuous labels (MidAir) improves the animal pose
estimation by a large margin, or adding keypoint detection tasks (KP-4) im-
proves 6D pose estimation. It shows that our method can effectively leverage the
indirect correlations of meta-training and downstream tasks through universal
matching, which is critical in generalization to out-of-distribution tasks.

Effect of Support Size. To study the effect of support set size, we plot the per-
formance of Chameleon with three different shots in Figure 10. We observe that
performance consistently increases as support size increases, and beats specialist
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Table 2: Ablation study on the contributions of each component.

. AP-10K LineMOD ISIC 2018 DAVIS 2017 FSC-147 Cellpose
Model Variant
AP 71 ADD 1 F11 TJ&F 1 MAE | APs50 1
VTM 9.1 59.3 84.1 54.0 - -
+ Enlarged Backbone 25.3 73.9 85.4 66.8 - -
+ Large and Diverse Data 65.0 73.6 86.5 73.6 - -
-+ Variable-Input Encoder 63.6 73.3 88.9 76.0 17.9 67.2
+ Feature Weighting (Ours)| 67.2 85.2 88.5 77.5 12.3 70.3

Table 3: Ablation study on meta-training dataset. COCO (seg.) refers to using only
segmentation labels in COCO dataset, and KP-4 refers to using four keypoint detection
datasets (COCO, MPII, Deepfashion, and Freihand).

.+, COCO AP-10K LineMOD ISIC 2018 DAVIS 2017 FSC-147 Cellpose
Taskonomy MidAir KP-4
(seg.) APT ADD 1t F1 1 T&F 1 MAE | APs0 1
v X X X 19.3 84.0 84.6 66.4 - -
v v X X 42.4 80.0 87.3 69.3 17.1 66.9
v v v X 65.1 83.3 88.0 74.6 14.9 69.2
v v v v 67.2 85.2 88.5 77.5 12.3 70.3
AP-10K . LineMOD ISIC 2018 DAVIS 2017 FSC-147 Cellpose
T godeeeeeea o] s75{FEEEEEEEES 2
7O m = - 90
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“60/ 2.0 w85 L5 EI
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Fig. 10: Downstream performance of Chameleon (blue line) by varying the support
set size. Dotted lines correspond to the performance of specialist models of each task.

baselines in all benchmarks with only dozens of labels at most. This demon-
strates the potential of Chameleon in various dense visual tasks in the wild,
whose available supervision ranges between a couple of examples to dozens.

6 Conclusion

We proposed Chameleon, a data-efficient generalist for arbitrary unseen dense
visual prediction. Based on a token-level matching framework, we introduced
a flexible encoding mechanism for multiple input images and a powerful task-
specific adaptation mechanism for hierarchical architecture. We have also col-
lected a meta-training dataset by curating six datasets containing diverse dense
visual tasks from various domains. Through extensive experiments, we showed
that Chameleon can learn various unseen tasks with distinct label structures and
semantics from training with at most dozens of labels.
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