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Figure 1: Illustration of CaMiT content and experiments. (a) exemplifies the Citroén C3 data shift in
time. (b) shows that the averaged kernel-inception distance between class embeddings increases with
time. (c) highlights the positive effects of time-aware classification over static pretraining.

Abstract

Al systems must adapt to the evolving visual landscape, especially in domains
where object appearance shifts over time. While prior work on time-aware vision
models has primarily addressed commonsense-level categories, we introduce Car
Models in Time (CaMiT). This fine-grained dataset captures the temporal evolution
of this representative subset of technological artifacts. CaMiT includes 787K
labeled samples of 190 car models (2007-2023) and 5.1M unlabeled samples
(2005-2023), supporting supervised and self-supervised learning. We show that
static pretraining on in-domain data achieves competitive performance with large-
scale generalist models, offering a more resource-efficient solution. However,
accuracy degrades when testing a year’s models backward and forward in time.
To address this, we evaluate CaMiT in a time-incremental classification setting,
a realistic continual learning scenario with emerging, evolving, and disappearing
classes. We investigate two mitigation strategies: time-incremental pretraining,
which updates the backbone model, and time-incremental classifier learning, which
updates the final classification layer, with positive results in both cases. Finally, we
introduce time-aware image generation by consistently using temporal metadata
during training. Results indicate improved realism compared to standard generation.
CaMiT provides a rich resource for exploring temporal adaptation in a fine-grained
visual context for discriminative and generative Al systems.

1 Introduction

Large-scale visual datasets, such as ImageNet [9], LAION [38]], or DataComp [[15] play a central role
in the development of Al systems. They are designed for a one-off training paradigm, not considering
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novelty integration [7], and disregarding the appearance shift of visual classes over time. This shift
is most prominent for technological artifacts resulting from changing designs [8} [11} [19]], trends,
and camera evolution [38}47]. Existing work on temporal shift modeling focuses on time-continual
pretraining of generic VLMs [[16]], coarse-grained visual class modeling [48]], modeling specific
artifact versions [15]], or very specialized sensors such as satellite [S]]. However, none of these datasets
answers the following simple yet important question: How should the depictions of fine-grained
technological artifacts over a long period be modeled in visual models?

To address this gap, we introduce CaMiT, a new time-aware dataset representing car models. We
build on existing practices [23, 28, [71]] to obtain raw samples from Flickr, the only public source
allowing a collection over nearly 20 years. We propose a semi-automatic labeling pipeline combining
VLMs and supervised models to obtain accurate labels while reducing manual effort. CaMiT includes
a labeled subset describing 190 car models with 787K samples published between 2007 and 2023,
and a pretraining dataset with 5.1M unlabeled samples spanning from 2005 to 2023. We illustrate the
temporal shift of car model depictions for Citroén C3 in Figure[I](a). It shows the appearance of new
variants and the decreasing importance of older ones toward the end of a car’s lifespan (11 and 14
years [21} 43]]). This shift leads to an increasing distance between car model embeddings when the
gap between the photo uploads increases (Figure[I](b)), and calls for temporal data shift mitigation.

We use CaMiT in three classification settings to evaluate the temporal data shift effects: (1) static
pretraining (SPT) to analyze the effects of time without mitigation measures, (2) time-incremental
pretraining (TIP) to understand the effect of updating models when new data become available, and
(3) time-incremental classifier learning (TICL) to focus on the classification layer updates with frozen
backbones. The results summarized in Figure [I] (c) show that: (1) specialized pretrained models,
trained with CaMiT, have competitive performance compared with generic models in the SPT setting;
(2) TIP partially mitigates temporal data shift, particularly when adapting pretrained models with
LoRA using CaMiT labeled training data; (3) TICL provides even better accuracy, with the best
performance obtained when gradually updating classifiers on top of a specialized pretrained backbone.
These results show the importance of mitigating temporal effects and support the development of
specialized models for fine-grained classification, alongside foundation models. We also introduce a
time-aware image generation (TAIG) task to address the temporal data shift in generative models.
We add temporal metadata in the training captions and show that this simple change makes the
distribution of generated images more faithful to the actual one than conventional generation. We
release the dataset https://huggingface.co/datasets/fredericlin/CaMiT| and code https://github.com/lin-
frederic/CaMiT to foster research on the understudied fine-grained temporal shift modeling.

2 Related work

Fine-grained visual categorization (FGVC) focuses on distinguishing specific visual cate-
gories [66164]]. Datasets span human-made objects, natural categories, satellite imagery, or structured
visual domains. General-purpose datasets such as ImageNet [9], LabelMe [56], and Openlmages [30]
include car images without temporal metadata. Dedicated datasets like StanfordCars [28]], Comp-
Cars [71], VMMR [60]], and Car-1000 [23]] often include production years, but they lack explicit
timestamps for images and do not capture the temporal evolution of model depictions. Also, they
typically include under 150 samples per class, making them unsuitable for long-term analysis.

Continual Learning (CL) aims to integrate new data without forgetting prior knowledge [65]]. Typical
scenarios include task-, class-, and domain-incremental learning [63]] (IL). In Task-IL, semantically
disjoint datasets (e.g., Flower-102 [44]], EuroSAT [20]], Food-101 [3]) appear sequentially, and task
identity is known at inference [73]]. Class-IL splits general classification datasets (e.g., CIFAR-
100 [29], ImageNet LSVRC [53]], Google Landmarks [68]]) into random subsets, without revealing
the task label at test time [39]]. Domain-IL assumes a fixed label space but introduces data distribution
shifts over time (e.g., CORe50 [34]], reordered ImageNet variants). More general cases address
mixed-task and unknown-distribution settings [/6]. Despite their widespread adoption, these setups
overlook the natural temporal evolution of visual data that CL should account for.

Several datasets model the temporal data shift in visual data. Fine-grained examples include
AmsterTime [72] (historic vs. modern street views), FMoW [3]] (land use monitoring from satellite
images), Yearbook [17] (portrait photos over decades), and AgeDB [42] (age progression in faces).
However, these datasets are limited in scale and focused on specific domains. More generalist
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Table 1: Comparison of temporally annotated visual datasets.

Dataset  Yearbook = FMoW AgeDB AmsterTime VCT-107 e CaMiT
DataComp
Input Portraits Satellite Faces Landmarks Web images Web images Web images
Face ID, Place Object VLM Car

Prediction Gender Land use A .. .. .. "
ge, Gender recognition recognition pretraining recognition

Years 1930-2013 2002-2017 ~1890-2017 ~1850-2020 2007-2020 2014-2022 2005-2023
#classes 2 63 568 1.2K 107 - 190
#samples 37K 119K 16K 2.5K 951K 13B 7.5M

datasets have recently emerged. TIC-DataComp [16]] augments DataComp [[15] with time metadata
for continual pretraining of vision-language models, but it only provides sufficient coverage for
the 20162022 period. CLEAR [32] and VCT-107 [48] capture temporal drift in 11 and 107
commonsense-level classes, respectively, using Flickr data. While TIC-DataComp targets broad
multimodal representation learning, and CLEAR and VCT-107 focus on general visual concepts at a
coarse semantic level, CaMiT concentrates on a single fine-grained category—cars—with dense year-
level annotations and curated labels. This design enables controlled studies of gradual appearance
evolution and long-term temporal modeling that are not feasible with existing datasets. Table [I]
summarizes representative temporally annotated visual datasets in terms of their input modality, task
definition, temporal coverage, number of classes, and overall scale.

Dataset usage is built on top of recent advancements in several visual tasks. Large-scale pretraining
provides transferable features for downstream tasks, and we test them in zero-shot learning with our
dataset. We experiment with representative existing training strategies: DINOv2 [46] and CLIP [51]]
for car model classification through time. Building on continual pretraining [[7,[16]], we compare them
with static and dynamically updated domain-focused models. Then, we use recent continual image
classification algorithms [24} 18] |40, 150] that leverage pretrained models to balance effectiveness and
efficiency. Finally, inspired by works investigating the role of time in LLMs [6], continual image
generation [74], and GAN-based portrait restoration [37]], we investigate time-conditioned image
generation in an attempt to make synthetic content more realistic.

3 Dataset

We introduce CaMiT to analyze the effect of time in fine-grained image classification and generation.
We select car models due to their evolving designs [21]] and the availability of sufficient data for
these classes. We illustrate the dataset creation pipeline, including image collection, filtering, and
annotation, in Figure[2] CaMiT comprises two subsets: a labeled subset with 787K samples of 190
car models (48 brands) and an unlabeled pretraining subset with 5.1M images. The brand/model
distribution is: 27/99 European, 13/60 Asian and 8/31 American. The most represented brands are
Ford, Audi, and Toyota, with 14, 10, and 10 models respectively. Appendix A provides further details,
including visual model descriptions, hyperparameters, thresholds, and prompts. Finally, we analyze
the content of CaMiT, emphasizing the temporal dynamics of car model representations.

Data collection. While building billion-scale image collections from publicly available sources is
feasible [[15} 58], constructing datasets with fine-grained labels and temporal metadata introduces
distinct challenges. The following requirements guide our collection process: (1) the dataset must span
along period and include year-level temporal metadata, (2) it should cover a wide range of car models,
(3) the images must depict exterior car views suitable for model recognition, and (4) the samples
should present sufficient visual complexity to avoid performance saturation. The first requirement
is specific to our work, while the latter three come from prior FGVC efforts [28, [71} 123]]. Initially,
we tried collecting data by testing Google Images’ temporal filter, hoping to benefit from Google’s
extensive web image index. However, we found the temporal filter unreliable, with many images
incorrectly timestamped. We also considered TIC-DataComp [16], a temporally enriched version of
DataComp [15], which comprises nearly 13 billion images from 2014 to 2022. Despite its scale, this
dataset exhibits significant temporal imbalance, with sufficient car model coverage only from 2017
onward, making it unsuitable for our needs. Consequently, we followed a more targeted approach
using the Flickr API, consistent with established practices in dataset collection [31 30} 48| |61]. We
queried with car subtypes, brands, and models, applying Flickr’s built-in temporal filter. We issued
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Figure 2: Overview of the CaMiT curation pipeline. The pipeline consists of three stages: (1)
Data Collection — Flickr queries by car subtype, brand, and model yield 7.5 M candidate images.
(2) Data Filtering — automated filtering and de-duplication remove non-relevant or low-quality
samples, resulting in 5.87 M car crops. (3) Data Annotation — semi-automatic labeling with Qwen,
GPT-4o0, and DeiT produces 787 K verified car crops.

425 unique queries, collecting up to 5 000 images per query per year from 2005 to 2023. This process
resulted in an initial dataset comprising 7.5 million images.

Data filtering removes duplicate, irrelevant, or low-quality samples, such as those lacking visible
cars, showing car interiors or overly close-up details, or containing heavily obstructed views. First,
we remove duplicates based on the Euclidean distance between image embeddings obtained from a
pretrained CLIP model [51], with a threshold of 0.9. Second, we apply the YOLOv11x model [25]],
pretrained on the COCO dataset [31]], to detect car instances. We retain images that include at least
one car with a confidence score of 0.6 or higher and a bounding box of at least 64 pixels on each
side. Third, we use Qwen2.5-7B [70] to remove images that depict car interiors, overly detailed
or abstract representations, or toy models, ensuring that the retained images feature recognizable,
real cars. Fourth, we detect and blur any visible faces using DataComp’s approach [15] to address
privacy concerns. Finally, we eliminate images with strongly overlapping bounding boxes to reduce
ambiguity during annotation. We segment cars with SAM 2 [52] and calculate the overlap between
each car and neighboring boxes. We use a validation set of 600 images with overlapping detections
to determine the optimal removal threshold. The filtered dataset contains 5.87M car crops.

Data annotation. We propose a semi-automatic annotation pipeline that combines the zero-shot
classification capabilities of vision-language models (VLM) [57]], specialized smaller models [62],
and a fast manual verification. This pipeline is needed because FGVC remains challenging even
for the largest VLMs available [59]. We combine open and focused prompting for labeling. We
pass filtered car detections to Qwen2.5-7B [[70], which predicts the car model and a confidence
score. We match predictions against a predefined list of car models curated from Wikipedia to
ensure label consistency. Next, we prompt GPT-40 [1]] to confirm the Qwen2.5-7B prediction, or
to propose an alternative, and a confidence score. We observed that focused prompting improves
recall over open prompting, informing our choice of strategy. Preliminary evaluation of VLM
predictions reveals that (1) predictions are often correct, (2) GPT-40 generally outperforms Qwen?2.5-
7B, with a degree of complementarity between them, and (3) GPT-40 tends to produce overconfident
predictions. To further enhance accuracy, we integrate predictions from specialized discriminative
models. Specifically, we first pretrain a MoCo v3 model [4] with a ViT-S backbone on all filtered
car crops to obtain a car-specific encoder. We then fine-tune the supervised classifiers DeiT¢ and
DeiT¢ using DeiT [62], with Qwen2.5-7B and GPT-40 predictions respectively as weak labels.
To avoid overfitting, we train five instances of each classifier using disjoint 80/20% training/test
splits. These models complement VLLMs by introducing task-specific discriminators. We manually
validate 20 000 instances of 20 car models to determine suitable prediction thresholds for ensembling
Qwen2.5-7B, GPT-40, DeiTg, and DeiTg. We involve three annotators to perform majority voting.
The inter-annotator agreement (IAA), measured with Fleiss’ Kappa, is 0.76. We obtain an average
accuracy of 98.8% with individual model thresholds of 90%, 90%, 80%, and 80%. As a last step, we
manually verify 100 randomly sampled car crops. Again, we involved three annotators, obtained an
IAA of 0.79, and performed majority voting. We removed the 14 models with five or more errors
(69.1% of the error count) and kept 190 models, achieving a final accuracy of 99.6%.



The pretraining dataset comprises images for models not kept in the labeled subset and images
collected with queries for car subtypes such as car, hatchback, sedan, sports car, etc. We apply the
above filtering steps and ensure that the pretraining and labeled subsets do not overlap. We are mainly
interested in visual pretraining and do not keep textual metadata. The subset includes 5.1M car crops,
1.9M for the initial 2005-2007 period, and 200K samples for each subsequent year.

Dataset statistics. We keep a car model in the labeled subset if it has at least 31 labeled images for at
least 5 years. We select 30 examples per year for testing, and use the others for training. The average
number of training instances is 244, with a standard deviation of 224. This imbalance contributes to
the dataset realism since visual classes have a variable number of instances (33l [73]]. The car crops
are contributed by 337K unique users, with an average of 17 samples per user. The average user count
per model is 1276, with a standard deviation of 904. These user counts show that CaMiT reflects a
socially shared view of the domain.
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Figure 3: Dataset analysis across time. We compute CLIP ViT-B embeddings and evaluate the
kernel-inception distance (KID) between yearly embeddings.

Car model temporal dynamics. We pursue the temporal dynamics analysis summarized in Figure
by showing the emergence, evolution, and disappearance of car models from CaMiT in Figure 3
(a). In some cases, rare classes disappear because there are not enough labeled samples, only to
reappear in later years. The data stream characteristics from Figure [3] (a) correspond to a generalized
continual learning scenario, providing a realistic benchmark for evaluating the influence of time.
The embedding analysis in Figure 3| (b) exemplifies some of the most and least dynamic models in
CaMiT using the kernel-inception distance (KID) [2]], which measures the resemblance between each
year-year combination features in the embedding space provided by CLIP ViT-B encoder [51]]. KID
is more suited than the better-known FID for small samples since it offers an unbiased estimation of
the compared sets’ resemblance. Changing points generally reflect the appearance of new variants
that become popular, such as the C3 III for Citroén C3 in 2016 or the second generation of Volvo
XC90 in 2015. The least dynamic models include classic cars whose design did not change during the
period (Citroén 2CV, Porsche 356) or changed marginally (Ferrari 599, Lancia Delta, Fiat 500). This
analysis confirms the prominent influence of car design changes in model depiction shifts over time.

4 Experiments

We comprehensively evaluate CaMiT in static pretraining (SPT), time-incremental pretraining (TIP),
time-incremental classifier learning (TICL), and time-aware image generation (TAIG) scenarios.

Evaluation metrics. We measure classification performance using aggregated accuracy versions.
Assuming ¢ and j are the training and test years, we aggregate: A, - for all ¢ — j year combinations;
Ay - for the same ¢ = j; Ay, - for backward (¢ > 7); and Ay, - for forward (¢ < 7) in time. When
presenting results as matrices, A,,4 averages all values, A.,; aggregates diagonal values, A and
Ajq average the lower-left and upper-right parts of the matrices. We formally define the accuracy
metrics that capture time-related variations in Appendix B. We measure the generation quality using
KID [2]], with lower values indicating better quality and more diversified synthetic images. We also
introduce AJS", an A, version using classifiers trained with real images and considering generated

avg’

images as a test set. Higher AZ77 values indicate better coherence between generated and real images.

Implementation. We provide the implementation information and details in different appendix
sections. We experiment with ViT-S and ViT-B [10] backbone architectures to ensure comparability



between training strategies and methods. We use self-supervised pretraining, using DINOv2 [46] and
CLIP [51]], two representative generic models, and MoCo v3 [4] to train a car-specific model. We use
CLIP trained with 2B LATON images [58]] and the official DINOv2 model trained with 150M images.
We chose MoCo v3 for its ease of implementation and good performance. Its initial pretraining uses
1.9M pretraining images from 2005-2007. We train MoCo v3 for 200 epochs, using an AdamW
[36]] optimizer, a cosine learning rate scheduler with initial [r = 1.5 - 10~* and a batch size of 2048.
MoCo v3 yearly fine-tunings include 60 additional epochs with 200K images per year, with an initial
Ir=1-10"*% We implement LoRA [22], noted L, with rank 8 and o = 16, updating the attention
layers of the ViT architectures in all classification experiments. LoRA yearly updates use the same
configuration and training data from the current year (L.) or all preceding and current years (L,,).
TICL experiments use the methods’ original implementations and parameters unless stated otherwise.
After pretraining, we run the deterministic methods once. RanPAC [40] and RanDumb [50] are
non-deterministic, and we report results averaged over three runs. The two methods are robust, with
accuracy variability being under 0.1 points. Note that CLIP with ViT-S is unavailable, and DINOv2
LoRA-adaptation was inconclusive, explaining their absence from the evaluation. In the generation
experiment, we use Stable Diffusion 1.5 (SD1.5) [53] and fine-tune it with the CaMiT training subset.
It relies on LoRA with rank and « set to 64, trained with a batch size of 64 for 30 epochs, an AdamW
optimizer [36] with an initial learning rate of 10~4, a mixed precision (FP16), a resolution 512 x 512
and checkpoints saved every 5000 steps. We used around 1300 A100 GPU hours for all experiments.
We detail the experiment costs in Appendix G.

Statistical significance tests are performed using the Wilcoxon signed-rank test [69]], following
common practice in image classification [67]. We apply it to all classifiers compared in
Section[d] We report the p-value for the different statistical tests.

4.1 Static pretraining effect

Large pretrained models [46, [51]] encode generic visual knowledge and provide strong embeddings
for numerous classification tasks. A recent result [48] shows that they outperform in-domain training
for time-aware recognition of commonsense-level visual classes [54]. A similar comparison does
not exist for fine-grained classification, and we perform it using DINOv2 [46]], CLIP [51]] generic
pretraining, and MoCo v3 [4]] specific pretraining. We further adapt CLIP and MoCo v3 using
LoRA [22] with the 2007 train set (L;). We freeze the pretrained encoders and train a nearest-class
mean classifier NCM) [41]] using each year’s labeled training data. NCM is a simple yet powerful
baseline for image classification with pretrained models, particularly in continual contexts [24] 49].

Table 2: Static pretraining accuracy (in %). #pt - dataset size. L; - LoORA adaptation with 2007 data.
We define accuracy variants in Appendix B. Best results in bold, reported separately for ViT-S/B.

ViT-S ViT-B
‘ DINOv2 MoCov3 MoCo v3+L; ‘ DINOv2 CLIP CLIP+L; MoCov3 MoCo v3+L;
#pt (M) \ 150 1.9 1.9 \ 150 2000 2000 1.9 1.9
Aavg T 20.9 559 64.9 26.1 51.5 65.6 62.4 66.0
Acrt T 259 65.9 75.7 32.6 61.5 74.0 73.0 76.5
Apek T 20.9 54.0 62.6 26.1 50.9 63.9 59.7 63.2
Afwa T 20.2 56.6 65.8 253 50.8 66.3 63.9 67.4
MoCo v3 MoCo v3 + L CLIP CLIP + L; MoCo v3 MoCo v3 + L; 100
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Figure 4: Static pretraining accuracy (in %) for all train-test year combinations.

Performance degradation occurs when testing with past and future data. The class representation
shift explains this phenomenon in both temporal directions, as demonstrated by lower Ay, and
Ajq compared with A.,; in Table 2] Backward degradation reflects the well-documented forgetting
phenomenon observed in CL . Forward degradation occurs mainly due to emerging classes



but also by shifting distributions for existing ones. In Figure[d] the performance gap generally grows
with the difference between the test and train years, reflecting an increasing temporal shift. The
detailed behaviors differ for generic and specialized models. Performance on the same train-test year
gradually decreases for the specialized MoCo v3 model due to an increasing obsolescence of the
frozen model, and it is more stable but lower for generic models, calling for mitigation measures.

Specialized and generic pretraining have similar performance for car models after LoRA adapta-
tion. Generic models cover many domains and are suboptimal at encoding the fine-grained visual
differences between car models by default. They benefit more from the domain adaptation with
LoRA, but the effect of this adaptation is statistically significant in all cases (p < 0.01). With ViT-B,
CLIP roughly doubles DINOvV2’s performance, a difference explained by a larger training set and a
training scheme that uses textual and visual modalities instead of visual only. Our results differ from
those reported in [48]], where generic pretraining worked much better than in-domain training for
commonsense-level visual classes. They support the creation of specific models and the adaptation
of generic ones for specialized classification tasks. Appendix C details the training procedures and
provides more results.

4.2 Time-incremental pretraining

Continual pretraining [[7] updates the model when novelty occurs using an approach more efficient than
full retraining with all data. We test reservoir- and LoRA-based approaches, and their combination.
The reservoir-based update for time-incremental pretraining was proposed in [16]]. It mixes a fraction
of past data and all samples for each new year, with new samples in the majority. This mix leads
to a variable training dataset size, making it difficult to compare the results obtained with model
versions. We perform yearly updates with a minority of new samples, a choice that accounts for the
accumulation of past data and facilitates comparability across years. We start with the 2005-2007
MoCo v3 ViT-S model pretrained for the SPT experiment, fix the training budget to 1.9M images,
and add 200K new samples yearly, sampled from the labeled training and the pretraining subsets.
The removed and the new data are selected randomly. We perform LoRA adaptation using each
year’s labeled training data as an alternative to the reservoir-based approach. Finally, we add a LoRA
component to reservoir-based updates, using all labeled data from the reservoir. We train NCM
classifiers with the labeled training data corresponding to the pretraining year.

All TIP variants improve performance ) ) o
over static pretraining, with statistically Table 3: TIP accuracy (in %). R: reservoir training.

significant differences (p < 0.01). Interest- L. and L,: LoRA adaptation using only the current
ingly, LoORA-based yearly adaptations in Ta- year’s or all known years’ labeled training data. Best
bleBlwork much better than reservoir-based ~ results in bold, reported separately for ViT-S/B .

updates. Reservoir and LoRA combination - -
bfings further gains. Accuracy increases | ViTS ViT-B
for backward and forward testing, reducing MoCo MoCo  MoCo | CLIP  MoCo
the negative effects of data shifts compared V3R v+l VI+R+Lg | +L. v3+le
with SPT. The improvement is larger for Aave T | 583 765 78.5 765 753
past than future data due to knowledge ac- At | 690 833 90.2 87.1 867
cumulation in the backbones over time. Fig- Apac T | 599 804 82.5 .7 792
ure[3](a) shows that the positive effect lasts Awal | 554 711 730 9 700
when the train-test gap increases.

Our results are aligned with those in [[16]], confirming the TIP’s usefulness, but at a cost. LoRA-
adaptation requires significantly fewer resources than the reservoir-based version and should be
privileged. The corresponding yearly updates require 0.3 and 18 GPU hours. While useful, TIP still
degrades past and future test data performance, requiring further investigation of temporal data shift
mitigation. Appendix D details the TIP training procedures and provides more results.

4.3 Time-incremental classifier learning

This approach uses a frozen backbone and updates the classification layer when new data arrives,
allowing the classifiers to accumulate knowledge over time. It complements TIP, which updates
the model and trains the classifier with new data only due to an evolving encoder. TICL proves
particularly effective [40,/50], and also efficient, motivating the choice of these methods over others
from the literature [65]. We combine pretrained models with the following algorithms: NCM,
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Figure 5: Detailed accuracy (in %) for classification across years using a ViT-S backbone.

FeCAM [18]], RanPAC [40], and RanDumb [50]. All algorithms adapt class prototypes incrementally
to encode past knowledge, except for NCM. FeCAM, originally proposed for class-incremental
learning where class samples arrive simultaneously, stores a class prototype and a covariance matrix
per class of size d?, with d the embedding dimensionality. We adapt it to our setting, where class
training samples appear gradually. The sizes of past and new samples determine the weights of
previous and current years in the prototype and the matrix using a linear weighting. Similarly, we
modify NCM in NCM-TI to integrate new samples into existing prototypes based on their proportion.
RanPAC [40] and RanDumb [50] use random projections to a high-dimensional space (r > d)
before prototype-based classification. We experimented with » = 10000 and d = 384 or d = 768,
depending on the ViT. RanPAC and RanDumb need a projection matrix of size r2. The algorithms’
yearly updates require between 3 and 5 minutes.

Table 4: Time-incremental classifier accuracy (A4 in %) with TICL algorithms. L; - LoRA
adaptation with 2007 data. Best results are in bold for each pretrained backbone.

ViT-S ViT-B
\ DINOv2 MoCov3 MoCo v3+L; \ DINOv2 CLIP CLIP+L; MoCov3 MoCo v3+L;
NCM 20.9 55.9 64.9 26.1 51.5 65.6 62.4 66.0
NCM-TI 26.3 64.4 71.4 31.9 57.8 70.1 69.6 72.1
FeCAM 61.0 78.5 85.6 64.9 68.8 79.9 81.1 81.5
RanDumb 62.1 82.2 83.1 654 71.6 77.2 83.4 84.2
RanPAC 66.4 72.7 86.6 70.8 76.3 80.3 81.4 87.8

TICL provides the best accuracy across time among all time-related adaptations of backbones and
training strategies tested. The A,,, gain in Table E| over the best SPT results from Table %xceeds
20 points for both ViT architectures. The improvements over the best TIP results (Table [3) reach
8.1 and 11.3 points for ViT-S and ViT-B, respectively. These gains are statistically significant in all
cases (p < 0.01). When comparing pretraining strategies, we find that the LoRA-adapted MoCo v3
is best, followed by LoRA-adapted CLIP (for ViT-B). This result confirms the interest of specialized
pretraining and parameter-efficient domain adaptation. TICL algorithms are particularly useful for
DINOV2 encoders, whose accuracy roughly triples. Method-wise, RanPAC is best, except for the
non-adapted MoCo v3, where RanDumb is better. Even NCM-TI, a simple NCM adaptation, provides
significant gains compared with NCM. The reported gains come with significant overhead, with
FeCAM, RanPAC, and RanDumb requiring over 100M additional parameters.

TICL methods ensure positive backward and forward transfer [35], as shown by improved
performance in all regions of the matrices from Figures ] compared with Figure[5] The progressive
classifier consolidation explains this behavior by integrating new samples over time. The improve-
ments are particularly large backwards, with past scores often surpassing the current accuracy. These
gains occur because some current samples depict older model variants, reinforcing the classifier’s
representation of the past. This finding was not previously reported in the CL literature, highlighting
the importance of experimenting with realistic time-aware scenarios. We also observe positive
forward transfer, with smaller gains when the future gap increases. We expect such behavior for
time-dependent concepts due to new models or designs appearing periodically. Our findings confirm
the need for encoder and/or classifier updates to keep pace with the concept dynamics in fine-grained
classification. Appendix E details the method adaptation and training, and provides further results.

4.4 Time-aware image generation

Standard pipelines use the relation between image pixels and captions to generate images [S3], and
do not explicitly model the temporal aspect. We introduce TAIG to test whether such modeling is



beneficial when generating content for visual concepts whose appearance shifts over time. We use
the CaMiT training subset to fine-tune SD1.5 [[53]] with LoRA [13]], using the following time-aware
captions: ‘A photo of CAR_MODEL in YEAR”, where CAR_MODEL is the model name and YEAR
is the photo publication year. We also create caption variants without the year to better discern
the temporal effects. We append T'AIG and F'T to the original diffusion model name to name the
fine-tuned models obtained with and without year mentions in the captions. In Table[5] we evaluate
temporal effects by prompting the original and fine-tuned models with the same captions used during
TAIG fine-tuning to generate 30 images per model-year combination.

Time-awareness improves image generation as .
shown by the lower KID and higher accuracy ob- ~ 1able 5: KID and AZi% (in %) scores for
tained by SD1.5747. The improvements over standard generation (SD1.5) and fine-tuning
SD1.5 are statistically significant in both cases without or with temporal metadata (resp.
(p < 0.01). The year-agnostic fine-tuning im-  SP1.3r7 and SD1.5741G).

proves over standard generation, but the gains are Model KID (x10—4 Agen
smaller than for SD1.57 4. The gains occur even S]Z;) T g ‘ (6X83 ) ‘ 4%)91
though SD1.5 7 has more samples per class since SDl. 5 4' 48 52'1
it aggregates the training images across all years. SDl' 5; ZIG 4'19 5 4'1

The results indicate that considering temporal metadata during generator training is beneficial, even
using a simple fine-tuning. We hope this finding will encourage more refined attempts to include
temporal awareness in content generation pipelines. We detail the fine-tuning training in Appendix F.

5 Limitations

CaMiT represents car models in the long term, offering a challenging playground for time-aware
fine-grained image classification and generation. However, we acknowledge limitations related to the
dataset itself and the experiments. As with any dataset, CaMiT is affected by a selection bias [[12] that
manifests at several levels. First, we used Flickr to collect images, raising a generalization question.
‘We made this choice after inconclusively trying other data sources. Notably, Google Images’ temporal
metadata was imprecise, and TIC-DataComp has sufficient images only from 2017 onward. Flickr is
a socially relevant choice since it gathers contributions from a large user sample, with 337K users
contributing to CaMiT. Second, the dataset covers 17 and 19 years, for its labeled and unlabeled
parts, roughly three times longer than TIC-DataComp. Including a more distant past is desirable but
difficult in practice since the amount of digitized photos is insufficient to represent the car models.
Third, the class selection depends on the number of Flickr images available per model. Some car
models have more samples than others among the 190 classes, and the training set is imbalanced.
This imbalance induces performance challenges but augments the realism of the tested classification
and generation tasks. Finally, the geographic spread of brands and models is imbalanced, with Europe
dominating the dataset (27 out of 48 brands, 99 out of 199 models). This imbalance comes from the
car production per region during the period, but also reflects Flickr’s geographic biases [61]].

We do not have the resources to annotate the entire dataset and resort to semi-automatic labeling.
We acknowledge that the semi-automatic pipeline entails biases, which could potentially affect the
dataset distribution. However, we carefully design multiple filters and use several classifiers to boost
the accuracy of the annotation process. The verification done with a subset shows that the annotations
are 99.6% correct, confirming the labeling reliability.

The temporal annotations in CaMiT may capture both genuine design evolution (new model variants)
and physical aging (older cars photographed years after their release). This conflation can blur
temporal modeling results. Future work could disentangle these two factors by aligning timestamps
with official model release dates or registration metadata, allowing more precise study of design
changes over time.

We distribute image links, embeddings, and metadata, but not the images themselves, to comply with
copyright regulations as in [[15, [58]]. We initially tried to include only images with redistributable
licenses, but they were insufficient. We also distribute image embeddings to improve long-term
usability. Some image links will become inactive over time, requiring future work to rerun experiments
for comparability. We measure link persistence by recollecting 10K images six months after the
initial process. Missing links amount to only 0.68%, hinting at long-term CaMiT usability.



Image generation entails potential misuse, for instance, to enable misidentification in insurance
fraud systems. Applying the method to more sensitive images, such as human faces, could have a
significant negative societal impact but would require a considerable data collection effort. However,
the fine-tuned and standard diffusion models share these risks.

We illustrate different dataset usage scenarios with sound existing methods and their adaptations.
We acknowledge that more refined modeling is possible, but it is beyond the immediate scope.
We encourage other teams interested in the topic to delve deeper into the proposed scenarios’
methodological aspects and introduce new ones based on CaMiT’s rich content.

6 Conclusion

We introduced CaMiT, a new time-aware dataset designed for fine-grained image classification and
generation. It includes 190 car models photographed over 17 years and a pretraining dataset covering
19 years, contributed by 337K unique users. We first analyzed the temporal car dynamics and showed
that a temporal data shift occurs at a pace depending on the model. This shift calls for time modeling
in Al classification and generation models to reflect the changing class appearance. We then presented
comprehensive classification experiments with SPT, TIP, and TICL. SPT degrades performance
backward and forward in time while TIP and TICL mitigate this effect. TICL is more effective,
particularly backwards, and offers an interesting effectiveness-efficiency balance. We show that
pretraining is competitive in fine-grained image classification, a result at odds with previous findings
for commonsense-level classification [48]. Finally, we introduce time-aware image generation,
highlighting the positive effect of considering temporal metadata when training a generator for
changing visual classes. We hope that CaMiT availability stimulates the Al community’s interest in
integrating time in visual classification and generation models to avoid their obsolescence.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: the paper claims the creation of a dataset as described in[section 3|and its usage
through three use cases described in
Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: the main limitations are specifically discussed in[section 5}
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: the paper does not include theoretical results.
Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: the main information regarding the experimental results is discussed in the
"Implementation” paragraph of Due to the limited paper length, we reported
other technical details in Appendices C, D, E, and F. The protocol used to create the dataset
is explained in detail in Appendix A, with sufficient details to be reproduced independently.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: similarly to existing datasets such as LAION or Datacomp, we provide an
exhaustive list of image URLs composing the dataset. We also provide image embeddings
with the tested models to further improve sustainability. We release the experimental codes
to allow reproducibility.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: the main information to reproduce the experimental results in Due
to the limited submission length, we report all the technical details in Appendices C, D, E,
and F.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We conducted statistical tests with the matrices obtained by different methods
to assert they are significantly different. However, the pre-training of models last from 600
to 1000 hours on a A100 GPU thus we run only once these experiments.

Guidelines:

* The answer NA means that the paper does not include experiments.
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8.

10.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: the main information regarding the compute resources are reported at the
beginning of and detailed in Appendix G.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: all research activities were conducted in accordance with the NeurIPS Code of
Ethics, and no ethical violations or concerns were identified during this work.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]
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11.

12.

Justification: the work deals with car models and is thus unlikely to have significant negative
societal impact. It would be different if one considered images of e.g human faces but this is
out of the scope of the work. We nevertheless discuss this point in[section 5]

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [Yes]

Justification: The dataset includes car images, which pose relatively reduced misuse risks.
However, we blur faces before training to mitigate any privacy risks.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: In line with existing practices [[15} 58], we publish the image links and not the
images themselves to comply with copyright regulations. We release the code and resources
using an open license.

Guidelines:
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13.

14.

15.

» The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justification: We follow the NeurIPS guidelines for data publication and documentation.
Guidelines:

» The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [Yes]

Justification: We present the instructions annotation interfaces in Appendix A. We also
include the prompts given to VLMs for automatic labeling. We recruited the participants
and paid them using an hourly rate higher than the local minimum wage.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
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Answer: [NA]
Justification: the paper does not include any study on human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used

only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [Yes]

Justification: LLM were used to annotate images. The model used as well as the protocol is

described in the “Data annotation” paragraph of and further detailed in Appendix
A.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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