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Abstract. Research such as marine ecology relies heavily on the anal-
ysis of corals and their morphologies from images, yet segmentation of
instances remains a hard computer vision task: even foundation models
such as SAM 3 typically require extensive annotation and retraining to
perform well on them. We present Foveate, a training-free method that
segments instances recursively leveraging frozen DINOv3 (24) embed-
dings, given as few as one exemplar mask of a target instance. Foveate
mimics the human fovea by recursively redirecting the vision encoder’s
attention to candidate regions: starting from the whole image, it gates
patches by their similarity to an exemplar bank, proposes tighter crops
from the connected components of the foreground, and re-embeds each
crop, iterating until every instance is separated and re-identified against
the exemplars at its own scale. No fine-tuning, decoder, class labels, or
full annotations are required. Because the exemplar defines the target
scale and granularity, a single prompt discovers every instance of the
prompted concept, both within an image and across images. As a proof
of concept, we evaluate on two custom marine benchmarks — coral and
polyp segmentation — and approach them training-free with roughly
40× fewer parameters than a promptable foundation model. Polyps re-
main hard for all methods, but an oracle-foreground analysis shows that
most of the gap is recoverable with a stronger foreground step, isolating
it as the key bottleneck. We share our design, early results, and open
questions to gather feedback.

Keywords: Instance segmentation · Training-free · In-context · Self-
supervised features

1 Introduction

Corals are a major driver of marine biodiversity and the effects of climate change
on their survival are still being actively researched (9). Substantial effort there-
fore goes into studying their survival and growth factors. To this end, corals are
grown in controlled laboratory environments and their morphologies are anal-
ysed from photographs, where each instance — a coral fragment or an individual
polyp — is manually labelled and classified. This process is time-consuming and

https://orcid.org/0009-0003-9918-2501
https://orcid.org/0000-0002-0727-5838
https://orcid.org/0000-0002-8857-8709


2 Leist et al.

tedious, so researchers frequently resort to coarse but fast annotation (e.g. single
points instead of full outlines). As a result, the quality of downstream insights
drops and important findings may be missed.

Prompted segmentation models such as the SAM family (4; 12; 23) aim to
mitigate this by enabling fast yet rich instance annotation: users provide simple
prompts such as points or bounding boxes, and the model turns them into an
outline of the target instance. However, these models often generalize poorly
to unseen domains. This is commonly addressed by retraining SAM on large
domain-specific datasets (1; 13; 15; 17; 18; 22). While this demonstrates the
models’ wide applicability, it circles back to the original problem: the need for
large amounts of annotated ground truth.

Self-supervised models offer a way out: they train on unannotated inputs
alone and can be adapted to a new domain without any ground truth, albeit only
for self-supervised objectives such as image reconstruction. The DINO family (5;
21; 24) produces semantically aligned, dense features that are commonly used for
linear probing. Crucially, these features can also be grouped by object identity
using cosine similarity (e.g. via agglomerative clustering) without any learning.
This raises the question of how far instance-level segmentation can be pushed
without any training at all.

Training-free, in-context approaches exist for semantic segmentation. For ex-
ample, INSID3 (8) gates patches by cosine similarity to a reference image-mask
pair, but it operates at one fixed resolution: the encoder spends the same patch
budget on the whole image regardless of where the instances are. Small or densely
packed instances, as in our coral and polyp benchmarks, fall below this effective
patch resolution and merge into a single foreground blob. Additionally, semantic
approaches do not yield the necessary individuation of objects (i.e. instances)
that ecological analysis requires.

We take inspiration from the human fovea: rather than processing the entire
visual field at uniform resolution, attention is repeatedly redirected to fixate,
refine, and individuate. Foveate realizes this as a recursive cascade (Fig. 1).
Starting from the full image, it (i) finds concept-similar regions, (ii) proposes
tighter child crops, and (iii) re-embeds each crop at higher effective resolution,
recursing until the similarity to the exemplars degrades.

Contributions. Our contributions are: (1) Foveate, a training-free, in-context,
recursive cascade for instance segmentation on frozen DINOv3 features address-
ing a series of limitations of related work; (2) a proof of concept on two custom
marine benchmarks for coral and polyp instance segmentation demonstrating
the ecological use case; and (3) an analysis of where the recursive zoom helps
and where it breaks down.

Code and data. We publish our code on Github: https://github.com/robertleist/
foveate/releases/tag/cv4e%40eccv26. The data is owned and will be pub-
lished by the Helmholtz Institute for Functional, Marine Biodiversity (HIFMB3).

3 https://hifmb.de, Accessed: 08/2026
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Fig. 1: One iteration of Foveate (simplified). The current crop C and the parent
crop CP it came from are embedded by the frozen DINOv3 encoder and scored against
the exemplar bank B. If no child of CP matches B more strongly than CP itself, the
zoom has gone too far and CP is emitted as an instance. Otherwise Where (INSID3)
locates the concept inside C, and the connected components of that foreground are
either recursed into or, when a single region cannot be separated further, partitioned
by k = 2-means (Split) before recursing. The figure omits the size floor ρ and the final
NMS; see Algorithm 1 for the exact control flow.

2 Related Work

We review the ecological motivation for coral analysis and three lines of work
that Foveate builds on: frozen self-supervised features, prompted segmentation
for annotation, and training-free in-context segmentation.

2.1 Ecological importance of corals

Coral reefs cover a fraction of the ocean floor yet host a disproportionate share
of marine biodiversity, and they are among the ecosystems most threatened by
ocean warming and acidification (6; 20; 26). Understanding how corals grow
and survive under changing conditions requires quantifying their morphology
at the level of individual fragments and polyps, typically from large collections
of laboratory photographs. Manual instance annotation of these images is a
major bottleneck: it is slow, requires trained ecologists, and scales poorly with
the number of instances per image (hundreds of polyps on a single fragment).
This motivates annotation methods that generalize to the coral domain without
per-domain retraining or large annotated corpora.
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Assigning a class label to every pixel is called semantic segmentation, whereas
detecting and outlining each object separately is instance segmentation (11).
Crucially, coral analysis needs instance-level masks, not merely semantic ones.
The quantities of interest are computed per object: fragment and polyp counts,
per-fragment average color for bleaching assessment, and per-instance size and
morphology (e.g., two adjacent corals of the same species must be told apart).
A semantic mask that labels every coral pixel as “coral” merges touching frag-
ments into one region and makes these measurements ill-defined: one cannot
average color over the correct area, nor count what has not been separated. This
distinction is often overlooked because the training-free and in-context meth-
ods that are practical under a no-ground-truth regime (Sec. 2.4) predominantly
target semantic or concept segmentation and stop at exactly this granularity.
Instance segmentation, though harder, is what the downstream ecology actually
consumes.

2.2 Frozen self-supervised features for dense tasks

Unsupervised learning has been a pillar of machine learning from the start, ini-
tially in the form of clustering methods that group data points into classes (e.g. k-
means or agglomerative clustering). Self-supervision extends this idea by letting
a model generate its own supervisory signal (25). Such methods are especially
popular in computer vision, where ground-truth labels are scarce and annotation
is costly. Common approaches include contrastive learning and teacher-student
distillation (25); in the latter, a student network learns to match a teacher’s
output under different augmentations of the image (5; 21; 24) or of its latent
features (2; 3).

The DINO family follows this teacher-student paradigm (5; 21; 24). Its train-
ing regime repeatedly presents multiple views of an image (global and local crops)
that the model must reconcile, yielding highly semantic, dense features. The most
recent iteration, DINOv3 (24), adds Gram anchoring to stabilize dense features
across long training runs, further improving their semantic quality. Foveate op-
erates directly on these features, zooming into highly similar regions — a natural
fit, since the backbone is already trained to be consistent across views and scales.

2.3 Prompted segmentation for annotation workflows

Annotation workflows trade off efficiency against accuracy: when a workflow
is slow, annotators resort to coarser labels (e.g. point annotations instead of
full outlines), sacrificing accuracy for speed. Prompted segmentation aims to
make annotation both efficient and accurate. It refers to segmenting one or more
objects from simple prompts such as points, boxes, or nouns (e.g. “cat”), covering
both prompted object and prompted concept segmentation.

The SAM family (4; 12; 23) has shaped this field, providing foundation mod-
els with robust performance in the general domain. While SAM 1–2 perform
prompted object segmentation only, SAM 3 (4) extends this to segment every
instance of a concept defined by exemplar bounding boxes or a noun prompt,
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further reducing annotation effort. SAM natively operates within a single image
(intra-image): the exemplars must lie on the same image in which instances are to
be found. Cross-image prediction, where the exemplars come from a different im-
age than the target, is not natively possible with SAM 3, a real limitation of the
foundation model. Moreover, SAM models often struggle to generalize to unseen
domains, prompting a range of studies that retrain them for specific domains such
as cellular, microscopy, marine, or medical segmentation (1; 13; 15; 17; 18; 22).
While this again demonstrates the models’ wide applicability, it presupposes
large annotated datasets that are typically unavailable in research domains.

2.4 Training-free, in-context methods for segmentation

Training-free or zero-shot approaches use context to guide segmentation, elim-
inating the need to train a model for each unseen domain — inspired by the
success of large language models that condition on in-context examples rather
than being retrained. Context can be any additional input to the model that
could inform segmentation. For example, the aforementioned prompted segmen-
tation models are also in-context methods, where the prompts constitute the
context.

SANSA reuses SAM 2’s memory bank — originally used to track instances
through videos — to transfer reference segmentations to new targets, effectively
implementing cross-image prompted object segmentation (7). Similarly, Matcher
finds corresponding anchor points via the cosine similarity of DINOv2 features
between reference and target images and uses them as prompts for SAM 2 (16).
Jo et al . (10) reduce the number of SAM 3 prompts per image via Chain-of-
Prompting to just one per class, improving over the SAM 3 baseline. Other
methods, such as SegIC, pretrain a mask decoder on top of a frozen DINOv2
backbone to consume the context as input (19). Most relevant to us, Cuttano et
al . (8) introduce INSID3, a training-free, in-context framework based solely on
DINO features: target embeddings are clustered, candidate clusters are selected
by cross-similarity to a reference prototype, and clusters are then re-merged
by self-similarity to a seed cluster. Two parameters guide this process: τfg con-
trols the granularity of candidate clusters, while the aggregate threshold controls
which clusters to merge with the seed. We directly incorporate INSID3 into our
own algorithm as a foreground extraction method (see Sec. 3).

Several limitations recur across the previous methods. First, many rely on
SAM’s decoder and inherit its failure modes: when SAM fails, so do they, with
only costly annotation and re-training as the remedy. Second, most fix their con-
text to a pre-defined, single reference image-mask pair and offer no principled
way to select it for real-world deployment. Third, they mostly operate either
intra- or cross-image, solving only part of the problem. Fourth, a fixed input res-
olution caps the smallest resolvable instance, so small or densely packed objects
are lost. Finally, none of them individuates instances of the same concept — the
instance-level granularity that, as argued above, coral analysis requires.
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3 Method

To overcome these limitations we propose Foveate, a training-free instance seg-
mentation method that leverages a frozen DINOv3 backbone to recursively seg-
ment object instances from as few as one exemplar instance taken either from the
target image itself (intra-image) or from a different one (cross-image). Foveate
is a breadth-first recursive zoom (Algorithm 1) taking an image and exemplars
as inputs and outputting all other instances of the same concept. Starting from
the whole image, it maintains a frontier of crops. Each crop is embedded once
and answers two questions: where is the concept? and, once the crop has con-
verged, is this a single instance? Example instances, called exemplars, guide
both questions at every step.

Exemplar bank. We first embed the exemplars once into a bank B. For each
exemplar, we crop it from its original image and store the crop’s patch embedding
and CLS token in the bank. Throughout, we use a frozen DINOv3 ViT-S/16
encoder with ∼21.6M parameters.

Where is the concept? For the current crop, we embed it and extract the concept
foreground (Where). We adopt the training-free INSID3 method (8), run against
the top-1 bank exemplar whose CLS token is most similar to the current crop,
where similarity is given by the cosine similarity. Let cls(·) be the L2-normalized
CLS token and c be our current crop and b an exemplar taken from the bank.
We compute cosine similarity as

cs(c, b) =
〈
cls(c), cls(b)

〉
, (1)

and refer to it as crop similarity in the following.

Extract and zoom. We extract instance candidates from the INSID3 foreground
Fc returned by Where by taking its connected components (CC; Extract). This
yields one of three cases: (i) multiple foreground components, so we recurse into
one tighter crop per component; (ii) a single component strictly tighter than
the crop, so we zoom into it; or (iii) a converged crop — a single component no
tighter than the crop itself. Cases (i) and (ii) are intuitive zooms. Case (iii) arises
when a converged crop still contains multiple instances that CC cannot separate
(e.g. dense crowds); we then attempt to split the masked features into two via
k = 2-means clustering (Split). Split therefore targets instance separation, not
foreground/background separation: it is the only mechanism that can individuate
touching instances once they have merged into a single component.

Stopping. The only stopping signals are re-identification and a size floor. For re-
identification, a child must match the exemplar bank at least as strongly as the
crop it came from; for the size floor ρ (min_crop), a crop at or below ρ is emitted
without further splitting. There is no depth cap and no learned localization head.
We define the re-identification score as

g(c) = 1
|B|

∑
b∈B

cs(c, b), (2)
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Algorithm 1 Foveate cascade for one concept.
Require: image I, exemplar bank B, INSID3 thresholds τfg and AggT, crop similarity

floor τC , size floor ρ
1: frontier ← {I}; leaves ← ∅
2: while frontier ̸= ∅ do
3: pop crop c; embed patches and cls(c)
4: Fc ←Where(c,B) ▷ INSID3
5: K ← Extract(c,B) ▷ Connected components
6: if size(c) ≤ ρ then emit each component of K to leaves
7: else if |K| ≥ 2 then push one tighter crop per component
8: else if the single component is strictly tighter than c then push it
9: else ▷ converged: split and re-identify

10: {c1, c2} ← Split(c) ▷ k=2-means
11: if maxi g(ci) > g(c) then push each ci with g(ci) ≥ τC
12: else emit c to leaves
13: end if
14: end if
15: end while
16: return NMS(leaves)

the mean crop similarity of a crop c to exemplars in the bank. We show in
Sec. 4.2 that c contains a single instance if no zoom can improve g(·). Finally,
we deduplicate overlapping leaves with non-maximum suppression (NMS).

4 Experiments

4.1 Datasets

We use two custom instance-segmentation datasets of laboratory coral images
provided by HIFMB. Both datasets share the same images and differ only in the
target class and the number of fully annotated images.

The corals dataset consists of 199 coral-fragment instances annotated across
55 images. Marine ecologists use the average color of each coral to quantify
bleaching under different conditions; here, point annotations do not suffice, and
semantic segmentation fails whenever an image contains fragments from different
corals.

The polyps dataset targets a finer coral morphology. Polyps sit densely on
coral fragments and appear in large numbers, so this dataset contains 450 in-
stances across only four images. For our purpose, this large instance count is
sufficient to assess an in-context instance-segmentation method.

Both datasets were annotated with an open-source annotation tool IQUANA4

by one of the authors, following training by marine ecologists.

4 https://github.com/Iquana-tool, Accessed: 06/2026
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(a) Coral fragments (b) Coral polyps

Fig. 2: Stopping signal g(·) against relative crop scale for five score variants, averaged
over held-out instances (mean±SEM, n = 40). A good signal rises as the object comes
into frame and falls on over-zoom.

4.2 Stopping Signal Validation

Before running the instance-segmentation experiments, we validate the stopping
signal g(·) in isolation. For a range of held-out target instances we generate a
series of square crops centred on the instance, spanning from over-zoom (the crop
lies inside the object) through the tight bounding box to zoomed-out context,
and score each crop with g(·). Figure 2 plots the resulting curves.

We evaluate the stopping signal g(·) as defined in equation 2, as well as four
other variants. (i) CLS is the crop similarity introduced above, i.e. the cosine
similarity between the crop and exemplar [CLS] tokens. (ii) unmasked mean
and (iii) unmasked max take the mean, respectively the maximum, cosine simi-
larity between all crop patch features and the exemplar prototype. (iv) masked
mean and (v) masked full restrict the comparison to the crop’s foreground
patches, pooling them to their mean prototype or matching them patch-to-patch
to the exemplar patches. Foreground masks are produced by INSID3 (τfg=0.3,
AggT=0.4).

Figure 2 shows that CLS yields a stable stopping signal on both datasets: it
rises steadily as the crop tightens around the object, peaks at the true-instance
scale, and falls under over-zoom. On coral fragments – large, sparsely distributed
instances – all five scores behave well. On the densely packed polyps, however,
the patch-based scores become unreliable: unmasked mean, unmasked max and
masked mean peak too early, at zoomed-out crops (relative crop scale s ≈ 1.5–2)
that still contain several polyps, and would therefore halt Foveate on a coarse
region before it isolates a single instance. The masked scores are additionally
bounded by the quality of the INSID3 masks: given ground-truth masks they
recover a well-centred peak (e.g., masked mean shifts from s=1.75 to s=1.07),
whereas CLS and the unmasked scores do not use the masks and are unchanged.
This foreshadows the suboptimal segmentation quality of INSID3 analysed in
Sec. 4.7.
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4.3 Protocol

We evaluate instance segmentation on the two custom marine datasets. We re-
port mask Average Precision (AP) following the COCO protocol (14), i.e. the
mean AP over IoU thresholds from 0.5 to 0.95. We distinguish intra-image AP
(iAP), where the exemplar instances and the evaluated instances lie on the same
image, from cross-image AP (cAP), where the exemplars come from a differ-
ent image; note that iAP re-scores the exemplar instances themselves to ensure
instance re-discovery. We further report the average of the two (AP) weighted
by the amount of images in the intra- and cross-image set, together with infer-
ence throughput and peak GPU memory. We consider two exemplar regimes:
a multi-exemplar setting, using 30% of instances as exemplars drawn from ten
images for corals and one image for polyps, and a single-exemplar setting, using
just one exemplar from one image for both datasets. Hyperparameters are tuned
to maximize iAP on the intra-image set, replicating a scenario where experts
would try the methods on a few images with exemplars before running them
cross-image. Hence, cAP is not confounded with the hyperparameter selection.

4.4 Baselines & Implementation

We compare against two baselines that isolate the two pillars of our method:
(i) INSID3+CC, a single INSID3 foreground pass over the whole image, split
into instances by connected components — i.e. Foveate without recursion; and
(ii) SAM 3 (4), a promptable foundation model, prompted two ways: with a
noun prompt, and — for cross-image prediction — with the reference image
and exemplar boxes concatenated to the target, following (8). Each method’s
hyperparameters are tuned for best results in the multi-exemplar case: INSID3’s
foreground threshold τfg and aggregation threshold for INSID3+CC and Foveate,
and the confidence threshold t for SAM 3 (Tab. 4). For Foveate, we additionally
ablate the split mechanism, comparing k = 2-means clustering against no split
(accepting a converged crop directly). We omit INSID3’s post-processing pipeline
and simply use bilinear upsampling to fit masks to the original resolution. For
the single-exemplar case, we reuse the best hyperparameters found in the multi-
exemplar tuning.

Finally, we evaluate against an oracle foreground extractor to isolate its value.
Oracle-Foveate replaces only the Where step: at each crop we take the patch-
resolution, ground-truth foreground instead of the INSID3 mask, leaving the
cascade, split, and re-identification unchanged. It is an upper bound on fore-
ground quality, not a deployable configuration. Oracle+CC extracts connected
components from the patch-resolution, ground-truth foreground mask.

We implement everything in PyTorch for tensor operations and evaluation,
and use Hugging Face for the DINOv3 ViT-S/16 model. All experiments run on
a single Nvidia RTX PRO 6000 GPU.
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Table 1: Intra-/cross-image AP (i-/cAP) and average AP (AP) on the multi-exemplar
marine datasets. All methods are training-free; Foveate and INSID3+CC share one
frozen DINOv3 ViT-S/16 encoder. Models had 30% of instances available as exem-
plars from ten and one image for the corals and polyps set, respectively. Hyperpa-
rameters were swept per method. Oracle-Foveate replaces the INSID3 foreground with
the ground-truth foreground, and Oracle+CC extracts connected components directly
from it; both are upper bounds, not deployable methods. Best per column among the
deployable (non-oracle) methods in bold.

Corals Polyps

Method Params iAP cAP AP iAP cAP AP

SAM 3 (4) ∼0.9B
text prompt 100 26.9 40.2 8.2 0 2.1
image concat 100 95.0 95.9 8.2 3.5 4.6

INSID3+CC (single-pass) 21.6M 59.5 64.0 63.2 0 0 0
Foveate (ours) 21.6M

w/ k-means split 62.4 44.8 48.0 3.3 0 0.8
w/o split 69.0 63.2 64.3 3.3 0 0.8

Oracle+CC (single-pass) 0 89.5 86.7 87.2 0.5 0.3 0.4
Oracle-Foveate 21.6M

w/ k-means split 81.1 72.6 74.1 23.9 6.7 11.0
w/o split 84.8 82.8 83.1 23.9 8.1 12.1

4.5 Instance Segmentation

Tab. 1 reports the multi-exemplar results. The corals dataset is largely solved by
SAM 3 with the image-concat workaround, whereas polyps are a very hard task
on which all methods segment unreliably. Native SAM 3 with a text prompt
is the weakest method on corals, underscoring the need for visual exemplars.
INSID3+CC achieves reasonable AP on corals but fails to segment polyps en-
tirely, which we attribute to polyps falling below the effective patch resolution of
DINOv3 ViT-S/16. Foveate without splitting outperforms the INSID3+CC base-
line, demonstrating the value of the recursive zoom — most clearly on polyps,
where INSID3+CC finds nothing at all. Splitting with k = 2-means clustering,
however, degrades performance substantially. Inspection shows that it does not
separate clumps into distinct instances but instead splits them into an inner and
an outer region: the outer region is roughly the same size and crop similarity as
the parent, so all children survive even when their mean crop similarity worsens.
We therefore conclude that k = 2-means is not an appropriate split here and
needs to be refined (see Sec. 4.7). Finally, replacing INSID3 with an oracle fore-
ground extractor improves AP substantially — from 64.3 to 83.1 on corals and
from 0.8 to 12.1 on polyps, the latter surpassing SAM 3 (4.6) — confirming that
the foreground (Where) step, not the zoom-and-stop idea, is a bottleneck; in
annotation terms, a stronger Where would recover most of the missed instances.
Even with the oracle, however, the k = 2-means split still trails no split (74.1
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Table 2: Capability comparison. ✓: natively supported; (✓): partial or via a
workaround; ✗: not supported. X-img : prompt with exemplars from a different im-
age than the target;∞ inst.: no cap on the number of predicted instances; Multi-scale:
resolves sub-patch-scale instances by re-embedding; Individuates: separates touching
instances of the same concept.

Method Params X-img ∞ inst. Multi-scale Individuates

SAM 3 (4) ∼0.9B (✓) ✗ ✗ ✓

INSID3+CC (single-pass) 21.6M ✓ ✓ ✗ (✓)
Foveate (ours) 21.6M ✓ ✓ ✓ ✓

Table 3: Intra-/cross-image AP (i-/cAP) and average AP (AP) on the marine datasets
in the single-exemplar setting. All methods are training-free; Foveate and INSID3+CC
share one frozen DINOv3 ViT-S/16 encoder. Each method uses a single exemplar from
one image and the hyperparameter configuration tuned in the multi-exemplar case.
Best per column in bold.

Corals Polyps

Method Params iAP cAP AP iAP cAP AP

SAM 3 (4) w/ image concat ∼0.9B 100 94.7 94.8 8.2 2.4 3.8
INSID3+CC (single-pass) 21.6M 80.0 63.1 64.3 0 0 0
Foveate (ours) w/o split 21.6M 50.3 43.2 43.3 1.6 0 0.4

vs. 83.1 on corals; 11.0 vs. 12.1 on polyps), underscoring that a proper split
function is needed as well. Moreover, comparisons to Oracle+CC demonstrate
the effectiveness of the zoom for the polyps (0.4 vs. 12.1 AP). However, Ora-
cle+CC outperforms Oracle-Foveate in the corals case highlighting that not just
the Where step must be improved.

Raw AP, however, tells only part of the story. Tab. 2 contrasts the meth-
ods along capabilities that matter for deployment and explains why a lower-AP
method can still be preferable: SAM 3 cannot prompt across images natively
(requiring the image-concat workaround) and caps the number of predicted in-
stances, whereas the single-pass INSID3+CC cannot resolve sub-patch instances
and only partially individuates touching objects. Foveate is the only method
that satisfies all four properties.

Tab. 3 reports the single-exemplar results. The overall picture matches the
multi-exemplar case, with one notable exception: INSID3+CC now outperforms
Foveate on corals. We attribute this to Foveate’s scale-dependent oversegmenta-
tion, which we examine qualitatively in Sec. 4.7.

4.6 Efficiency

We report throughput (images/s) and peak GPU memory (MB) for the best
configuration of each method. On corals, INSID3+CC and Foveate use only
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(a) Ground truth (b) Prediction

(c) Cascade

Fig. 3: One intra-image sample from the corals set. a) shows the ground truth annota-
tions, while b) shows the predictions. c) shows the cascade as a connected graph, where
each node represents one crop at a certain depth on the x axis and its crop similarity
on the y axis.

600 MB versus 7373 MB for SAM 3; despite its recursion, Foveate still runs faster
than SAM 3 (0.99 vs. 0.84 images/s), with the single-pass INSID3+CC fastest
at 4.3 images/s. On polyps, throughput drops for all methods (1.3 images/s
for INSID3+CC, ≈ 0.05 for SAM 3 and Foveate), but the memory gap widens
sharply: SAM 3 peaks at 67,759 MB, whereas Foveate and INSID3+CC stay at
1333 and 1769 MB. Foveate thus attains competitive coverage on the hardest
setting at a fraction of a foundation model’s memory.

4.7 Qualitative insights

To validate our approach qualitatively, we show examples from the corals and
polyps sets in Fig. 3 and Fig. 4, respectively. On corals, Foveate correctly localizes
the fragments but oversegments them, discarding the coral body; INSID3+CC
does not suffer from this. We hypothesize that INSID3’s threshold τfg is scale-
dependent and should be chosen per crop: a lower τfg suits targets that occupy
a large share of the image, and a higher τfg suits tiny ones. Because we fix
a single τfg across all crops, Foveate oversegments where the target is large
and undersegments where it is tiny — which also explains why the single-pass
INSID3+CC can beat Foveate on corals.
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(a) Ground truth (b) Prediction

(c) Cascade

Fig. 4: One cross-image sample from the polyps set. a) shows the ground truth an-
notations, while b) shows the predictions. c) shows the cascade as a connected graph,
where each node represents one crop at a certain depth on the x axis and its crop
similarity on the y axis.

The polyps set (Fig. 4) shows the same pattern: a few polyps are segmented
correctly, some are oversegmented, but the majority are missed and there are
several false positives. The partial coverage again stems from the fixed τfg, while
the missed instances stem from the faulty k = 2-means split (Sec. 4.5). On a large
crop such as a whole coral, the split produces a thin outer band around an inner
disc, both similar in size to the parent: the outer band leaves the crop essentially
unchanged, and the inner disc is only a marginal zoom. Both converge below the
crop similarity floor τC and are rejected. Finally, the false positives arise because
we did not tune τC : Fig. 4c suggests that a higher crop similarity threshold would
filter out many predictions, potentially including the false positives. This is yet
another parameter to tune, which we leave for future work.

Inspecting the cascades, we can see that crop similarity uniformly increases
with each new crop/split until we oversegment an instance, demonstrating that
our hypothesis about zooming in on crops holds. Additionally, we can see a dif-
ference between the intra-image (see Fig. 3c) and the cross-image setting (see
Fig. 4c). For the former, we have a single leaf reaching near perfect crop simi-
larity. This is the exemplar being re-identified. Non-exemplar crops reach only
a crop similarity range of 0.5 to 0.7.

5 Discussion

Our results support the core hypothesis: A recursive zoom lets a small, frozen
backbone reach instances that a single pass misses. However, our approach is
still in development and exposes a few concrete failure modes. In the following,
we discuss our results and implied limitations.

The main bottleneck is Where, not the stopping signal. Our stopping-signal
validation (Sec. 4.2, Fig. 2) shows that the CLS re-identification score g(·) is
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well-behaved on both datasets: it rises as a crop tightens onto an instance, peaks
at the true-instance scale, and falls under over-zoom. The recursion criterion is
therefore sound in isolation. What caps end-to-end quality is the Where step: the
emitted masks are bounded by INSID3’s foreground quality, and given ground-
truth masks the peak sharpens markedly. Foveate’s ceiling is thus set by the
foreground extractor, not by the zoom-and-stop idea, so a stronger training-free
Where is a promising next step.

Scale-dependent thresholds. A consistent limitation is the fixed foreground thresh-
old τfg. Because the concept occupies a very different fraction of the crop at the
root than in a leaf, a single τfg cannot be right at all depths, causing over- and
undersegmentation (Sec. 4.7). A promising direction is to schedule τfg as a func-
tion of crop scale or foreground fraction, or to calibrate it per crop from the
exemplar bank rather than fixing it globally.

Splitting converged crops. Our k = 2-means split does not individuate touch-
ing instances; it partitions coral crops into inner/outer regions that both sur-
vive re-identification. Replacing it with a component-aware or spectral split on
the masked features, or with a split criterion that explicitly rewards balanced,
exemplar-consistent children, is an impactful next step, especially for dense con-
cepts such as polyps. We argue that splitting is a necessary step for actually
individuating clumps of instances, although our results show that performance
degrades.

Untuned stopping. We did not tune the crop similarity floor τC as a gate on
emitted leaves. Fig. 4c indicates that a higher threshold would suppress many
false positives, suggesting easy gains from a principled stopping rule.

Scope and validity. These are early results, and our evaluation scope is narrow
in ways that bound what can be concluded from them. Both benchmarks come
from a single laboratory setup and, by construction, share the same images: they
differ only in the target class, so together they probe granularity rather than
domain shift, and they say nothing about non-convex, overlapping, or in-situ
targets. We further evaluate a single backbone (DINOv3 ViT-S/16) at a single
input resolution, compare against two baselines, and report single runs without
confidence intervals. Hyperparameters are tuned on the intra-image set, so iAP
is optimistic and cAP is the number to read for generalization. Finally, SAM 3
with the image-concat workaround remains the strongest method on corals. Our
claims are therefore about feasibility and efficiency (competitive coverage at
∼ 40× fewer parameters and a fraction of the memory) rather than state-of-
the-art accuracy; establishing generality requires data from other domains and
imaging setups, multiple backbones, and a larger sweep.

Broader impact for ecology. Instance annotation of coral fragments and polyps
is a central bottleneck in reef-health studies, forcing ecologists to trade accu-
racy for speed. A training-free, in-context method targets this directly: a single
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exemplar segments every instance of a concept without per-domain retraining,
so a new morphology or imaging setup needs only as few as one exemplar. The
small, frozen backbone deploys on the modest hardware common in field stations
and resource-limited labs. Without a decoder head, Foveate is flexible towards
label space changes (e.g. adding a new morphology class), where traditional
methods would require complete retraining. Additionally, it is interpretable by
construction letting an expert audit why a region was accepted before trusting
the measurement. Each mask traces to its most similar exemplar and the full
cascade is inspectable (which is how we diagnosed the k-means failure, Sec. 4.7)
unlike common black box approaches.

6 Conclusion

We presented Foveate, a training-free, in-context, recursive method for instance
segmentation built entirely on frozen DINOv3 features. By repeatedly redirect-
ing the encoder’s attention to concept-similar regions and re-embedding tighter
crops, Foveate recovers small and densely packed instances that a single-pass
exemplar baseline misses, using no fine-tuning, decoder, or class labels. On two
custom marine benchmarks it matches or exceeds the single-pass baseline and
runs at a fraction of a foundation model’s memory footprint, though polyps
remain hard for every method. Our analysis pinpoints the key obstacles — fore-
ground quality and the split step — and future work will address these alongside
more comprehensive benchmarking.
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Table 4: Best hyperparameter values for all methods, swept in the multi-exemplar set-
ting. τfg: INSID3 foreground-granularity threshold; AggT: INSID3 aggregation thresh-
old; t: SAM 3 confidence threshold. Slashes (/) mark parameters that do not apply.
INSID3+CC did not find polyps with any configuration, hence we do not report this
here.

Corals Polyps

Method τfg AggT t τfg AggT t

SAM 3 (4)
text prompt / / 0.3 / / 0.1
image concat / / 0.3 / / 0.1

INSID3+CC (single-pass) 0.4 0.3 / / / /
Foveate (ours)

w/ k-means split 0.85 0.0 / 0.975 0.0 /
w/o split 0.8 0.0 / 0.975 0.0 /

A Hyperparameters

Table 4 lists the best hyperparameter configuration found for each method in
the multi-exemplar setting.


	Foveate: Recursive Zoom for Training-Free, In-Context Instance Segmentation

