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Abstract. In-context learning (ICL) has shown promise for generaliz-
ing to new visual tasks using a few examples, but current methods are
limited. They typically rely on a rigid gridding strategy that restricts the
number and resolution of context images. We propose Temporal, a novel
approach that overcomes these limitations by reformulating visual ICL as
a video object segmentation (VOS) problem. This VOS-based approach
naturally handles a variable number of full-resolution context images. To
automatically select the most relevant context for a given query, we in-
troduce a prompt retriever pretrained on videos using a time-contrastive
objective. This objective learns from the temporal coherence of video,
using adjacent frames as positive examples (i.e., useful context images)
and distant frames as negatives. For image segmentation, our retriever
builds a pseudo-video by prepending the retrieved context images to
the query image, which is then processed by the VOS model. For video
segmentation, the retriever identifies keyframes, our ICL pipeline gen-
erates their masks, and these masks are propagated through the video.
On the MICCAI FLARE 2022 challenge, Temporal significantly outper-
forms baselines, achieving a Dice score of 90.95% for image segmentation
(+10.64%) and 92.45% for video segmentation (+14.88%).

Keywords: Time-Contrastive Learning · In-Context Learning · Video
Object Segmentation

1 Introduction

Medical imaging generates vast quantities of unlabeled data, yet acquiring dense
annotations remains costly. This challenge has motivated the development of
approaches requiring fewer labels, such as self-supervised learning [2,5,13,9,10,1],
semi-supervised learning [17], and transfer learning [20]. Recently, foundation
models have introduced new paradigms such as visual prompting and in-context
learning (ICL) [21,7,8,3,22], enabling adaptation to new tasks with minimal or
no fine-tuning.

In-context learning (ICL)—where models perform new tasks or generalize to
unseen domains by conditioning on input-output examples without parameter
updates—has been remarkably successful in natural language processing [4]. It
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Fig. 1. Model architecture. (a) Visual in-context learning via VOS: The retriever fθ
selects the optimal context set P for a query image xq. The query image xq is appended
to the context to create a video sequence, and the VOS model predicts the segmentation
mask for xq using this sequence. (b) Video segmentation with ICL: 1) Select keyframes
(Section 2.3), 2) Predict masks for keyframes using step (a), 3) Propagate masks across
the video.

offers a compelling vision for medical imaging: a single model could generalize
across diverse segmentation tasks by "reasoning" over relevant annotated ex-
amples. However, adapting ICL to computer vision presents unique challenges.
We highlight two critical issues: (1) selecting the most relevant context images,
and (2) effectively modeling interactions between the context set and the query
image. An ideal visual ICL model must support a variable number of context
images and preserve their full resolution. While textual input-output pairs can
be trivially concatenated, it is less clear how to best handle a variable number
of images for visual ICL.

Early attempts at visual ICL relied on a gridding strategy, arranging input-
output image pairs in a grid alongside a query image [3,23,22,18]. This strategy,
however, limits the number of context images and necessitates downsampling,
reducing image detail—a critical limitation for medical applications. More recent
work has focused on context selection. Zhang et al. [23] found that performance
is significantly impacted by the choice of context examples and proposed both
unsupervised (CLIP-based [14]) and supervised retrieval techniques. Subsequent
innovations included padding images with learnable vectors [22] and combining
channel and spatial features for computing similarity [16].

A promising alternative emerged when Foster et al. [8] framed ICL as a video
object segmentation (VOS) task. In this approach, context images are treated as
frames in a synthetic video, and a VOS model [6] segments the final frame (the
query image). This allows for handling full-resolution images and variable-sized
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Fig. 2. Multi-positive sampling strategy. For each anchor image in a clip, we sample M
temporally adjacent frames as positives and all other frames in the clip as negatives.
Shaded regions are frames that were not sampled in a minibatch.

context sets. However, this method relied on pre-trained CLIP embeddings for
context retrieval, which may not be optimal for unseen domains like medical
imaging.

Our work, named Temporal, extends the VOS-based ICL framework by in-
troducing a self-supervised, time-contrastive approach for context retrieval and
a unified pipeline for both image and video segmentation. We pretrain a re-
triever on videos using a multipositive time-contrastive objective, which lever-
ages temporal coherence as a natural supervisory signal. This avoids the need
for manual labels by treating adjacent frames as positive examples. Further-
more, we provide a comprehensive analysis of context selection and an effi-
cient keyframe-based method for video segmentation. To our knowledge, this is
the first work to combine time-contrastive networks with a multipositive cross-
entropy loss for self-supervised learning from videos. Our approach achieves
up to 92.45% Dice on video benchmarks—a 14.88% improvement over semi-
supervised VOS baselines. Figure 1 illustrates our approach. The code is avail-
able at github.com/aswahd/Temporal.

2 Method

Our method consists of three main components: (1) a formulation of visual ICL
as a video object segmentation (VOS) task, (2) a prompt retriever pretrained
with a multipositive time-contrastive objective, and (3) an inference pipeline for
both image and video segmentation. We use SAM2 [15] as our base VOS model.

2.1 Visual In-Context Learning as VOS

Given a dataset of input-output pairs D = {(xn, yn)}Nn=1 and a query xq, ICL
aims to predict ŷq by conditioning on a context set P = {(xc1 , yc1), . . . , (xcK , ycK )} ⊆
D. To overcome the limitations of gridding strategies, we frame ICL as a VOS
problem. The context set P and the query xq are treated as frames in a synthetic
video, where each pair (xck , yck) is a labeled frame and xq is the final, unlabeled

https://github.com/aswahd/Temporal
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frame. A VOS model Vϕ then segments xq:

Vϕ(P, xq) = Vϕ

(
xc1 , yc1 , . . . , xcK , ycK , xq

)
. (1)

The selection of the optimal context set P is handled by our prompt retriever,
described next.

2.2 Multipositive Time-Contrastive Pretraining

Our objective is to sample multiple positive examples along with a substantial
number of negatives for each anchor frame in a video, and to train the network
using a contrastive loss. We formalize this as follows:

Sampling Strategy: For each video V of length L, we sample a contiguous clip
C = {tstart, tstart + 1, . . . , tstart + N − 1}, where N denotes the clip length and
tstart ∼ U(1, L−N). All frames in the clip are used in a minibatch.

Generating Label Matrix: For each anchor frame i ∈ C, positive pairs are
defined as frames within a temporal window Wi = [max(1, i−⌊W/2⌋),min(N, i+
⌊W/2⌋)], where W specifies the window size. We sample M frames from the
window. This generates a binary label matrix A ∈ {0, 1}N×N :

Ai,j =

{
1 if |i− j| ≤ ⌊W/2⌋
0 otherwise

(2)

To prevent trivial self-similarity matches, diagonal elements Ai,i are masked
to 0.

Multi-View Augmentation: We generate two augmented views C̃1 and C̃2

through random geometric (e.g., translation) and photometric (e.g., Gaussian
blurring) transformations. The label matrix expands to encode multi-view rela-
tionships:

Â =

[
A A+ IN

A+ IN A

]
(3)

where IN denotes the N ×N identity matrix. This formulation ensures that:

– Temporal neighbors within each view remain positives
– Temporal neighbors across views are positives
– Two views of the same frame are positives (i.e., +IN ).

For minibatch training, we sample B video clips, and extend the above label
matrix to consider frames from different videos as negatives. The final label
matrix is a block diagonal matrix with B blocks. See Fig. 1 for the overall
architecture and 2 for an illustration of a sampled minibatch.

Multipositive Time-Contrastive Loss: Each anchor, in a minibatch of shape
(B×N,C,H,W ), has 2M − 1 positives and 2B(N −M) negatives. The encoder
fθ projects the input batch into a set of embeddings z = {z1, z2, . . . , z2BN}.
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Fig. 3. Inference pipeline for video segmentation.

Each embedding is L2 normalized to obtain ẑi = zi/∥zi∥. The multipositive
contrastive loss is defined as:

Lcontrastive = − 1

2BN

2BN∑
i=1

1

|P (i)|
∑

j∈P (i)

log
exp

(
ẑ⊤
i ẑj
τ

)
exp

(
ẑ⊤
i ẑj
τ

)
+
∑

k∈N(i) exp
(

ẑ⊤
k ẑj
τ

) ,
(4)

where P (i) denotes the set of positive samples for the i-th anchor, N(i) represents
the corresponding set of negatives, and τ is the temperature parameter.

2.3 Inference

Image segmentation: For a given test image xq, we first compute its embed-
ding zq = fθ(xq) and retrieve the top-K most similar images from the training
database D based on cosine similarity. These retrieved contexts are then used
to construct a synthetic video sequence V = {xc1 , . . . , xcK , xq}, with the query
image xq appended as the final frame. Finally, the VOS model Vϕ processes this
sequence to produce the segmentation mask ŷq for the query image, as illustrated
in Fig. 1(a).

Video Segmentation: Given an input video V = {x1, x2, . . . , xL} with L
frames, our goal is to generate segmentations {ŷ1, ŷ2, . . . , ŷL}. We can apply
the image-based inference procedure frame-by-frame, and concatenate the re-
sults but this is computationally expensive for long sequences and it doesn’t
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consider temporal coherence when making predictions. Instead, we propose a
keyframe-based approach that leverages the temporal structure of videos. The
inference proceeds as follows:

1. Choose frames that are most useful if used as prompts (keyframes). First,
each frame xt is mapped to an embedding zt = fθ(xt) ∈ Rd. We then mea-
sure how “similar” each frame is to the training database by computing st =
max
d∈D

zt·d
∥zt∥ ∥d∥ . We form a candidate set S ⊆ V of size K by selecting the top-K

frames with the highest similarity scores {st}. Intuitively, these are the frames
that best match the training data distribution and thus are more likely to yield
accurate segmentations using the visual ICL (Figure 1).

2. Choose Q representative frames from S. Although all frames in S are
strongly matched to the training set, some may be temporally redundant. Hence,
we select a subset of size Q that is more diverse. Let S = {x(1), x(2), . . . , x(K)}
be sorted in descending order by st. We impose a minimum temporal distance τ
between chosen frames to encourage coverage of different time points. Starting
with Q = {x(1)}, we add x(i) to Q if min

xj∈Q

∣∣ ti − tj
∣∣ > τ, where ti is the frame

index of x(i). This process continues until we have selected Q frames or exhausted
S.

3. Predict segmentation and filter out non-confident predictions. For each
chosen frame xq ∈ Q, we apply the image inference procedure (read above or
Figure 1(b)) to obtain a predicted segmentation mask ŷq and an associated
confidence score cq: (ŷq, cq) = Temporal(xq,D).. Since some predictions may be
unreliable, we only keep those that exceed a threshold γ: P =

{ (
xq, ŷq

) ∣∣ cq ≥
γ
}
. Hence, P contains high-confidence and representative prompts that will guide

the subsequent video-wide segmentation.
4. Propagate predictions for the rest of the video. We feed the retained prompts

P into a promptable VOS model Vϕ. Since the selected keyframes may be in the
middle of the video, we propagate the prompts in both forward and reverse
directions to generate segmentations for the entire video: {ŷ1, ŷ2, . . . , ŷL} =
Vϕ

(
V, P

)
. The process is illustrated in Figure 3.

Fine-tuning: To bridge the domain gap between natural and medical images,
we fine-tuned all parameters of the underlying VOS model using "synthetic"
videos constructured from 2D images in the training set. For each image xi, we:
1) select top-K context images via fθ, 2) construct video Vi = {x1, . . . ,xK ,xQ}
sorted by similarity, and 3) train Vϕ on random clips vi ⊂ Vi to minimize
minϕ Lseg(Vϕ(vi), y). Fine-tuning significantly improves both image and video
segmentation as shown in Tables 1 & 2.

3 Experiments

Representative methods. We compare against grid-based [23] and VOS-based
ICL [8]. We adopt SAM-2 as the video foundation model since it represents the
current SOTA in generic video segmentation.
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Fig. 4. Qualitative segmentation results on Pancreas. Our approach (right) produces
more accurate organ segmentations and tracking compared to baselines. The baselines
fail to track the organ after t = 32.

Datasets. We evaluate our approach on the MICCAI FLARE 2022 dataset, a
benchmark dataset for CT scan segmentation. The dataset includes both anno-
tated scans and a substantial collection of unlabeled data, which we utilize for
self-supervised pretraining. Specifically, we use 40 scans to construct the con-
text set and 10 scans for testing. These 10 scans comprise 922 slices containing
foreground annotations.

Implementation Details. Our time-contrastive pretraining employs a ResNet-
50 [11] backbone. We sample 16-frame video clips with a stride of 2 and apply ran-
dom augmentations (e.g., rotation, horizontal flipping, and Gaussian blurring).
For the cross entropy loss, the temperature is set to τ = 0.1, and two adjacent
frames are selected as positives per anchor. Training runs for 500 epochs with a
minibatch of 4 clips (resulting in a batch size of 16× 2× 4 = 128 images) using
the AdamW optimizer [12] (learning rate lr = 10−3 and weight decay 10−4).
The hyperparameters were chosen via grid search over lr ∈ {10−4, 10−3, 10−2}
and τ ∈ {0.1, 0.5, 1.0}. The VOS model utilizes a SAM2-B+ backbone [15]. For
image segmentation, we empirically found that 10 context images work best (see
Table 1). For video segmentation, we sample 20 keyframes. Fine-tuning is per-
formed for 100 epochs with a learning rate of 10−5, a batch size of 1, and the
AdamW optimizer.

3.1 Results

Image segmentation: The grid-based method with unsupervised context retrieval
performs poorly on medical images, achieving only around 5% Dice score. So, we
abandon this approach in favor of VOS-based methods. Table 1 shows that Tem-
poral outperforms unsupervised prompt retrieval methods including DINOv2
[13], CLIP [14], and MedCLIP [19]. Our method achieves 83.55% Dice versus
80.31% for the best baseline. After fine-tuning, Temporal reaches 90.95% Dice,
a 10.64% improvement. Performance gains are particularly significant for chal-
lenging organs like Pancreas (79.53% versus baseline’s 49.10%).

Video Segmentation: We evaluate on 10 abdominal CT videos (average length:
95 frames) comparing two paradigms:

– Semi-supervised baselines: SAM-2 [15] and Medical SAM-2 [24] require
first-frame manual prompts. So, we provide ground-truth masks for the first
annotated slice of each organ.
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Table 1. Image segmentation results (Dice, %) of Temporal and baselines on the
FLARE 2022 dataset. "ctx" denotes the number of context images used. All baseline
models are evaluated with ctx=10. (RK: Right Kidney, Spleen, Panc: Pancreas, Aorta,
IVC: Inferior Vena Cava, Gall: Gallbladder, Eso: Esophagus, Stom: Stomach, LK: Left
Kidney). Fine-tuning (ft) improves performance.

Model Liver RK Spleen Panc. Aorta IVC Gall. Eso. Stom. LK Avg
Grid-based methods

Zhang et al. [23] (CLIP) N/A

VOS-based methods
Foster et al. [8] (Random, 5 evals) 0.8999 0.8904 0.8561 0.3006 0.9278 0.6998 0.5378 0.4127 0.6349 0.9003 0.7060
Foster et al. [8] (CLIP) 0.9234 0.8968 0.9136 0.4886 0.9490 0.8252 0.6142 0.6434 0.7291 0.8583 0.7842
Foster et al. [8] (MedCLIP) 0.8950 0.8486 0.8605 0.4464 0.9535 0.8207 0.6647 0.6758 0.7501 0.8097 0.7724
Foster et al. [8] (DINOv2) 0.9161 0.9003 0.8815 0.4910 0.9485 0.8432 0.7519 0.6730 0.7509 0.8747 0.8031

Ours
Temporal (ctx=5) 0.9088 0.9003 0.9222 0.6105 0.9526 0.8185 0.7579 0.7096 0.7194 0.8881 0.8188
Temporal (ctx=10) 0.9243 0.9105 0.9221 0.6211 0.9560 0.8364 0.8130 0.7228 0.7499 0.8991 0.8355
Temporal (ctx=5,ft) 0.9504 0.9115 0.9578 0.7872 0.9669 0.9204 0.8361 0.8619 0.8585 0.8980 0.8949
Temporal (ctx=10, ft, topk) 0.9506 0.9032 0.9371 0.7860 0.9669 0.9214 0.8598 0.8772 0.8671 0.8958 0.8965
Temporal (ctx=10,ft) 0.9631 0.9202 0.9650 0.7953 0.9671 0.9218 0.9073 0.8697 0.8764 0.9090 0.9095

Table 2. Video segmentation results (Dice, %). SAM2 and Medical SAM2 are eval-
uated in a semi-supervised setting as they require prompts to propagate. Temporal can
automatically select context without supervision and achieves superior performance.

Method Liver RK Spleen Panc. Aorta IVC Gall. Eso. Stom. LK Avg
Baselines (Semi-supervised)

SAM-2 (mask prompt) 0.9121 0.9638 0.8845 0.3557 0.9497 0.8021 0.8737 0.6497 0.4395 0.9257 0.7757
Medical SAM-2 (mask prompt) 0.9070 0.8991 0.9650 0.3402 0.8932 0.7828 0.7238 0.6970 0.6786 0.8358 0.7723

Ours
Temporal (ctx=10) 0.9263 0.8867 0.9280 0.5970 0.9526 0.8633 0.8105 0.6281 0.7149 0.8853 0.8193
Temporal
(ctx=10, fine-tuned) 0.9739 0.9625 0.9532 0.8132 0.9669 0.9219 0.8928 0.8686 0.9118 0.9581 0.9223

Temporal
(fine-tuned, mask prompt) 0.9765 0.9625 0.9837 0.8203 0.9690 0.9351 0.8927 0.8875 0.8586 0.9586 0.9245

– Automated VOS: Temporal automatically identifies the target organs with-
out manual prompts, and tracks them throughout the entire sequence.

Table 2 highlights our method’s superiority: Temporal achieves 81.93% Dice
fully automatically compared to SAM2’s 77.57% with manual prompts. After
fine-tuning (Section 2), Temporal achieves 92.23% Dice, outperforming Medical
SAM-2 (77.83%) by 14.4%, and 92.45% in semi-supervised segmentation. The
improvement is particularly dramatic on challenging organs like Pancreas, where
the best baseline achieves only 35.57% Dice compared to Temporal’s 82.03%
after fine-tuning. See Fig. 4 for qualitative results.

Impact of Context Size. To evaluate the effect of the number of annotated con-
text images, we varied the number of context examples in our experiments. As
shown in Table 1, increasing the number of context images results in improved
performance: for example, 74.70% Dice with 5 context images versus 81.83%
Dice with 10.
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Diversity-Aware Context Selection. We compare standard top-K context re-
trieval with a diversity-aware selection strategy. Our two-stage approach: (1)
retrieves top-K most similar training images to the query using cosine similarity
on SSL features, then (2) greedily selects top-Q diverse candidates. The core
idea is to minimize redundancy in the context set, ensuring each selected exam-
ple contributes unique information. For each candidate zj in the K-subset, we
iteratively select the sample maximizing:

score(zj) = sim(zj , zquery)− λ · max
zk∈S

sim(zj , zk),

where S contains already selected samples and λ balances relevance versus di-
versity. In our experiments, λ = 0.7 was determined through validation. The
results in Table 1 show that diverse sampling improves Dice by ↑ 2.1% (context
size 5) and ↑ 1.30% (size 10) over top-K selection, highlighting the importance
of context diversity.

4 Conclusion

We introduced Temporal, a self-supervised learning objective for pretraining
a prompt retriever, and we formulated visual in-context learning as a video
object segmentation. When evaluated on the MICCAI FLARE 2022 dataset,
our approach demonstrates substantial improvements, achieving a 9.23% and
14.88% increase in Dice scores in image and video segmentation, respectively.
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