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Abstract. Personalized segmentation and personalized retrieval both
aim to identify the same physical object across different images. While
the former localizes the object within a target image, the latter retrieves
images where it appears. Despite this shared instance-level objective, the
two tasks have largely evolved separately and are addressed with distinct
solutions. In this work, we introduce FoundYou, a unified framework built
on the observation that Segment Anything 2 (SAM 2), trained to pre-
serve object identity across video frames, inherently captures instance-
level cues. We leverage this property to match objects across independent
images, enabling segmentation and retrieval to emerge as two outcomes
of the same instance alignment process. This unified view unlocks new
capabilities beyond traditional benchmarks, including few-shot person-
alized retrieval and promptable personalized segmentation with flexible
prompts. Extensive experiments show consistent gains over unified and
task-specific methods, including +18.4 mIoU on PerMIS and +17.8 mAP
on ILIAS. Performance scales with additional references and remains
robust to weaker prompts. Beyond personalization, FoundYou achieves
state-of-the-art results on category-level retrieval benchmarks. Notably,
our approach keeps the SAM 2-small model entirely frozen and adds
only 5.9 M trainable parameters, yielding a 52 M-parameter model that
is over 75x faster and 20x smaller than the only prior unified solution.

1 Introduction

Suppose you provide a model with an example of your handbag and ask it to
segment the same handbag in completely different photos, in unrelated scenes
that may contain other similar items (¢f. Fig. 1-a). Personalized segmentation
[74] formalizes this setting: given a visual reference identifying an object, the
goal is to segment the same physical object in new images. Unlike few-shot
segmentation [12,33,75], the objective is not to recognize a category (e.g., any
handbag), but to preserve identity, i.e. distinguish a particular instance from
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c. Personalized Retrieval
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Fig.1: FoundYou: a Unified Model for Personalized Segmentation & Re-
trieval. Given a visual prompt of a user’s handbag, FoundYou segments the same
physical instance in a new image (a) and retrieves it from a gallery by ranking images
via instance-level similarity (b). We compare performance vs. speed against the only
prior unified solution, PDM [49], and the strongest task-specific methods: retrieval per-
formance is shown in (c) as mAP vs. FPS, and segmentation in (d) as mIoU vs. FPS.
FoundYou improves over PDM by +17.8 mAP and +18.4 mIoU while being over 75x
faster (note: x-axis in log scale). It outperforms also task-specific methods, while being
the fastest in segmentation and matching the speed of the fastest retrieval competitor.

visually similar ones. Now consider a related objective: instead of segmenting
your handbag in a given image, you want to retrieve all the photos in a personal
collection where it appears (¢f. Fig. 1-b). Personalized retrieval [19] captures this
setting: given the same reference, the task becomes ranking images according to
whether they depict that exact instance. Albeit producing different outputs, both
tasks fundamentally require instance-level matching, from which a segmentation
mask or image-level score is derived. This capability is central to applications,
from robotics and embodied perception [5,28,48] to cultural heritage digitization
[52,71], personal media organization [1,27], and creative workflows [11,37].

Despite this shared objective, personalized segmentation and retrieval have
evolved largely independently. Segmentation-focused approaches, such as Per-
SAM [74], solve the task via correspondence followed by mask prediction with
SAM [26], often relying on external models such as DINOv2 [32,38] or diffusion
encoders [45,57]. Conversely, retrieval-specific methods learn instance-aware rep-
resentations [9,53,56], but do not provide dense localization. PDM [49] represents
the closest attempt to bridge the two tasks. However, its reliance on Stable Dif-
fusion leads to prohibitively slow inference (¢f. Fig. 1-c,d). Additionally, PDM
relies on features extracted at different denoising timesteps for segmentation and
retrieval, and still relies on prompting SAM for mask generation.

In this work, we take a different perspective by observing that Segment Any-
thing 2 (SAM 2) [43], trained to track objects across video frames, implicitly
learns fine grained instance-aware representations. Building on this, we propose
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FoundYou, a unified framework for personalized segmentation and retrieval that
repurposes SAM 2 memory attention mechanism: instead of propagating iden-
tity across temporally adjacent frames, we use it to match a specific instance
across independent images. This shift, however, entails two fundamental chal-
lenges. First, because SAM 2 is trained on natural videos, its representations
inherit a temporal continuity bias: inter-frame variations are small and scene
context remains stable [12,55]. In personalized segmentation and retrieval, how-
ever, matching occurs across unrelated images without positional or contextual
continuity. To address this, we introduce lightweight feature adaptation layers
trained for identity discrimination across distinct images, together with a self-
distillation objective that preserves spatial structure of SAM 2 representations,
ensuring high-quality segmentation masks. Second, SAM 2 lacks a mechanism
to assign an image-level similarity score. We therefore introduce a lightweight re-
trieval head that aggregates dense correspondences from memory attention into
a global score, while reusing the original mask decoder for segmentation. Seg-
mentation and retrieval thus emerge from the same instance alignment process.
Since instance matching is realized through memory attention over a set of
reference features, FoundYou naturally supports multiple references at inference
time. We therefore introduce the task of few-shot personalized retrieval, reflecting
practical cases where users provide several examples of the same object, for
example, taking multiple photos of a handbag to search for it more reliably.
Additionally, FoundYou supports promptable personalized segmentation with
lightweight annotations (e.g., points or boxes), removing the need for full masks.
Experiments show that FoundYou consistently outperforms both ¢) the only
prior unified solution and %) task-specific methods (¢f. Fig. 1-¢,d). Compared
to PDM [49], we improve by +18.4 mIoU on PerMIS (segmentation) and +17.8
mAP on ILIAS (retrieval), while also surpassing specialized approaches such as
PerSAM-F [74] (+14.8 mIoU) and AMES [53] (+6.1 mAP). Performance scales
with additional references and remains robust to weaker annotations such as
point prompts. Beyond personalization, FoundYou sets a new state-of-the-art
on category-level retrieval across 6 domains. Notably, we keep SAM 2 frozen
and introduce only 5.9 M trainable parameters, resulting in a compact 52 M-
parameter model 75x faster and 20x smaller than prior unified methods [49].

2 Related Work

Segment Anything 2 for downstream tasks. SAM 2 [43] introduces a uni-
fied architecture for image and video segmentation, pretrained to segment ob-
jects and propagate masks across frames. Building on this, several works explore
SAM 2 for downstream tasks. A first line of research relies on external mod-
els such as DINOv2 [38] or BEiT [61] to derive task-specific prompts, enabling
few-shot [36,69], open-vocabulary [68] and referring segmentation [46], also in
remote sensing applications [47]. Related to ours, a second line of work operates
directly on SAM 2. SAMWISE [13] adapts SAM 2 features through motion- and
language-aware conditioning, while GeoSAM2 [14] introduces geometric struc-
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ture for 3D segmentation. SANSA [12] and FS-SAM2 [19] are close in spirit to
our work. Both leverage SAM 2 to guide segmentation in new images. How-
ever, their objective is to generalize matching to broader semantic categories.
Conversely, our goal is to reinforce instance-level discrimination. Rather than
abstracting instance-specific cues, we aim to sharpen them, enabling reliable
matching of the same physical object across independent images.

Personalized Segmentation aims to segment user-designated concepts in new
images. Recent approaches address this task by first localizing the instance in a
target image via feature matching with a reference, and then segmenting it by
prompting SAM [26]. A key challenge lies in the representation used for match-
ing. Early approaches such as PerSAM [74] rely on SAM features, which lack suf-
ficient semantic structure for reliable correspondence. Matcher [32] addresses this
by using DINOv2 [38], whose strong semantic representations improve match-
ing but tend to collapse multiple similar instances of the same semantic cate-
gory. To recover instance-level cues, PDM [49] explores diffusion-based features,
while [57] further combines them with DINOv2. Despite improved localization,
these diffusion-based pipelines remain computationally expensive, require careful
timestep selection, and still rely on SAM for mask generation. In this work, we
propose to leverage the instance-aware representations learned by SAM 2 [43] to
jointly perform feature matching and segmentation within a unified framework.

Instance Retrieval. Early retrieval works primarily focus on class-level dis-
crimination [18, 35, 50, 63], while instance-level retrieval has been explored in
domain-specific settings such as landmarks [9,66], place recognition [2,8,25,59],
and product or fashion collections [3,20]. ILIAS [27] extends this setting to
diverse object types, exposing challenges such as clutter and visually similar
distractors, where global embeddings often lack sufficient instance-level discrim-
ination [9,53]. To address this, prior works refine retrieval candidates using local
descriptors and geometric verification [53,60,76], including image-matching mod-
els such as [17,21,54]. While effective for matching covisible scene structures, im-
proving performance in landmark-style retrieval [39,51], these approaches prior-
itize geometric consistency and contextual alignment rather than object-centric
identity. Specifically designed for re-ranking, AMES [53] learns a transformer on
top of frozen DINOv2 features, but remains grounded in representations that
emphasize high-level semantics. In contrast, SAM 2 [43], pretrained for object
tracking in videos, inherently learns instance-aware representations. We leverage
this property with a lightweight retrieval head, achieving strong instance-level
discrimination while retaining segmentation capability. Furthermore, we intro-
duce a few-shot retrieval setting, where multiple reference examples are provided
at test time, naturally supported by our framework without retraining.

3 Method

Task Definition. A user provides a visual prompt V,. = (Z,, A,) where Z,. €
RAXWX3 is g reference image, and A, specifies the target instance within the
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Fig. 2: Overview of FoundYou. We build on a frozen SAM 2, reinterpreting its
memory mechanism to match instances across independent images rather than across
temporally adjacent video frames. Given an object specified in the reference image I,
the Memory Encoder stores its representation S, in the Memory Bank. Target features
F: are matched with S, through Memory Attention, producing dense memory features
F{e™ visualized via 3D PCA. From these, the frozen Segmentation Decoder produces
a mask, while our lightweight Retrieval Decoder aggregates them into an image-level
score, enabling personalized segmentation and retrieval within a single framework.

image. A, can be a binary mask (e.g. for personalized segmentation [49,73,74]),
a bounding box (e.g. for personalized retrieval [27,40,42]), or a point. When the
reference image contains a single object and no box is provided, the box coin-
cides with the image boundaries. Given a target image Z, € R#*W>3 the goal of
personalized segmentation is to predict a binary mask M, € {0, 1}V cor-
responding to the same physical instance indicated by V,.. We define the segmen-
tation function as My = feeg(Vr,Z¢). In personalized retrieval, given a gallery
G = {Z;}}V,, the objective is to rank database images according to instance-level
relevance, i.e., whether they depict the same physical object instance as specified
by the visual prompt V,.. We define a similarity function s; = fret(V;, Z;) € R.
which induces a ranking over G based on decreasing similarity.

Overview. An overview of our method is in Fig. 2. In this work, we observe that
SAM 2, unlike other vision foundation models, is explicitly optimized to preserve
object identity during mask propagation across video frames, implicitly learn-
ing instance-aware features. However, such representations are learned under
a spatio-temporal continuity prior [12,55], where identity is maintained within
the same scene and under limited positional variation. Personalized segmenta-
tion and retrieval, by contrast, require discriminating and matching the same
physical instance across independent images, where scene context and spatial
configuration may vary arbitrarily. Furthermore, SAM 2 lacks a mechanism to
assign image-level similarity scores between the reference instance and candidate
images, which is necessary to rank results in personalized retrieval. To bridge
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this gap, we introduce a lightweight adaptation to remove the implicit track-
ing prior in SAM 2 features, while preserving and enhancing instance awareness
(Sec. 3.1). The adapted representations establish dense correspondences between
a visual prompt and a target image without relying on shared scene context. To
produce outputs (Sec. 3.2): i) for segmentation, we reuse the frozen SAM 2
mask decoder to segment the matched instance; i) for retrieval, we introduce a
lightweight decoder that aggregates dense correspondences into an image-level
score. We train the adapters and retrieval head on pairs of positive and negative
images, and add a self-distillation loss to preserve the spatial structure in the
adapted features, required for accurate segmentation (Sec. 3.3). This formula-
tion casts personalized segmentation and retrieval as two outcomes of the same
instance-level alignment process, enabling both tasks within a single framework.

3.1 Personalizing SAM 2

SAM 2 [43] is designed to preserve object identity across frames by encoding a
reference instance into a Memory Bank and matching new frames through atten-
tion. We reinterpret this mechanism such that it can work across independent
images. The reference image Z, is processed by the Image Encoder, producing
features F,. € R16* 16 XD To construct a representation of the reference instance,
the Memory Encoder fuses visual features with a reference mask /\;lr, which is
either: ¢) provided, in personalized segmentation, i.e., M, = A, or ii) predicted
from a bounding box in retrieval, i.e., M, = Mask Decoder(F,, A,). Formally,
the Memory Encoder computes the memory representation S, € Ri6 X 16 XD ag:

S, = conv(F,) + conv(M,) (1)
This representation S, is stored in the Memory Bank (see Fig. 2)!. Given a tar-
get image 7;, the Image Encoder extract features F; € R16 %16 %P The target
features are then matched to the representation S, through Memory Attention:

Frem = MHCA(Q(F), K (S,), V(S,)) @

where MHCA is a Multi-Head Cross Attention.
This produces memory-conditioned features F;*°™ &€ R16 X 16 XD , which encode
dense correspondences between the target image and the reference instance.
However, SAM 2 is trained to preserve instance identity across consecu-
tive video frames, where appearance and position change smoothly over time.
In our setting, identity must instead be matched across independent images,
where no such continuity exists. To bridge this gap, we introduce a lightweight
feature adaptation through AdaptFormer [10] blocks inserted in the last two lay-
ers of the Image Encoder. Given down- and up- projection matrices Wqown €
RdXd,Wup € R4 an AdaptFormer block operates token-wise:

w
16 X

A(IL’) = O—(Z . Wdown) . Wupa (3)

L If multiple reference images are available, their memory representations are concate-
nated; with slight abuse of notation, we denote the result as S,.. See Supplementary.
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where o is a ReLU and d < d is the bottleneck dimensionality. The adapted
features are summed in a residual fashion in the backbone transformer blocks:

Zself = MHSA(z), )
z' = Tself + MLP(xself) + A(zself)a

where MHSA is a Multi-Head Self Attention.
The backbone weights are frozen and we only train projections W go.pn, and W,,.

3.2 Task-Specific Decoders

The resulting memory-conditioned features F;"°™ are then consumed by task-
specific heads: i) a Segmentation Decoder, for personalized segmentation or i)
a Retrieval Decoder, for personalized retrieval.

Segmentation Decoder. For segmentation, we directly reuse the frozen SAM
2 mask decoder. A learned output token and the memory-conditioned features
Frem iteratively interact through bi-directional cross attention. The features are
then progressively upsampled and fused with higher-resolution features from the
Image Encoder through a top-down pathway. The final mask M, € REXW ig
obtained by computing a point-wise similarity between the refined features and
the output token, followed by thresholding.

Retrieval Decoder. Among the outputs of its decoder, SAM 2 introduces an
occlusion score, predicted from the memory-conditioned features, to determine
whether the tracked object is present in a frame. This mechanism is defined under
temporal continuity, and does not transfer directly to independent images (cf.
ablation in Sec. 4.6). Nevertheless, because this score is computed directly from
the memory-conditioned features, it implies that these representations already
encode information about instance presence. Building on this observation, we
propose a Retrieval Decoder that aggregates the F;"°™ features into an image-
level similarity score across independent images. Specifically, we derive a simpli-
fied variant of the original decoder: i) we remove upsampling layers, FPN fusion
and tokens required for mask prediction; i7) we introduce a learnable retrieval
token; 44i) we train this token to interact with the memory features through
cross attention, aggregating spatial correspondences into a compact global rep-
resentation. Formally, let 7™ be reshaped into a sequence FO) ¢ RLXD with
L= % . %, and let z(® € R1*P be a learnable retrieval token. We perform two
rounds of bidirectional interaction between token and memory features:

F*) = MHCA(F*—D (k=1
z") = MLP (MHCA(z*~Y F™)) k€ {1,2}.
The final retrieval score is obtained as

S¢ = sigrrloid(MLPD_>1(Z(Q)))7 (6)

()

where s € [0, 1] estimates the probability that the reference instance is present.
Qualitative examples shown in Fig. 3 illustrate how scores reflect instance simi-
larity, assigning high confidence to true matches and low confidence to outliers.
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3.3 Personalization Loss

Training is formulated as a binary instance-matching problem. For a given ref-
erence image Z., we construct a candidate set C, = P, UN,., where P, (posi-
tives) depicts the same physical instance and N, (negatives) contains different
instances. The reference is encoded into the Memory Bank, and each candidate
image I; € C, is processed independently producing a retrieval score s; € [0, 1].
We assign binary labels and optimize a binary cross-entropy loss:

Lot =— Y [yjlog(s;) + (1 - y;)log(1 — s;)]. (7)
I;€Cy

Since SAM 2 already encodes strong instance-aware representations, randomly
sampled negatives would result in trivial pairs (e.g., a coffee mug versus a car),
which provide limited supervision and slow convergence [24,67]. The primary
challenge instead lies in distinguishing between visually similar objects within
the same semantic category, as shown in Fig. 3, e.g. two different coffee mugs. A
common strategy in retrieval is to mine hard negatives during training [2,7, 34,
67]. However, online mining introduces significant computational overhead, as it
must be repeated periodically while the model evolves [15,44,65]. Conversely, we
leverage the semantic grouping properties of a frozen DINOv2, i.e. ¢(-) to obtain
semantically related examples (e.g., other visually similar mug for a reference
coffee mug). This decouples the mining procedure from the model itself, and can
thus be carried out offline only once. We compute global embeddings and select,
for each reference Z,., the most similar non-matching images:

N;. = argmax topK (4(Z,) " - ¢(Zi)) - (8)
i ¢Pr

This results in candidate sets emphasizing intra-class instance discrimination.

Mask-based self-distillation. Our adaptation relaxes the spatio-temporal con-
tinuity prior implicitly encoded in SAM 2, enabling instance matching across
independent images where scene context varies. However, training the adapter
with an image-level objective degrades the dense representations required for ac-
curate mask prediction (cf. ablations in Sec. 4.6). To preserve this spatial struc-
ture, we introduce a self-distillation objective on that regularizes the adapted
model to maintain the segmentation capabilities of the frozen backbone. During
training, we compute teacher (i.e. SAM 2) and student (i.e. FoundYou) mask
logits on a given image using ) the frozen SAM 2 model and i) our adapted
model, respectively. We denote with PT € R¥*W and PS € RE*W the cor-
responding foreground probability maps obtained by applying a sigmoid to the
predicted mask logits. We minimize a pixel-wise Kullback—Leibler divergence:

i = g KL (hw) | B 0 w). o

The final training objective combines the personalization and distillation losses:

L= ﬁret + )\dist‘cdisir (10)
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Fig. 3: Personalized retrieval and segmentation examples. For each reference
image (row 1), we show top-2 retrieved candidates (rows 2-3), along with hard negatives
examples (rows 4-5) of visually similar but non-matching objects. The retrieval score
st |is reported for each candidate. The last row shows personalized segmentation results
on the top-1 retrieved image, using the same reference (row 1) as visual prompt.

4 Experiments

We evaluate FoundYou against unified approaches and task-specific baselines on:
(1) Personalized Segmentation. Given a visual prompt and a reference mask
of an instance, the model is tasked with segmenting the same object in a target
image. We further introduce a promptable setting in which we relax the mask
assumption, and rely on box or point prompts to refer the object of interest.
(2) Personalized Retrieval. Given a visual prompt depicting an instance or
a landmark, and a gallery of candidates, the model is tasked with retrieving,
i.e., ranking the candidates according to the probability that they contain the
object of interest. Furthermore, we propose a few-shot retrieval setting, in which
multiple examples are provided to the model.

Datasets. For (1) Personalized Segmentation, we evaluate on PerSeg [74]
and PerMIS [49]. PerSeg contains 40 personal objects captured under substan-
tial variations in pose, scale, and background. PerMIS extends this setting with
over 432 query—target pairs, captured in more challenging crowded scenes. For
(2) Personalized Retrieval, we evaluate on PerMIR [49] and ILIAS [27]. Per-
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MIR provides a baseline benchmark, but remains limited in scale, with a gallery
of 432 images and 216 queries. ILIAS introduces a significantly more challeng-
ing setting, comprising 1,232 instances with curated positives, alongside 100M
distractors from YFCC100M [58], spanning diverse domains (e.g., landmarks,
fashion, products, artworks). To assess generalization beyond strict instance
matching, we evaluate on class-level retrieval benchmarks, Cars196, iNatural-
ist, RP2K, Stanford Online Products, Food2K, MET, and the landmark datasets
Google Landmarks v2, Revisited Paris, and Ozford. Such datasets provide a com-
plementary setting, where the objective shifts from retrieving the same physical
instance to retrieving the same fine-grained category. More details in the Supp.

Implementation Details. We use the Small version of SAM 2 (46 M parame-
ters), and keep it entirely frozen. We add and train only 5.9 M parameters, i.e. the
adapter layers and retrieval head. The model is trained with Adam (LR 1x 1074,
batch size 16) for 150k iterations, using 4 positive and 8 negative examples per
query. Agise is set to 0.5. We train FoundYou on UnED [70], following [27,70].

Evaluation protocol. For segmentation, we follow prior work [49,74] and report
mloU (%) and bIoU (%). On PerMIR, we perform retrieval over the entire gallery
of 432 images. For ILTAS, which contains a gallery of 100M images, we follow [27]:
the top-1k most similar candidates are first retrieved from the gallery using
SigLIP global similarity [72], and then re-ranked by each method. Following [27,
49,53,56,70], we evaluate retrieval performance using mAP (%).

4.1 Unified Personalized Segmentation and Retrieval.

Baselines. In Tab. 1 we compare against state-of-the-art methods for personal-
ized segmentation and retrieval. For segmentation, we compare with generalist
models such as SEEM [77], SegGPT [62], GF-SAM [73] and personalized special-
ist PerSAM [74], of which we also consider fine-tuned version (PerSAM-F). Con-
cerning retrieval, the most relevant comparison are image matching methods [54],
which can be used to verify and re-rank retrieved candidates [4,6,56,76]. Among
them we consider recent methods such as RoMav2 [16], MatchAnything [21],
LightGlue [30] and MASt3R [29]. We use the number of inliers as similarity
score, following standard practice [4,51]. We also evaluate re-ranking specialist
methods such as RRT [56] and the recent state-of-the-art AMES [53]. Moreover,
we compare with the only prior work that supports both tasks, PDM [49], which
relies on StableDiffusion [45] features, and SAM [26] for producing masks.

Discussion. In personalized segmentation, FoundYou achieves the best perfor-
mance across datasets. On the challenging PerMIS benchmark, which contains
crowded scenes with visually similar distractors, FoundYou surpasses PerSAM-F
by 4+14.8 mIoU and PDM by +18.4 mloU. The improvement in bloU is even
larger (422.9 over PerSAM-F and +19.4 over PDM), indicating accurate bound-
ary localization. On PerSeg, FoundYou improves over PerSAM-F by +1.1 mloU
and PDM by +6.9 mloU, showing gains also in simpler scenes. For retrieval,
FoundYou achieves 92.1 mAP on PerMIR, outperforming PDM by +26.8. On the
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Table 1: Personalized segmentation and retrieval (mloU, bloU, and mAP in %,
7). For image-matching methods, we use the open-source toolbox from [6]. For PDM,
a training-free method, we use the official code. On ILIAS, we use each method to re-
rank the same top-1k candidates retrieved by SigLIP; SigLIP alone achieves 19.6 mAP.
FoundYou achieves the best performance across benchmarks while using a compact
52 M-parameter model running at 90 FPS on an RTX 4090. It is 75 x faster than PDM,
faster than segmentation methods, and comparable to the fastest retrieval model.

Segmentation Retrieval Efficiency

Model PerSeg PerMIS |PerMIR ILIAS| FPS Params

mIoU bloU|mloU bloU| mAP | mAP |img/st M|
Segmentation-only
SEEM [77] NeurlPs’23 87.1 55.7| 34.2 318 8.5 341
SegGPT [62]1cCVv2: 94.3 76.5| 38.7 35.5 12.7 354
PerSAM [74] 1cLR 24 89.3 T71.7| 42.1 344 2.5 945
PerSAM-F [74]1CLR 24 95.3 77.9|47.8 34.5 2.5 945
GF-SAM [73] NewrPs 24 91.7 742|456 38.1 L5 945
Retrieval-only
RRT [56] 1coval 41.7 9.2 31.0 50
MatchAnything [21] ArXiv'2s 19.7 23.2 34 111
MASt3R [29] ECCV 24 37.7 25.3 1.7 688
RoMav2 [16] ArXiv2s 32.3 26.6 2.7 425
AMES [53] ECcCVv24 38.2 26.4 | 90.9 89
Segmentation + Retrieval
PDM [49] NeurPs’24 89.5 72.0| 44.2 38.0 65.3 14.7 1.2 1200
FoundYou (ours) 96.4 85.6|62.6 57.4| 92.1 32.5 90.2 52

ILTAS benchmark, FoundYou reaches 32.5 mAP@1k, exceeding PDM by +17.8
and surpassing strong task-specific methods by +6.1 mAP@Q1k (AMES). Im-
portantly, FoundYou achieves these results with a single 52 M-parameter model
running at 90 FPS, over 75x faster than PDM, faster than specialized segmen-
tation methods, and comparable to the fastest retrieval model (AMES), while
keeping SAM 2 frozen and training only 5.9 M additional parameters.

4.2 Few-shot Retrieval

We evaluate FoundYou in the proposed few-shot retrieval setting, which re-
flects realistic scenarios in which users can provide multiple examples of the same
instance at inference. FoundYou naturally supports this extension: each refer-
ence is stored in the memory bank, allowing candidate images to attend jointly to
multiple instance representations via memory attention, enabling aggregation of
complementary evidence across views. Competing methods lack a unified multi-
view representation; we therefore extend them by computing similarity for each
reference and averaging the scores. Results in Table 2 show that increasing the
number of references consistently improves performance, progressively reducing
the gap to the Oracle (38.9 mAP). Notably, FoundYou benefits substantially
more from additional views than prior approaches, improving from 30.1 mAP
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Table 2: Proposed few-shot retrieval
on ILTAS, mAP@1k. Multiple reference
instance examples are provided at inference 307
time. All methods re-rank the same top-1k f
candidates retrieved with SigLIP [72]. i n

| N-shot inference <E 25 ‘:'
Model |1 2 3 4 ’ MASt3R
Baseline ‘ 229 229 229 229 ‘
XFeat [41] 15.5 16.5 174 17.1 T T
RoMa [17] 22.0 21.9 22.1 21.9 0 500 1000
SP-LightGlue [30] 22,9 23.0 23.3 224 top-K rerank
ELoFTR [64] 23.8 24.6 25.7 25.0 Fig. 4: Re-ranking vs. candidate
MASt3R [29] 24.3 26.0 27.2 27.5 pool size (ILIAS), mAP (%, 1).
MatchAnything [21] |25.2 26.3 27.2 26.8 Increasing K enlarges the candidate
RoMa v2 [16] 27.5 28.2 28.4 27.7 pool with additional positives and
AMES [53] 276 28.2 29.0 30.2 distractors. FoundYou scales more ef-
FoundYou (ours) |30.1 31.8 32.5 34.2 fectively than prior methods, with a
Oracle |38.9 389 389 389  widening margin as K grows.

in the 1-shot setting to 34.2 mAP with four references (+4.1). In comparison,
AMES improves by +2.6 mAP, whereas RoMa v2 yields marginal gains (40.2).

4.3 Scaling the Re-Ranking Set

In Fig. 4, we analyze how re-ranking performance evolves as the candidate pool
grows on ILTAS. Larger K introduces more positives but also many more distrac-
tors. FoundYou improves from 23.4 mAP at K=10 to 32.5 at K=1000 (+9.1),
showing strong scalability to large candidate pools. In contrast, RoMa v2 peaks
at 27.3 (at K=100) and drops to 26.9 at K=1000, a known issue with dense
matchers that notoriously suffer from perceptual aliasing [51]. AMES increases
more gradually (22.1—26.4), remaining below FoundYou across all K. Crucially,
the advantage of FoundYou amplifies with K: the margin over RoMa v2 grows
from +0.3 mAP at K=10 to +6.5 at K=1000. This trend shows that FoundYou
effectively scales with the candidate pool, remaining the most robust to the
increasing prevalence of distractors as the candidate set grows.

4.4 Category-Level Retrieval

Table 3 reports performance across diverse domain-specific retrieval benchmarks.
Unlike personalized retrieval, which targets the same physical instance, these
benchmarks evaluate retrieval of fine-grained semantic categories, e.g., cars of
the same model or birds of the same species. This setting can be viewed as a
superset of instance retrieval, as images of the same instance necessarily belong
to the same category. Since FoundYou ranks candidates by visual similarity with
the query, it naturally prioritizes objects from the same category. Even though
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Table 3: Comparison of FoundYou on category-level retrieval and land-
mark recognition datasets, grouped by domain. Most methods underperform
the baseline (i.e. no re-ranking), whereas FoundYou, despite being optimized for in-
stance retrieval, always outperforms the baseline and is competitive across domains.
For RParis/ROxford, we follow [42], re-ranking the top-100 candidates and compute
mAP (%, 1). On the remaining datasets we follow [70], re-rank the top-10 candidates,
and evaluate with mAP@5 (%, 1). The retrieval baseline is SigLIP, following [27].

Method Products Cars Animals Food Art Landmarks
‘RPZK SOP ‘ Carslgﬁ‘ iNat ‘F00d2K ‘ MET ‘ GLDv2 RPar ROxf
Baseline ‘ 94.8 65.1 ‘ 90.5 ‘ 63.9 ‘ 93.4 ‘ 7.7 ‘ 87.5 744 392
XFeat [41] 96.2 54.9| 89.0 58.5 92.6 65.1 | 84.9 747 43.6
SP-LightGlue [30] 95.3 58.6| 89.8 60.1 92.9 70.8 | 88.4 75.5 48.6
ELoFTR [64] 96.2 58.9| 89.3 60.0 92.6 74.3 | 89.0 75.9 49.1
MatchAnything [21] | 95.0 56.3| 89.2 58.4 92.3 73.1 | 88.0 75.7 45.6
RoMa v2 [16] 96.1 58.9| 90.0 59.2 92.4 78.6 | 88.0 75.9 46.2
MASt3R [29] 96.1 62.5| 89.7 59.6 924 |80.3| 89.3 758 45.2
AMES [53] 96.5 66.0| 89.8 64.1 93.6 |80.8| 91.8 75.6 48.7
FoundYou (ours) | 97.4 66.2| 91.6 65.2 94.4 | 804 | 915 76.1 49.8

Oracle

980 76.3| 983 | 812 | 982 |84 929 763 503

category-level retrieval is not the primary focus of our model, FoundYou per-
forms on par or better than prior methods. On Cars196 we improve the baseline
by +1.1. On iNat, FoundYou reaches 65.2 (+1.1 over AMES). On product bench-
marks, we obtain 97.4 on RP2K (+0.9) and 66.2 on SOP (+0.2). For landmarks,
FoundYou achieves 76.1 on RParis (4+0.2) and 49.8 on ROxford (40.7). Overall,
results highlight the generalization of FoundYou to category-level retrieval.

4.5 Personalized Segmentation with Flexible Prompts

By keeping the SAM 2 decoder frozen, our framework retains the ability to gen-
erate masks from flexible prompts, i.e. a simple point or bounding box suffices to
specify the reference object. Tab. 4-left reports results under different prompts.
On PerSeg, FoundYou is nearly unaffected by weaker supervision, achieving 96.4
mloU with masks, 95.9 with boxes, and 95.2 with points. On the more challeng-
ing PerMIS benchmark, the gap between mask and point prompts is 4.0 mIoU for
FoundYou (62.6—58.6), smaller than PerSAM-F’s 6.2 (47.8—41.6) and PDM’s
9.4 (44.2—34.8). Qualitative examples in Tab. 4-right illustrate consistent seg-
mentation across prompt types. Our unified formulation enables feature reuse,
lowering annotation cost while improving practicality for real-world deployment.

4.6 Ablation Studies

We first ablate the adaptation strategy, adapter design, and adapter placement
on personalized segmentation (PerMIS) and retrieval (ILIAS) in Tab. 5. We then
analyze how adaptation changes the underlying representation in Fig. 5. Addi-
tional ablations on the distillation loss weight Agis¢ and the number of positive
and negative training examples are provided in the Supplementary Material.
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Table 4: Promptable personalized segmentation. Left: mIoU (%, 1) for different
prompts types (point, box, mask). Right: qualitative results of FoundYou.

Prompt Method | PerSeg PerMIS

+~

=}

PDM [49] 79.7  34.8 E
Point  PerSAM-F [74] 89.8 416
FoundYou (ours)| 95.2 58.6

PDM [19] 841 397 8

Box  PerSAM-F [74] 939 462 A
FoundYou (ours)| 959 61.5

PDM [49) 80.5  44.2 5

Mask PerSAM-F [74] 95.3  47.8 §
FoundYou (ours)| 96.4 62.6

Adaptation vs. Fine-tuning. As shown in Tab. 5, applying SAM 2 yields
strong segmentation (60.2 mIoU) but poor retrieval performance (3.5 mAP),
when using the occlusion score as the retrieval score. Full or partial fine-tuning
shows limited gains, suggesting disruption of the representations learned during
pretraining. Lightweight adaptation achieves the best trade-off, reaching 62.6
mloU and 32.5 mAP. Notably, self-distillation preserves segmentation quality
(4+5.9 w.r.t. Adapt w/o Distill) while maintaining strong retrieval performance.

Adapter Design and Placement. Among adapter variants, AdaptFormer per-
forms best, with a 0.5x bottleneck achieving 32.5 mAP. Either smaller or larger
bottlenecks reduce performance (-2.0 mAP and -2.7 mAP, respectively). Adapt-
ing only the final two stages of the Image Encoder (blocks 2-3) yields the high-
est accuracy. This suggests that instance discrimination benefits from adapting
high-level semantic features while preserving low-level spatial representations.

Mitigating the spatio-temporal continuity bias. SAM 2 is pretrained to
preserve object identity across video frames, encouraging its features to main-
tain spatio-temporal continuity. As a result, these features may be sensitive to
changes in an object position and surrounding context. In Fig. 5, we analyze this
behavior on the Object-Placement dataset [31] by measuring same-instance fea-

Table 5: Ablations. Left: parameter-efficient adaptation outperforms full and partial
fine-tuning (FT). Middle: AdaptFormer [10] performs best with a 0.5x bottleneck.
Right: adapting only the last two Image Encoder blocks yields the best performance.
We report mIoU (%, 1) on PerMIS and mAP (%, 1) on ILIAS.

Fine-tuning strategies Adaptation strategies Adapter placement
Method mloU mAP Method mAP Stages mAP
Frozen SAM 2 60.2 3.5 LoRA [23] 28.9
Full FT 27.8  13.8  Adapter [22] 30.2  None - 204
Backbone FT 57.2  20.5  AdaptFormer [10] Early 0-1 21.7
QKV FT 59.8  27.2 0.8x channel dim 30.5  Middle 1-2 29.6
Adapt 62.6 32.5 0.5x channel dim 32.5 Late 2-3 32.5
Adapt w/o Distill 56.7  32.7 0.3x channel dim 29.8 All 0-3 318
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Fig.5: Adaptation mitigates SAM 2 spatio-temporal continuity bias. Same-
instance feature similarity under (a) object translation, (b) background replacement,
and (c) both changes. FoundYou features remain more invariant across these shifts.

ture similarity under object translations, background changes, and their combi-
nation. Frozen SAM 2 features become progressively less similar as these changes
increase, whereas the features adapted by FoundYou remain substantially more
invariant. This shows that our adaptation reduces the continuity bias, yielding
features that are more reliable for matching objects across independent images.

5 Conclusion

We presented FoundYou, a unified framework for personalized segmentation and
retrieval that extends SAM 2 from video tracking to cross-image instance match-
ing. With lightweight adaptation layers and a compact retrieval head, while
keeping SAM 2 entirely frozen, we remove its temporal continuity bias and en-
able discrimination of a specific physical instance across independent images.
The resulting 52 M-parameter model outperforms prior unified and task-specific
methods, scales effectively with additional references, and remains robust to
weaker prompts. More broadly, our results suggest that large-scale video pre-
training in SAM 2 induces identity-aware representations that extend beyond
tracking, providing a strong foundation for instance-level reasoning across tasks.
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