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Figure 1. ID-Sim motivation & results. (Left) An identity-focused metric should exhibit selective sensitivity: invariant to contextual
changes (e.g. background, pose, lighting), yet sensitive to subtle identity-altering changes. (Right) We present ID-SiM, which captures
this property more effectively than existing metrics, and achieves strong improvements across a diverse set of identity-focused tasks.

Abstract

Humans have remarkable selective sensitivity to identities—
easily distinguishing between highly similar identities, even
across significantly different contexts such as diverse view-
points or lighting. Vision models have struggled to match
this capability, and progress towards identity-focused tasks
such as personalized image generation is slowed by a lack
of identity-focused evaluation metrics. To help facilitate
progress, we propose ID-SIM, a feed-forward metric de-
signed to faithfully reflect human selective sensitivity. To
build ID-Sim, we curate a high-quality training set of im-
ages spanning diverse real-world domains, augmented with
generative synthetic data that provides controlled, fine-
grained identity and contextual variations. We evaluate our
metric on a new unified evaluation benchmark for assessing
consistency with human annotations across identity-focused
recognition, retrieval, and generative tasks. Our project
page id here.
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1. Introduction

Humans readily recognize the same individual or object
across large variations in viewpoint, illumination, pose, and
context while remaining highly sensitive to subtle differ-
ences that signal identity changes [3, 9, 40, 49]. This bal-
ance, which we term selective sensitivity, enables both ro-
bust generalization and fine-grained discrimination—we rec-
ognize a familiar character from an unusual angle, identify
a personal item under new lighting, or pick our own pet out
of a crowd [3, 48, 55]. From a cognitive perspective, this
corresponds to learning representations in which diverse ap-
pearances of the same identity cluster tightly while distinct
identities remain well separated [9, 40].

Existing “identity”- or “instance”-focused works in com-
puter vision employ widely varying definitions of what this
means, from broad semantic categories (e.g., cities or prod-
uct types) to unique physical objects. To reduce ambiguity,
we adopt a specific, property-based definition for this work.
We first define the concept of visual identity, and then use it
to define an instance.
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Visual identity: An object’s unique set of intrin-
sic visual properties (e.g., shape, texture, color).
Instance: Objects sharing the same visual iden-
tity.

Despite remarkable progress in visual representation
learning, vision systems still struggle with identity-focused
tasks. Even foundation models trained on massive datasets
[29, 54, 68] fail to recognize the same object under moder-
ate transformations (e.g., changes in viewpoint or illumina-
tion) and confuse identities that share superficial visual fea-
tures like the background (see examples in Figure 1). Spe-
cialized systems for instance retrieval [64], re-identification
[1, 78, 100], or personalized evaluation [12, 51], address
aspects of this challenge, but typically in narrow, domain-
specific contexts. None provide a general measure of iden-
tity consistency that captures when a transformation pre-
serves, versus alters, an identity.

Historically, advances in perceptual metrics have cat-
alyzed progress in computer vision. The shift from signal-
based measures (PSNR and SSIM [84]) to learned percep-
tual metrics like LPIPS [98] and DISTS [10] transformed
how visual similarity is quantified, enabling models that
better align with human judgments of appearance. How-
ever, these metrics are focused on appearance similar-
ity, not identity. To catalyze progress on identity-focused
tasks, we propose a new perceptual metric that explic-
itly prioritizes selective sensitivity. We curate a diverse,
instance-level training dataset that unifies and extends exist-
ing benchmarks across domains, augmented with a genera-
tive editing pipeline for controlled identity-preserving and
identity-altering transformations. We train our model us-
ing complementary global and local contrastive objectives
to balance invariance and discrimination, and evaluate and
analyze our metric across diverse identity-focused tasks.
Our main contributions are:

* A new identity-focused perceptual metric ID-Sim,
trained to mimic human selective sensitivity via curated
real and synthetic instance-level data.

¢ A comprehensive benchmark for identity percep-
tion, combining existing instance-level tasks across do-
mains with a new human-annotated generative evaluation
dataset (SUBJECTS2K).

A systematic sensitivity analysis using controlled gener-
ative edits, revealing the influence of viewpoint, lighting,
and contextual changes on perceived identity consistency.

2. Related Works
2.1. Identity-focused tasks

Re-identification (Re-ID) aims to identify the same indi-
vidual across contexts [60, 100]. Deep metric models for
Re-ID are: (i) highly specialized to specific domains (e.g.,
animals [1, 47, 61], humans [8, 23, 38, 62, 70, 72, 81]),

with models trained on domain X failing on domain Y
[32, 47, 63, 93], (i) require extensive domain-specific
fine-grained annotations, and (iii) optimize for discrimina-
tion (maximizing inter-class margins) rather than perceptual
alignment (matching human similarity judgments).

Instance retrieval entails finding matches to an example
object from within a large candidate pool [6, 101]. Re-
cent works like UnED [95] and GPR-1200 [59] have pushed
towards generalizing instance retrieval across categories,
from products to landmarks. Many prominent models train
on data that conflate fine-grained classification with in-
stance identity, which may limit their ability to differenti-
ate two visually similar but distinct objects, as observed in
Figure 1. Related work [89] explores training an instance-
retrieval representation using generative edited data. While
the approach is promising, the model is evaluated only on
retrieval benchmarks and not on a broader range of identity-
focused tasks.

Personalized vision works [30, 58, 73] adapt large mod-
els to a user-specified concept for tasks like subject-driven
generation [18, 21, 24, 36, 56, 76, 92] or personalized seg-
mentation [99]. Personalized generation faces a core chal-
lenge with identity fidelity, as models often struggle to faith-
fully preserve a subject’s unique features. This failure of
preservation also makes robust evaluation hard, creating a
clear need for an approach that can reliably measure fine-
grained identity similarity. Tasks like personalized segmen-
tation (e.g., PerSAM [99]) pursue different goals, such as
producing a pixel-level mask for the target subject, rather
than quantifying its identity consistency.

2.2. Visual similarity metrics

Perceptual metrics. SSIM [84], PSNR [26], and other
classical perceptual metrics [57, 83, 97] are hand-designed,
and often fail to capture the complex nuances of hu-
man perceptual similarity [98]. Alternatively, learning-
based methods (e.g., LPIPS [98], PieAPP [52], Dream-
Sim [17], DISTS [10]) show that embeddings from deep
networks [35, 67] can be calibrated or trained on percep-
tual judgments, and even align well with human perceptual
judgments [98]. This observation extends to other modali-
ties, such as stereo [75] and audio [41]. DiffSim [71] has
also found that diffusion model features align well with hu-
man judgments of perceptual similarity. Since these metrics
optimize for overall similarity rather than identity consis-
tency, they are influenced by contextual changes that are
irrelevant for identity-focused tasks.

Contrastive representations. The distance between con-
trastive representations is often used to quantify visual sim-
ilarity. Vision models trained with self-supervised con-
trastive objectives [5, 20, 22, 25, 43, 77, 90] learn by attract-
ing representations of augmented views of the same image
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and repelling those of different images. Thus, the represen-
tations capture the broad semantics of an image while ignor-
ing the effects of transformations used as positive augmen-
tations. For example, SImCLR [5] and MoCo [22] use crop-
ping, color jittering, and blurring, encouraging invariance to
low-level global changes. Similarly, the DINO model fam-
ily [4, 45, 68] and CLIP [54] apply contrastive learning at
scale, with CLIP aligning images to text—often compress-
ing fine-grained visual differences in favor of higher-level
semantic similarity.

Applications of visual similarity metrics. Metrics aligned
with human perception have been shown to benefit down-
stream tasks like segmentation and instance retrieval [74].
As mentioned above, another primary application is eval-
uating subject-driven generation, where identity fidelity
is crucial. However, general perceptual metrics are of-
ten insufficient, as they can confuse high visual similar-
ity (e.g., two similar purses in the same pose) with true
identity preservation (e.g., the same purse in a different
pose). MLLMs (e.g., GPT-4V [44, 50]) are also used and
align well with human judgments, but they face issues with
prompt sensitivity, stochasticity, and scalability [65]. This
necessitates an efficient metric focused on instance-level
identity. Concurrent work also proposed specialized met-
rics for detecting generative inconsistencies [12], but may
falter under occlusion or lighting changes.

3. Methods

3.1. Characterizing our definition of an instance

Under our definitions, two images depict the same instance
when they show visually indistinguishable objects, such as
two factory-identical screwdrivers, even when these objects
are transformed by extrinsic variations (e.g., pose, view-
point, or lighting). Conversely, two images depict different
instances if their visual identities differ, including clearly
different objects, significant temporal changes (e.g., a kit-
ten aging to a cat), and physical alterations (e.g., a repainted
chair).

3.2. Training data curation

To train a metric that mimics selective sensitivity, we need
data with three complementary signals:

» Context diversity supporting invariance to different back-
grounds, lighting, and viewpoints

* Visual identity diversity enabling sensitivity to subtle ap-
pearance differences

* Domain diversity ensuring generalization beyond specific
categories

No existing datasets provide all three simultaneously,
so we curate a training set using: (Subset 1) existing real
instance-level datasets, and (Subset 2) synthetic data with:

10k Triplets, ~10k Instances, ~300 categories
T l

Final Training Dataset: _

Subset 2a Subset 2b

Landmarks Fashion Objects Flat Objects Art Animals

Positive Anchor

Negative

Subset 2. Generative Edited Data
2a: Identity-Preserving Contextual Edits 2b: Identity-Altering Instance Edits

Existing Video Edited Positive Pairs w/ Existing Instance Datasets Edited Fine-
Datasets: Contextual Diversity wl Masks grained Negatives
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Figure 2. Dataset curation pipeline. We highlight the different
real and synthetic data subsets that enable ID-Sim training. To-
gether, they provide high context, domain, and visual identity di-
versities.

Dataset Type Objects #Cat Included in  #Inst
ILIAS [33] Img General N/A S1 281
FORB [87] Img Flat Obj 7 S1 761
MET [94] Img Artworks 1 S1 226
GLDv2 [85] Img Landmarks 12 S1 769
Dogs [42] Img Animal 1 S1 494
Cats [80] Img Animal 1 S1 140
DF2[19] Img Fashion 13 S1, 2466
UCO3D [39] Vid General 146 s 3884
LASOT [15] Vid General 34 101
YouTubeVIS [91] Vid General 35 414
GOT10k [28] Vid General 72 604

Table 1. Overview of datasets used for training set curation.
Cat and Inst refer to number of categories and instances respec-
tively. Colored text indicates different subsets that the dataset im-
ages appear in: S|1, , , which can be matched to Figure 2

(a) contextual edits that diversify the contexts in which in-
stances appear, and (b) identity edits that perturb visual
identity (see Figure 2). These generative edits (S2a and
S2b) expand the training pool, alleviating the limited di-
versity of real-world data, which is difficult to collect and
annotate at scale.

We formulate our training data using triplets (an anchor
image, a positive ID match, and a negative non-match),
a standard structure for learning similarity metrics. Pos-
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Figure 3. ID-Sim training pipeline. We train our metric with dual contrastive supervision. At the global level, CLS-token projections for
anchor—positive pairs are contrasted against one hard negative and additional batch negatives using InfoNCE. At the patch level, projected
patch tokens are compared using Sinkhorn distance for the same instance pairs.

itives come from real instance images (S1) or identity-
preserving contextual edits (S2a), while negatives come
from different real instances (S1) or identity-altering edits
(S2b). Our training set contains 10k triplets (30k images)
spanning ~10k instances across 10 datasets, with an even
split between triplets containing only real images, gener-
ative identity-preserving positives with real negatives, and
real positives with identity-altering negatives. Table | pro-
vides an overview of the dataset composition. We analyze
the effects of dataset scale and composition in Section 4.4,
and include additional experiments and full details on the
source datasets, splits, and editing pipelines in the Supple-
mental.

3.3. ID-Sim Training

Data formulation for contrastive learning. As seen in
Figure 3, we follow the supervised contrastive learning
framework [31], training our metric with positive (identity-
preserving) pairs and negative (identity-breaking) pairs. We
build our training batches from the dataset D introduced
in Section 4.2 comprised of M instances {X; }éw , and
use these instances to curate triplets (xo, 2%, {x; }X ) for
training. Two images from the same instance are sampled
as the anchor zo and positive 2. We then sample a hard
negative ; , which may be either an identity-altering edit
from S2b or a mined real negative from S1. For real nega-
tives, we mine visually similar yet distinct instances using
the nearest neighbors in the pretrained DINOv3 embedding
space [68]. The remaining N — 1 negatives {x; }, are
sampled from other instances within the batch.

Joint objective. We build upon a vision transformer (ViT)
[11] backbone fy, following recent works [29, 46, 53]. Each
image is passed through fy to obtain the global CLS token
¢’ and a set of patch tokens Z’. Since these representations
capture complementary global and local information, we
project them into separate embedding spaces using a dual-
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headed MLP: ¢ = MLP¢s(¢’) and Z = MLPpych (7).
We train using a joint supervised contrastive objective that
combines global and local terms:

Etotal = ECLS (C) + A EPatCh (Z); (1)

We opt for this joint objective instead of supervising only
on the global token since patch embeddings provide com-
plementary spatial signals for dense downstream tasks.

1. Global CLS Loss. L¢rs is the standard InfoNCE objec-
tive [79] applied to the projected CLS tokens:

et
Leps = —log ———x——,
et + 300 e @
sT = sim(cp, ) /T, s; =sim(co,c; )/T

where sim(-, -) is cosine similarity, 7 is a temperature pa-
rameter, and co,ct,c; are the projected CLS tokens for
the anchor, positive, and i-th negative, respectively.

2. Local patch loss. Patch tokens encode fine-grained lo-
cal cues, but the spatial layouts of instances across images
are often misaligned due to viewpoint or context changes,
making direct position-wise comparisons unreliable. We
therefore treat patch tokens between two images as an un-
ordered set of local descriptors and measure their similar-
ity via soft alignment. Given projected patch embeddings
A, B € RPXP we define their similarity as the negative
entropically regularized optimal transport (OT) distance:

simpaeh (4, B) = — S:(A, B), 3)
where S; is the Sinkhorn distance computed with uniform
weights over patches, using GEOMLOSS [16].

Unlike DenseCL [14], which builds hard nearest-
neighbor correspondences using augmented views of the
same image, our objective operates across different images
of the same instance, learning correspondences implicitly
through a soft global OT plan. Lpy. is obtained by substi-



tuting simpaeen (-, -) into the InfoNCE objective.

Using representations as an image similarity metric.
Using a trained fp, similarity between images = and y can
be measured as:

D(x,y;fg)zl—sim(fg(x), f@(y))v “4)
where the choice of feature representation fy(-) and sim-
ilarity function sim(-,-) can vary. Since ID-Sim is a ViT-
based metric, common features include the global CLS to-
ken or various patch token representations (e.g., aggregated
or localized sets). The similarity function is typically cosine
similarity. We explore alternative combinations of feature
and similarity functions, which can enable different types
of downstream tasks, in Section 4.4.

4. Experiments

We evaluate ID-Sim against 7 baselines across instance
recognition, retrieval, and preservation tasks on 7 datasets,
all disjoint from the training set.

4.1. Experimental setup

Network architecture and training details. We select DI-
NOv3 ViT-L [68] at 448 x 448 resolution as the backbone
fa, chosen for strong instance-level performance on our val-
idation set (described below). We freeze the backbone and
finetune only: (i) lightweight 2-layer dual MLP projection
heads, and (ii) rank 16 LoRA adapters [27] on attention and
feedforward MLP layers. Training uses standard augmen-
tations (color jitter, Gaussian noise, random cropping).

Hyperparameter tuning and checkpoint selection are per-
formed on a held-out validation set drawn from the train-
ing data domains. We also construct an “identity ablation
set”, a small Flux-generated [37] synthetic dataset of 5 in-
stances with identity-preserving and identity-altering edits.
Full training details and ablation studies are in the Supple-
mental.

Baselines. We test 7 baselines in three categories: (1)
perceptual metrics (DreamSim [17], LPIPS [98], DiffSim
[71]), (2) foundation models (DINOv3 [68], CLIP [54],
OpenCLIP [29]), and (3) an image retrieval model — the
Ist-place solution [64] from Google’s Universal Embedding
(UNED) challenge [95]. All models use the ViT-L architec-
ture except for [64] (larger ViT-H), DreamSim (ViT-B), and
DiffSim (U-Net).

4.2. Benchmarks

1. Concept preservation evaluation aims to quantify how
well a model is able to generate images of a reference in-
stance while preserving its visual appearance. We evaluate
this using two benchmarks.

First, we report Spearman’s p correlation against human
judgments on DreamBench++ [51], a public benchmark for
subject-driven generation. However, we found its human

preference labels to be noisy, stemming from sparse an-
notations (see Supplemental). Thus, we introduce SUB-
JECTS2K, a new human-annotated subset of Subjects200k
[102]. We collected new binary (same/different instance)
human annotations to improve and evaluate the original
dataset’s GPT-4v [44] labels. On SUBJECTS2K, we report
average precision (AP).

@ Score: 5/5 @ Score: 0/5

o :Different 9 :Same

Figure 5. Newly annotated Subjects2k. We release a 2k high-
quality human annotations with a subset of Subjects200k to serve
as a new challenging concept preservation eval benchmark.

2. Instance retrieval tests the ability to find images of
a given reference object from a pool of distractors. We
report mean AP (mAP), averaged across each instance in
the datasets on: (a) PODS [73], a dataset of household ob-
jects for instance-level retrieval and recognition under fixed
distribution shifts, and (b) DeepFashion2 [19], a fashion
dataset designed to match in-store clothing items to in-the-
wild consumer images.

3. Re-identification (Re-ID) / instance classification as-
sesses whether individuals can be consistently recognized
across viewpoints and conditions. We evaluate using: (a)
mAP on PetFace [66], a multi-species pet re-ID dataset, (b)
mAP on AerialCattle [2], consisting of 23 individual cattle
captured from aerial viewpoints, and, following the proto-
col from DiffSim, (c) accuracy on CUTE [34], where the
model must identify which instance out of a pair of candi-
dates matches an anchor object.

We also evaluate results on additional metrics (e.g. AU-
ROC or NDCG for ranking [82]) for all tasks in the Supple-
mental.

4.3. Results

Improved identity-alignment across tasks. We evalu-
ate ID-Sim across diverse domains and task types (Fig-
ure 4), using the global CLS token for similarity compu-
tation across all ViT-based methods. Across 49 evaluation
setups, ID-Sim outperforms prior work in 48 cases.

The strongest gains emerge along two axes of selec-
tive sensitivity: (1) Recognizing instances across contex-
tual changes, and (2) discriminating small visual identity
changes. This challenge of (1) is prominent in datasets such
as PODS and DeepFashion2, where in addition to requir-
ing fine-grained discrimination, positive instances are ex-
plicitly observed in different contexts (background, pose,
and distractors in PODS; in-store vs in-the-wild for Deep-
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Figure 4. Performance of ID-Sim vs. baseline models. We compare ID-Sim against standard perceptual metrics, large-scale vision
foundation models, and a supervised “Universal Embedding” model (the top entry in Google’s universal embedding challenge). Across
tasks — instance retrieval, concept preservation, and re-identification — ID-Sim consistently outperforms all baselines, including the instance-
retrieval-focused model, despite using over 100x less labeled data and a smaller backbone (our VIT-L vs. VIT-H). Full results and seed

variance are reported in the Supplemental.

Dataset Metric DINOv3 Ours (no patch) Ours
Method Model Subjects2k (AP) DreamBench 2(13017 mig 812? é 84;7;? gzg; Method mAP  F1
. m K .. o

Ours  — VIT-L 04063 0.697 CUTE Acc  0.6561 0.6439 0.8189 PerSAM + DINOV3 0.153 0.18
MLLM* GPT-40 0.2901 0.748

MLLM  GPT5 03159 0.3554 DB++ Spearman  0.5479 0.5913 0.6834 PerSAM + Ours w/o patch sup  0.214  0.235
MLLM  Gemini 0'2354 0 70 PetFace mAP 0.7849 0.8377 0.8446 PerSAM + Ours 0.436 0.409

m - : PODS mAP  0.5825 0.8181 0.7907 - — —
(a) Comparison with MLLMs on concept S2k AP 02314 0.2348 0.3674 (c) Personalized segmentation (Per-

SAM) performance on PODS with

preservation. MLLM* uses the original
Subjects200K and DreamBench++ prompts
and models respectively; MLLM rows use a
controlled identity-preservation prompt for
both datasets.

(b) Patch-level Performance of ID-Sim, ID-Sim without
patch supervision, and DINOv3 across tasks

varying metrics.

Table 2. Overview of results. (Left): comparison with MLLMs on concept preservation. (Middle): performance across recognition and
retrieval datasets. (Right): transfer to personalized segmentation with PerSAM.

Fashion2). With ID-Sim, we see some of the strongest rel-
ative improvements in these cases, with +0.11 and +0.30
gains in mAP over the second-best and the third-best mod-
els for both cases. For (2), the Subjects2k benchmark
presents some of the most challenging examples of fine-
grained identity variation across datasets, with hundreds of
visually similar negative instance pairs distinguished only
by subtle details. On this benchmark, ID-Sim outperforms
the second-best metric by +0.05 mAP.

Comparing metrics. Across baselines, clear trends emerge
in the strengths and limitations. Perceptual metrics gener-
ally underperform on identity-focused tasks, as they cap-
ture perceptual similarity rather than identity discrimination
(though DreamSim performs best on DreamBench++, con-
sistent with its human-aligned objective). Foundation mod-
els like DINOv3 perform well on datasets like CUTE and
PetFace that primarily test identity similarity under lighting
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variations, but struggle to maintain identity similarity un-
der other context shifts such as background variation, and
also struggle with retrieval tasks. The Universal Embedding
model achieves the second-strongest overall performance,
but benefits from a larger backbone (ViT-H) and millions of
labelled instance-level and fine-grained examples. ID-Sim
delivers consistently strong performance across all datasets,
indicating broader generalization and a more unified notion
of identity-alignment.

Comparison to MLLMs for concept preservation. Mul-
timodal LLMs (MLLMs) have shown strong potential for
identity-based evaluation, often aligning more closely with
humans than DINO or CLIP [51]. Therefore, we compare
ID-Sim against MLLMs using structured evaluation proto-
cols consistent with prior work as shown in Table 2a. As
shown, ID-Sim performs competitively and even surpasses
MLLMs on Subjects2k, our more fine-grained concept-



Dataset Bal. Pos. Neg. Ratio Val

Group Edit Edit Score
All datasets X X X - 0.693
All datasets v X X - 0.752
Filtered datasets v~ X X - 0.890
Filtered datasets v/ v X 1:1 0.937
Filtered datasets v~ v v 1:1:1 0965

Table 3. Ablation of dataset composition and editing strategies.
Balancing and targeted editing of positive and negative samples
improve performance.

preservation benchmark. Notably, MLLM performance is
sensitive to prompt and model choice: DreamBench++ ac-
curacy drops substantially when its original rubric-guided
prompts are replaced with controlled identity-preservation
prompts, whereas ID-Sim remains stable across evalua-
tions. MLLMSs also introduce practical limitations, includ-
ing stochastic outputs and reliance on pairwise comparisons
that increase cost at scale, which is challenging for tasks
like retrieval. In contrast, ID-Sim provides deterministic,
feed-forward evaluations that match or exceed MLLM per-
formance with significantly lower computational overhead.
Full prompting details and MLLM evaluation settings are
provided in the Supplemental.

Beyond global similarity: Patch-level embeddings and
localization power. While the global CLS token used in
Figure 4 captures a holistic representation, ViT patch tokens
offer complementary, spatially localized features essential
for fine-grained correspondence and region-level discrim-
ination. We compare ID-Sim’s patch embeddings against
DINOv3 [68], the strongest baseline with well-established
patch embeddings, and ablate patch-level supervision to as-
sess its contribution.

Table 2b shows performance across tasks when similar-
ity is computed using patch embeddings. ID-Sim signifi-
cantly outperforms DINOv3 across all datasets, indicating
that it learns stronger and more discriminative local rep-
resentations. While the variant trained only with CLS su-
pervision improves performance by 13% over DINOv3, ex-
plicit patch-level supervision substantially amplifies these
gains, yielding a 40% relative improvement.

To further assess whether our patch embeddings en-
code spatially meaningful information, we evaluate ID-Sim
within the state-of-the-art personalized segmentation frame-
work, PerSAM [99], which uses patch-token similarity to
localize SAM point prompts and score segmentation pre-
dictions. As shown in Table 2c, our patch features improve
segmentation mAP significantly from 0.153 to 0.436 and
F1 from 0.18 to 0.409 over DINOv3. Even without explicit
patch supervision, ID-Sim features improve over DINOv3
(0.214 mAP, 0.235 F1). Our patch embeddings capture both
aggregated and spatially coherent information for precise
localization and discrimination of identities.

4.4. Analysis

What makes for the best training data? While develop-
ing ID-Sim, we systematically explored different strategies
for curating and prioritizing high-value, identity-focused
training data. Results are shown in Table 3, demonstrating
that these choices significantly impact metric performance.
We find that balanced composition is crucial. Ensuring bal-
anced positive and negative samples prevents overfitting to
dominant instances and leads to more stable convergence.
Additionally, dataset quality matters: filtering out noisy or
inconsistent instance-level samples significantly improves
generalization. This matches prior literature—high-quality
data is particularly vital for fine-grained tasks [7]. Finally,
we find that synthetic data boosts performance: incorpo-
rating edited samples enhances both diversity and robust-
ness—positive edits improve intra-instance consistency and
edited negatives sharpen inter-instance discrimination.

Exploring sensitivity to visual variation. In order to iso-
late the visual factors that metrics are most sensitive to,
we conduct a systematic sensitivity analysis measuring how
similarity scores change with respect to four dimensions
of variation: identity, background, viewpoint, and lighting.
We use 100 diverse objects from MVImgNet [96], a multi-
view dataset not used in training or evaluation, which pro-
vides 180 views per object on a clean surface with natu-
ral viewpoint variation. For the other dimensions, we ap-
ply generative edits: identity changes are simulated by edit-
ing the foreground with Qwen-Edit-Inpainting [86] (varying
noise strengths), background changes via inpainting with
14 scene prompts, and lighting variations using Qwen-Edit
[86] with nine illumination prompts. For each reference, we
construct an edit grid varying jointly along identity and one
other factor and compute the similarity of each image back
to its original anchor. Sensitivity scores are then estimated
by fitting a regression model to quantify the similarity de-
crease per unit change in each dimension. Final scores are
averaged across instances, with uncertainty estimated via

bootstrapped confidence intervals.
Figure 6 summarizes our sensitivity analysis across these

four factors and shows that ID-Sim achieves the most de-
sirable balance: high identity sensitivity and low contex-
tual sensitivity. Performance of other metrics varies across
these challenges. DreamSim exhibits moderate identity sen-
sitivity but remains similarly sensitive to background and
lighting variation. In contrast, the Universal Embedding
model and DINOvV3 show greater invariance to viewpoint
and lighting but are more sensitive to background changes.
CLIP, OpenCLIP, and LPIPS show the weakest identity sen-
sitivity, measuring semantic or image-level similarity rather
than identity similarity. Examining the similarity scores in
the bottom row of Figure 6 offers a complementary perspec-
tive: compared to other metrics, ID-Sim exhibits the largest
similarity drop in response to identity changes while main-
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Figure 6. Selective sensitivity analysis. We evaluate model sensitivity across four axes of visual change: identity, background, viewpoint,
and lighting. For 100 anchor instances, we generate controlled variations and compute both sensitivity scores and similarity trends.
(Top row.) Compared with baseline methods, our model is notably more sensitive to identity differences while remaining stable under
background, viewpoint, and lighting changes. (Bottom row.) When systematically increasing variations across each dimension, we see
that, as desired, only identity changes significantly reduce similarity measured by ID-Sim.

taining invariance to other factors, supporting its stronger
identity sensitivity. ID-Sim is slightly less robust to light-
ing variation than DINOV3, reflecting a tradeoff to preserve
fine-grained color cues for identity.

5. Limitations, Future Work, and Conclusions

Limitations. Our instance definition relies on consistent
visual identity and therefore does not fully capture broader
notions of identity that may require user-specified invari-
ances (e.g., aging, accessories, or stylistic changes). Also,
ID-Sim is a global prompt-free metric and does not resolve
the identity to target in multi-entity scenes; doing so re-
quires external conditioning, either using spatial cues (e.g.,
masks) or text prompts, as explored by concurrent work
Omni-Attribute [13]. We show in the Supplemental that our
localized patch embeddings provide a natural foundation for
more flexible, spatially-conditioned identity specification.

Future work. Recent work personalization works [69, 88]
has used synthetic data to bootstrap training, improving
generalization and reducing overfitting. However, automat-
ing this has been difficult and error-prone, lacking the gen-
eral, selectively sensitive identity embeddings that our work
(ID-Sim) introduces. We believe leveraging ID-Sim for this
task is a promising direction. In addition, conditioning sig-
nals can be incorporated for selective identity specification.

Conclusions. Our results demonstrate that by combining a
carefully curated dataset (Section 4.2) and training formu-
lation (Section 3.3), it is possible to train a general purpose
identity-focused similarity metric with state of the art per-
formance across a wide variety of tasks, all at a fraction of
the inference costs, training costs, and data requirements of
MLLM foundation models. ID-Sim produces both global
and local embeddings that can be easily plugged into any
application that requires identity sensitivity and robustness
to contextual changes (e.g., pose, background, lighting).
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