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How to Build Robust, Scalable Models for
GSV-Based Indicators in Neighborhood Research
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Abstract A substantial body of health research demonstrates Over the past decade, methodologies in neighborhood re-
a strong link between neighborhood environments and health search have evolved substantially. Early studies relied primar-
outcomes. Recently, there has been increasing interest in Ieverag-”y on surveys and administrative data, which, while valuable
ing advances in computer vision to enable large-scale, systematic L . S ’
characterization of neighborhood built environments. However, &€ _Cqstly, §|0W1 and |Imlt¢d_|n thelr_ ability to capt_u_re the
the genera”zabi”ty of vision models across fundamenta”y dif- multidimensional characteristics of diverse Commun|t|es[75].
ferent domains remains uncertain for example, transferring  The emergence of geospatial technologies, high-resolution
knowledge from ImageNet to the distinct visual characteristics of imagery, social media, drones, webcams, and other tools has
Google Street View (GSV) imagery. In applied elds such as social transformed the eld[54]. Moreover, advances in machine
health research, several critical questions arise: which models . L L .
are most appropriate, whether to adopt unsupervised training learning, computer vision, and s_patlal_analyncs now allow re-
strategies, what training scale is feasible under computational S€archers to directly observe built-environment features, quan-
constraints, and how much such strategies bene t downstream tify visual cues of disorder, and detect neighborhood change
performance. These decisions are often costly and require spe-gver time. These developments have improved the precision
cialized expertise. and scalability of neighborhood measurement, enabling more

In this paper, we answer these questions through empirical detailed and t inati fh . s affect
analysis and provide practical insights into how to select and etalied and accurate examinations of how environments aitec

adapt foundation models for datasets with limited size and labels, residents’ health across spatial and temporal contexts.
while leveraging larger, unlabeled datasets through unsupervised A study[43] by Nguyen et al. used social media data to

training. Our study includes comprehensive quantitative and characterize neighborhood well-being and health behaviors.
visual analyses comparing model performance before and after Using more than 80 million geotagged U.S.-based tweets,
unsupervised adaptation. . . . - .
the researchers applied machine learning and spatial mapping
methods to generate neighborhood-level indicators of happi-
. INTRODUCTION ness, diet, and physical activity. These social media derived
A. Built-in Environmental Charactertistics measures were correlated with socioeconomic disadvantage,

urbanicity, and chronic disease prevalence, demonstrating that

. Neighborhoad _research has I(_)pg been a cornerston_e (_)f 38:ial media data can complement traditional neighborhood
cial and health science, emphasizing how the charactenstlcgg) asures
g .

the places where people live and work in uence physical a Buildin ;
; ) . g on these ndings, Nguyen et al.[42] developed a
mental health[3]. Typically, a neighborhood covers phys'c?ﬂamework using more than 16 million Google Street View

gfsélgn’ soualirelar?onshk:psz ar|1d enylrlonrrgjental Con.d't'??fsb[qgnages across the United States to automatically characterize
udies examine how physical, social and economic attribugs onyironment features such as road types, infrastructure

of a local area contribute to health differences at the populatigQ, «ivv and visible sians of develooment. By applving com-
level[57]. Common domains include walkability, transportas-9 Y, g P - =Y appying

) : : uter vision models to these street view images and linking
tion networks, enwronmen.tal poIIunon,_Iand use, access 0. with county- and census-tract-level health data, their
resources (food, gym, hospital, etc.), social connections, eq%tr)(alyses revealed that areas with limited infrastructure have

issues, safety level, .COSt of living in the comml_Jmty, gnd ho"}ﬁgher rates of obesity and diabetes, whereas more developed
values[11], [57]. Neighborhood studies also investigate hoé{\‘eas show more favorable health outcomes

neighborhood disrepair and disinvestment affect health out, o iher cross-sectional study of fatal collisions across

Icomes, SUISQ a; brsast ‘gjé‘”cer[zol- Throughh ahmulltléilmenf?lom United States, researchers evaluated links between built-
ens, neighborhood studies underscore that health is a ecé(?w(é/ironment characteristics and collision prevalence. Features

tnhottor;]Iy by(ljnqllwlq gal habltds't'l:) ut also by the broader SYSteNBich as single-lane roads and street greenness at the census-
at shape datly living conditions. tract level were associated with reduced prevalence of pedes-
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dynamic systems rather than static settings. This perspectivg quantify the similarity between the i-th query and the j-
allows researchers to identify determinants of inequity anll key, and are used to produce a weighted combination of
design effective, targeted interventions[39]. Integrating neighH value vectors. Multi-Head Self-Attention (MSA) extends
borhood research with public health research can help infothis operation by performing jhindependent attention com-
policies and shape community strategies to improve heafihtations ( heads) in parallel and projecting the concatenated

across diverse populations. outputs back to the feature dimension, allowing the model to
Earlier neighborhood studies often relied on convolutionahpture diverse relational patterns across tokens.

neural networks (CNNs) such as VGG and ResNet to recog- D

nize environmental features and derive neighborhood indica- [0;k;V] =XW g ;W g 2 RP3P "D = —;

tors. With the emergence of foundation models, researchers KT fin

have increasingly turned to modern architectures such as Vi- A = Softmax FL A2RNN -

sion Transformers (ViTs), which are pretrained on large-scale h (2)

imagery datasets like ImageNet (IN). ViTs offer advantages  SA(X) = Av;

not only through stronger representation learning enabled MSA(x) = [SA 1(X); SA2(x); 25 SA R, (IW msa ;

by extensive pretraining but also through more interpretable W 2 RM DA D -

attention maps, allowing researchers to gain insight into the msa '

features the model has learned rather than treating it as a blaék-based architectures have exhibited strong holistic under-
box. Using the Google Street View (GSV) dataset shown #&ianding for classi cation tasks and ne-grained comprehen-
Figure 1, we evaluate several model architectures for neigtion for dense prediction tasks such as segmentation, across di-
borhood classi cation. The results show that contemporawgrse data modalities including natural images[13], videos[14],
architectures such as ViT and the more recent Vision Mambadios[34], and medical data encompassing both imaging and
(Vim) demonstrate strong potential when pretrained at scatemporal modalities[59], [60]. Although ViTs are generally
However, despite the strong performance of IN-pretraingdore computationally expensive than CNNs of comparable
models, a domain gap persists between ImageNet imageize, they are believed to possess greater representational
and GSV images. To mitigate this discrepancy, we applied axibility and scalability across multiple tasks, provided there
unsupervised method to adapt these models without requiriig suf cient inductive biases, either from the data or from
annotations. architectural design choices.

To mitigate the lack of inductive bias particularly trans-
lation equivariance and spatial locality [32], [52] which are
naturally encoded in CNNSs, a large body of work has explored

1) Transformer Architectures: The Vision Transformemethods for integrating such priors into ViTs without relying
(ViT)[13](Figure 2) has become a leading architecture acrosselely on large training data. One research direction introduces
a wide range of language and computer vision benchmawksxiliary self-supervised objectives to make better use of
since its emergence, following the success of the selimited data. Recently, Das et al. [10] conducted a thorough
attention mechanism[64]. It has now become a fundamengalidy on the training schemes of Self-Supervised Learning
building block of Computer Vision (CV) models, Vision-(SSL) tasks for ViTs and found that jointly optimizing ViTs
Language Models (VLMs)[77], and Large Language Modor the primary task (ne-tuning on limited labeled data)
els (LLMs)[78]. ViTs have demonstrated a higher perforand a Self-Supervised Auxiliary Task (SSAT) is more effec-
mance ceiling than traditional convolutional neural networks/e than performing SSL and ne-tuning sequentially. An-
(CNNs)[31], such as ResNets[25], particularly after large-scad¢her direction involves injecting multi-scale inductive biases
pretraining or when provided with suf cient data to acquire theom CNNs into ViTs by integrating convolutional operations
necessary inductive biases. at various stages: prior to patch embedding, within atten-

However, the lack of inductive bias has been a persistditin blocks[9](e.g., replacing linear projections as in [69]),
challenge for Transformer-based models especially in thevia pooling mechanisms[14], or through hybrid hierarchical
vision domain due to the modality shift from language to designs[61], [66]. Subsequent advancements have explored
images while still relying on the same patch tokenizatioarchitectures with hierarchical downsampling[67], [68], [35]
process. In a vanilla ViT[13], the general work ow includesor intricate windowing strategies[38], [12], addressing the
patch tokenization/embedding, stacked attention blocks, antinaitations of uniform, single-scale patch grids. Concurrently,
task-speci ¢ head. An image is uniformly divided into xed-signi cant effort has gone into enhancing the locality of ViTs
size patches (typically 16 16), which are then projected via avhile improving the computational ef ciency. This has led
convolutional layer into a sequence of vector representatiots,the development of local attention[46], an early form of
or tokens. This token sequence is subsequently processéadowed attention in which self-attention is con ned to spa-
through a series of attention layers. The self-attention medfally local regions, further enabling pixel-level detail modeling
anism, shown in Eq. 1, computes relationships among §2]. Moreover, by incorporating deformable convolutions or
tokens within the sequence, yielding a globally contextualizedher dynamic mechanisms, models can support deformable or
representation of the entire image. For an input sequersdaptive attention within windows[45], effectively combining
x 2 RNP | query, key, and value matrices (qg;k;v) arethe representational exibility of attention with the ef ciency
obtained via learned linear projections. The attention weighdad inductive biases of convolutions.

B. Modern Deep Neural Networks



Fig. 1. Random GSV image samples used in unsupervised training. Original image size: 640 x 440.

2) Efcient Attention: Improving computational ef ciency and demonstrating greater ef ciency than PVT models [67]

has become one of the central focuses in the evolution afd Swin [38].
Transformer based architectures. While Transformers excelTo further lower both time and space complexity, re-
at modeling global dependencies through a fully connectsdarchers have explored token pruning methods for various
self-attention graph, they inherently suffer from the notordownstream tasks such as segmentation[58]. In language tasks
ous O(N?) computational and memory complexity, wherénvolving long-context inputs, where the number of tokens can
N denotes the number of nodes(tokens, or patches) in teach millions, additional studies have leveraged the sparsity of
fully connected graph. Linear Attention [28] reformulates thattention weights in pretrained LLMs. These include heuristic
self-attention mechanism by expressing the softmax similg@truning based on attention patterns [26], low-rank decompo-
ity function as a dot product between kernel feature mapstions [65], learned thresholding [29], predictive pruning of
leveraging the associativity of matrix multiplication to achievéoken indices [1], and entropy-inspired approaches [70] that
a linear computational complexity with respect to sequendynamically allocate computation based on content relevance.
length(N). This formulation also reveals the intrinsic con-
nection between Transformers and recurrent neural networks)) State Space Model: Despite the existing efforts to im-
(RNNs), enabling ef cient autoregressive modeling with fastgirove the ef ciency of attention computation while maintain-
training and inference. Window-based attentions are ableifg the representational capacity of ViTs, a growing body
alleviate the same issue from a different perspective, 9y research has been exploring alternative architectures as
restricting self-attention to local regions. When the window dotential successors to modern neural networks. Among these,
kernel size is relatively small compared to the input resolutioMamba [17] revisits state-space models (SSMs) and demon-
the computational complexity can be signicantly reducegtrates strong performance on 1D long-sequence modeling
[38], as demonstrated in local attention mechanisms for visigrth linear or near-linear complexity with respect to input
data[22]. Building upon this, Dilated Neighborhood Attentiofength. This has inspired work on constructing general-purpose
Transformer(DINAT) [21] extends Neighborhood Attentiorvision backbones built entirely on SSMs. The key challenges
[22] into a dilated local attention capable of preserving localr applying SSMs to vision are: (1) encoding the position-
ity, maintaining translational equivariance, and exponential§ensitive nature of 2D spatial structures and (2) capturing
expanding the receptive eld. global visual context, since the original 1D Mamba is uni-
directional and lacks inherent positional awareness.

Different from window attention, which is a reduced form SSMs originate from continuous-time dynamical systems,
of patch-to-patch attention, PaCa-ViT[15] learns to clustenapping an input sequence u(t) 2'Rto an output y(t) 2 R-
patches into a prede ned number of M clusters that serve #wough a hidden state h(t) 2 R, where t denotes time.
keys and values, relaxing the quadratic complexity to line&r continuous-time linear SSM is expressed as the Ordinary



Fig. 2. Model Architectures(Left: ViT; Right: Vim). The gray rectangles labeled from 0 to N represent the positional embeddings.

Differential Equation(ODE) in Eq. 2, where A 2 RN is is then linearly projected into a D—dimensizonal embedding
the state transition matrix. B 2 R* | and C 2 RN are using a learnable projection matrix W 2 R )0 | and a

the input and output projection matrices, respectively. positional embedding s 2 RU*VP  is added, as shown
hY%t) = Ah(t) + Bu(t); in Eq. 5. Following the ViT design, a learnable [CLS] token
’ (2) ftcls is introduced to summarize the global representation of
y(® = Ch(): the entire patch sequence. Based on ablation studies, tcls

To integrate SSMs into deep learning, this continuous modelinserted in the middle of the sequence rather than at the
must be discretized. A standard approach is the Zero-Ordigginning. As in ViT, the entire sequence is then used as
Hold (ZOH) method, which yields discrete matricAsand the input of a stack of SSM blocks in Vim encoder, where
B, parameterized by a times step , as shown in Eqg. 3. sequence § was processed from the forward and backward
directions. The output class token tcls after the nal layer of

A =exp(A); (3) Vim block is used for prediction.
B=(A) ! (exp(A) I) B:
This produces the discrete recurrence in Eq. 4: To=[tas;tpWit Wittt JW]+E pos] (5)

hy = Ah + Buy; . . .
‘ t ! (4) Almost concurrently, Liu et al. [37] integrated visual state-

ye=Chy space (VSS) blocks into a hierarchical backbone. In their de-

S4 [18] and Mamba (also known as S6)[17] both adopt th#gn, the 2D Selective Scan (SS2D) module performs four-way
discretized SSM form above. However, Mamba introduces(ef0ss) scanning and merging to traverse the spatial domain.
selective input-dependent parameterization, where , B andpeci cally, SS2D unfolds feature maps into sequences along
C are conditioned on the input, while A is learned as dour different traversal paths. Each sequence is then processed
global parameter. In practice, for input u 22RN | Mamba in parallel by an independent S6 block, and the resulting se-
produces 2 RPLD | B:C 2 RPLN | dynamically quences are reshaped and merged back into a 2D feature map.
through the Selective Scan mechanism. Here, b representsByideveraging these complementary 1D traversal directions,
batch size, L denotes the sequence length, D is the feat¥&2D enables each pixel to aggregate information from all
dimension, and N can be viewd as the hidden size of SSKither spatial positions, effectively establishing a global recep-
e.g., 16. Then and B are used to transform th& and B.  tive eld in 2D space. Through this mechanism, VMamba [37]

Zhu et al.[80] adapt S4 and Mamba to vision in Visiordapts S6 to visual data without sacri cing key advantages of
Mamba (Vim). Images are partitioned into patches, projectéélf-attention, namely global context modeling and dynamic,
to tokens, and processed as sequences similar to ViT. To agontent-dependent weighting (in contrast to CNNs that use
count for the non-causal nature of images, Vim introduces bidked convolutional kernels) [20]. The comparison of different
rectional selective scanning and position embeddings, enabliighitectures is shown in Figure 4.
global context modeling and spatial awareness. The modeSeveral subsequent works on visual Mamba architectures
overview is shown in Fig. 2. A 2D image t 2 RW ¢ is primarily differ in their scanning strategies. The raster scan is
rst divided into non-overlapping patches of size P P, which the most widely adopted in current implementations[71]. More
are then attened into vectors, forming2 R” ® *C), where recently, Liu et al. [36] introduced a deformable scanning
(H; W) is the spatial resolution of the input, C is the numbegapproach to reduce the loss of structural information brought
of channels, and J is the number of patches. Each patch vedtgr xed scanning paths.



On ImageNet classi cation, many Visual Mamba architeccapabilities. A prominent example is masked image modeling
tures outperform the CNN-based MambaOut [74] and hierdMIM), a recent and in uential paradigm for visual pre-
chical Transformer baselines such as Swin [38]. Visual Marraining [2]. Masked Autoencoders (MAE) [23] adopt this idea
bas have also demonstrated strong performance across déyseandomly masking a large proportion of image patches
prediction tasks including object detection and semantic segfaround 75%) before encoding and reconstructing the missing
mentation [71] and have been extended to a wide range opixels via a lightweight decoder. This process compels the
modalities, such as X-ray images [72], digital pathology [40&ncoder to learn semantically meaningful features. After pre-
3D medical images [63], remote sensing [5], and video undéraining, the decoder is discarded, and the encoder is applied
standing [33]. These applications bene t from Mamba'’s abilitgirectly to downstream tasks. Another line of work addresses
to model long-range spatio-temporal dependencies ef cientihhe batch-size sensitivity and reliance on negative samples,

However, as observed by Xu et al. [71], Visual Mambaxempli ed by BYOL [16]. BYOL trains an online network
models demonstrate competitive performance, yet there #wepredict the representation of a target network fed with a
still cases where they do not fully match the most advanceifferently augmented view of the same image, eliminating the
Transformer architectures. Additionally, most current implezeed for negative samples and contrastive loss. This design
mentations are relatively small in scale, and how to scaehieves stable training even with small batches and is less
Mamba-based models efciently continues to be an actiwsensitive to augmentation choices compared to contrastive
direction for future research. Similar to ViT, pure Mambanethods.
architectures also struggle to capture local ne-grained details,At the era of Transformer architectures, self-supervised
which are crucial for low-level visual tasks. To address thigiethods have been adapted and applied to Vision Transform-
limitation, recent works incorporate convolutions, channeks (ViTs). MoCo v3 [8], an incremental improvement over
attention mechanisms [19], and multi-scale or hybrid scanningoCo v1[24] and MoCo v2[7], investigated the instability of

strategies [55]. ViTs in self-supervised learning. It found that adding a random
. ) patch projection layer slightly stabilized training. iBOT[79]
C. Unsupervised Techniques performs masked prediction using a teacher network as an

Besides incorporating appropriate inductive biases throughline tokenizer. Two losses are minimized in this approach:
architectural design, researchers have also leveraged ureme for self-distillation between cross-view [CLS] tokens,
pervised technigues in modern deep neural networks, swalid another for self-distillation between in-view patch tokens,
as Transformers, solving the problem of limited amount afhere some masked tokens in the student network are recon-
labeled data by exploiting unlabeled data. A major line daftructed using the teacher network’s outputs as supervision.
research in unsupervised and self-supervised learning is c@he two objectives are summed without scaling.
trastive learning, which encourages representations from theDINO [4] is a widely used self-distillation approach that re-
same image (positive pairs) to be close in the latent spaggires no labels. It also employs a teacher-student architecture
while pushing apart representations from different imagesid has proven particularly effective for ViTs. In DINO, an
(negative pairs). In this section, we focus on self-supervis@tlage x is randomly cropped into two global view$ and ¥
methods trained purely on visual data and exclude multimodaid several local views of smaller spatial extent. All crops are
approaches such as CLIP [51]. processed by the student network, while only the global views

SimCLR v1 [6], a representative work in contrastive learmare fed into the teacher. The core idea is to train a smaller
ing, systematically analyzed the key factors contributing ttudent network g to replicate the behavior of a larger teacher
its success. It constructs positive pairs by applying diversetwork g, by leveraging its output probability distributions,
data augmentations to an image, and employs a lightweigftiich convey richer information than conventional hard class
projection head to map features into a latent space whergabels. Their output probability distributions over K dimen-
contrastive loss is applied. The study found that the comions are denoted bysPand R, obtained by normalizing the
bination of random cropping and color distortion is cruciadutput of the network g with a softmax function, given in
for strong performance. Subsequent work further demonstrategl. 6, with temperature parameters; > 0 controlling the
that learning from multiple augmented views leads to represasharpnesses of the output distributions.
tations that better capture the underlying scene semantics [62].

However, SImCLR largely benets from large batch sizes, ) = P exp(g.(X)'=5s) ©)
which provide suf cient negative samples. To alleviate this s i E=1 exp(g . (x) k=)

limitation, MoCo v1 [24] introduced a momentum encoder and

a dynamic memory queue that maintains a large set of nega- min X X H(P(X): P s(x%);

tive keys, effectively decoupling the dictionary size from the s g o ’ '

mini-batch size. This allows contrastive learning with smaller X 1'ng§0%\:/x (7)
batches while retaining negative sample diversity. MoCo v2 [7] H(a;b) = alogb:

further improved upon SImCLR’s ndings by incorporating

an MLP projection head and stronger data augmentatiofis, stabilize training, the teacher outputs are centered over the

achieving competitive results with more ef cient training. mean and softened using temperature scaling. By minimizing
Beyond contrastive paradigms, other self-supervised ape similarity loss between teacher and student representations

proaches have demonstrated strong representation learmjivgn in Eq. 7, in which V is a set of different views,



Fig. 3. Model Architectures(Left: ViT; Right: Vim). The gray rectangles labeled from O to N represent the positional embeddings.

degraded local features after approximately one million itera-
tions.

Il. MODEL CHOICES

In this section, we describe the model architectures and sizes
evaluated in our study and explain the rationale behind these
choices.

Scaling laws [27] have been extensively studied in language
models and, more recently, in discriminative vision models
[76], revealing predictable power-law relationships among
model size, dataset size, compute budget, and performance.
Scaling models and data can sometimes lead to qualitatively
new behaviors, often referred to as emergent abilities. In the
vision domain, similar effects have been reported, although
they are less formally characterized. For example, DINO [4]
observes representation phase transitions under self-supervised
training, and SAM [30] demonstrates strong zero-shot gen-
eralization to unseen categories, which can be viewed as

Fig. 4. Comparison of token dependencies(Lines with arrows) and receptﬂg emergem_“ke property a”S."j],g from large-scale tra'”'”g
eld(Black boxes) for different architectures. and diverse data. These capabilities generally strengthen with
increased model capacity, particularly for larger architectures
such as ViT-B/L/H or even ViT-G with billions of parame-
containing global and local ones. DINO enforces local-tders. However, training and ne-tuning models at this scale
global correspondence. During training, the student netwaogke computationally expensive, and the resulting performance
parameters are updated via gradient backpropagation, wheggigs can be modest [76], limiting their practical applicability.
the teacher network parameters are updated through an expdespite observations that jointly scaling compute, model
nential moving average. Self-supervised VIT features learnside, and data improves representation quality on ImageNet
via DINO have been shown to capture explicit semantend other well-known benchmarks [76], smaller models can
information useful for diverse downstream tasks, exhibitinggmain surprisingly competitive[40]. For instance, ViT-S/16
strong transferability. DINO v2 [44] scaled this self-distillatiorachieves performance comparable to ViT-B/32 under the
paradigm to massive model sizes ( billions of parametershageNet-21k linear 10-shot evaluation protocol. Nonetheless,
and extremely large batch sizes (around 65k). DINO v3 [5&he generalizability of smaller models to substantially different
published at the time of writing, further scales DINO tdasks such as transferring from ImageNet to environmental
billions of parameters and images. It addresses the problenchéracteristics in GSV imagery remains uncertain. In applied
dense feature degradation where patch-level representatiosettings like social health research, key questions persist:
collapse into similar embeddings over long training runs bywhich models to choose, whether to post-train or ne-tune,
introducing Gram Anchoring, a regularization technique thand at what scale such training should be applied, considering
encourages the student model's Gram matrix (pairwise patobmputational cost constraints. These practices are often ex-
similarities) to remain close to that of a more stable earlipensive and require expert knowledge. In this work, we aim
teacher network. This strategy has been shown to rep@irprovide practical insights by exploring these questions.



Hierarchical transformers are often more suitable for taskarious resolutions, and another recent work on autoregressive
requiring dense, ne-grained features such as medical imvisual pretraining on ImageNet [53] investigates grouping
age analysis or segmentation, where pixel- or region-levg ‘{V—G patches as prediction units, representing the rst explo-
understanding is crucial. However, the semantic patternsration of autoregressive pretraining with Mamba architectures.
our GSV data are typically not ne-grained (i.e., built-inHowever, SSL strategies for Mamba models remain nascent.
environmental indicators such as streetlights, single-famiBor this reason, we also explore applying DINO to pre-train
houses, etc.). Therefore, employing hierarchical architectuidisn on GSV data. Experimental details are provided in the
such as the Swin Transformer(Swin)[38] and DIiNAT [21following paragraph.
may not be urgent or necessary. Simultaneously, Mamba
shows great potential as a more recent visual foundati%n Training Setti
architecture, which we also aim to compare experimentally faining Seting
with vanilla architectures on our neighborhood research tasksTo balance model capacity with the computational cost
Consequently, we xed our chosen architectures to ViT aref large-scale training, we focus on small models for post-
Vim, while using ResNet and Swin as baselines representitigining on unlabeled data. Speci cally, we select ViT-S/16
CNNs and hierarchical Transformers, respectively, to provigetrained on ImageNet in an unsupervised manner using
a clear comparison across different architectures on G®NO (21M parameters) and Vim-S pretrained on ImageNet-
imagery. We discuss the theoretical details of these modelsli§ (26M parameters), and further post-train both on 1 million
Section I-B and illustrate the token dependencies in differe@SV images. Since training starts from ImageNet-pretrained
types of models in Figure 4. weights, we refer to this unsupervised training process as

For model sizes, we selected ViT-S and ViT-B as reppost-training, as illustrated in Figure 5. The 1M images are
resentatives of smaller and medium-sized ViT models, af@ndomly sampled from our dataset without lItering, dedu-
Vim-S and Vim-B as representatives of smaller and mediurflication, or weighting. The necessity of data curation is
sized Vision Mamba models. This allows us to evaluate ttscussed later in Section IV.
practical potential of the two types of foundational vision We adopt the head output dimensionality(65,536) from
models in social health research applications while balanciBgNO. For both models, we use 2 global crops and 8 or 10
performance with computational cost. We also aim to examit@eal crops, with 8 local crops as the default. Optimization is
how model size in uences performance on GSV imagery. Weerformed with AdamW. Key hyperparameters are reported in
offer the details of models used in the paper in Table I.  Table I, while the remaining settings follow the original DINO

For model initialization, we post-trained ViT and Vimdefaults. The learning rate (LR) in Table I corresponds to the
from ImageNet-pretrained weights. Speci cally, we used VitR at the end of the linear warmup, and the minimum LR
unsupervisedly pretrained on ImageNet via DINO [4] and Virfepresents the target LR at the end of optimization. A cosine
supervisedly pretrained on ImageNet [80]. Beyond comparihdr scheduler is used, and DINO also applies a cosine schedule
architectures and model sizes, we are also interested in theweight decay, gradually increasing the decay to improve
performance differences between models pretrained with Rerformance. Teacher temperature controls the smoothness of

bels versus self-supervised learning (SSL) techniques. the teacher’s predicted distribution. DINO uses a warmup
for teacher temperature, as a high temperature at the start

can make training unstable. For ViT-S/16, we set the teacher
temperature warmup epochs to 0, as the training was stable
To learn strong and transferable representations from masthout warmup.
sive, unlabeled GSV imagery, we adopt SSL techniques, asv/im-S is more unstable under DINO. In initial experiments
introduced in Section I-C. GSV images frequently contaiwith an LR of 5 10 4 and a minimum LR of 1 108
visually similar or semantically ambiguous patterns oftenfor the rst 6 epochs, training diverged due to NaN losses.
even between geographically distant locations or, converseébgveral combinations of LR, minimum LR, and weight decay
between adjacent viewpoints as illustrated in Figure 1. Ele-were attempted, but instability persisted. We then adopted the
ments such as vegetation, roadway surfaces, sky appearahgperparameters listed in Table Il and resumed training from
or common architectural structures may look nearly identicapoch 6 to 100. Teacher temperature warmup may also affect
across samples, while regional style variations can remaitability, but we leave a more systematic investigation of this
subtle. for future work. We also explore scaling both model size and
Given this characteristic of the data, we opt for knowledgéraining data to medium-scale settings using 5 million images.
distillation based SSL rather than contrastive learning, sinddowever, training at this scale proves challenging; therefore,
contrastive methods require negative samples that mustvie report experimental results only for small models. The
semantically dissimilar and explicity pushed apart in thebserved training instabilities are discussed in Appendix A.
representation space. This requirement does not hold wellAll post-training and evaluation/ ne-tuning experiments in
for GSV imagery. DINO [4] has proven to be one of thehis work were conducted on NVIDIA L40S GPUs (48 GB)
most effective distillation-based approaches for training Viaind NVIDIA RTX A6000 GPUs (48 GB). Training ViT-S/16
models, and thus we choose it to post-train both a ViT andtakes slightly over one hour per epoch on 1M images using
Vim on GSV data. A recent study [40] have explored pr&2 48GB GPUs, whereas training Vim-S/16 takes less than 2.5
training Vim models with DINO for pathology images ofhours per epoch using 4 48GB GPUs.

I11. UNSUPERVISED TRAINING



Model Depth Hidden size MLP size Attention Heads Params.(M) ImageNet acc@1 ImageNet acc@5
ResNet50  1,3,5,5  128/256/512/1024 - - 2351 80.86 95.43

Swin-S  2,2,18,2 96,192,384,768 384,768,1536,3072 3,6,12,24 48.84 83.20 96.36

ViT-S 12 384 1536 6 21.67 77.0 -

Vim-S 24 384 - - 25.62 81.6 95.4

Swin-B  2,2,18,2  128,256,512,1024  512,1024,2048,4096 4,8,16,32 86.75 83.58 96.64

ViT-B 12 768 3072 12 85.81 80.1 -

Vim-B 24 768 - - 96.83 81.9 95.8

TABLE T
DETAILS OF MODEL VARIANTS, WEIGHTS PRETRAINED ON IMAGENET1K WERE LOADED. A LIST OF DEPTHS AND HIDDEN SIZES INDICATES A
HIERARCHICAL OR PYRAMID MODEL STRUCTURE. ACCURACIES ON IMAGENET ARE FROM CORRESPONDING PAPER OR OFFICIAL DOCUMENT.

Fig. 5. lllustration of our post-training and evaluation pipeline. The backbone network can be instantiated with any architecture; here we use ViT and Vim.
During post-training, model weights are updated(indicated by re). During inference, we either ne-tune or freeze the pretrained backbone(indicated by
freeze ) while updating the classi cation head.

Model Epochs LR Min LR LR Warmup Weight decay Teacher Temp Warmup Teacher Temp Batch Size/GPU #GPUs
ViT-S/16 100 5104 1 10 ® 10 0.04 0.04 0 64 2
Vim-S/16 100 2 10°> 1 10 © 10 0.04 0.04 0 32 4

TABLE T

HYPERPARAMETERS USED FOR DINO POST-TRAINING ON 1 MILLION GSV IMAGES. LR WARMUP INDICATES THE NUMBER OF EPOCHS FOR LINEAR
LEARNING RATE WARMUP, AND WARMUP TEACHER TEMP INDICATES THE NUMBER OF EPOCHS FOR TEACHER TEMPERATURE WARMUP.

200 200 pixels or 567 378 pixels. In contrast, all GSV
images share the same size of 640 440. For the train-
ing described above, we adopt the same data augmentation
pipeline as DINO on ImageNet. This includes a Random-
ResizedCropAndIinterpolation with size 224 224 for global
crops and 96 96 for local crops, along with random horizontal
ipping, color jitter, Gaussian blur, and normalization.

For global crops, we by default select a crop area (scale)
from 0.4 to 1.0 of the original image and randomly choose an
aspect ratio between 0.75 and 1.333, then resize the crop to
224 224, as in ImageNet. Local crops use a default scale
range of 0.05 to 0.4. We also experimented with other scale
B. Data Augmentation factors for different models. Since such cropping can change

DINO was originally proposed for training on ImageNetthe aspect ratio of the input, we also propose a method to
where image sizes and aspect ratios vary for examplepreserve the original aspect ratio: we crop the 640 440 images

Fig. 6. Overlapping crops for data augmentation used in DINO training.



into four overlapping crops of size 372 256, as illustrated in Among all models, the post-pretrained Vim-S achieves
Figure 6. the best overall generalization across tasks, with Swin-B
Using this new augmentation, we further train ViT-S startingerforming competitively. Notably, although Swin-B achieves
from the weights obtained after the rst round of training fothe highest ImageNet(upstream) accuracy among all initial
an additional 50 epochs on the same 1M images. The numhaights, it does not consistently perform best on our down-
of local crops is increased to 10. We also increase the bagttheam tasks, despite having 61M more parameters than Vim-
size to 128 per GPU and use 2 GPUs, as DINO has beBn Swin-S and Vim-B achieve the second-best ImageNet
reported to benet from large batch sizes, e.g., 1024. Thapstream) accuracy among all initial weights, but they do
learning rate is set to 2:5 1@ with a minimum LR of not generalize as well to GSV data. This illustrates that larger
510 7 and a weight decay of 0.5, as the training is resumedodels do not necessarily outperform smaller ones without

from the previous checkpoint. proper domain adaptation, even when they achieve higher
upstream benchmark scores.
IV. MODEL EVALUATION Speci cally, Vim-S and ViT-S pretrained on both ImageNet

. ) . and GSV outperforms Vim-S and ViT-S pretrained only on
To evaluate representation quality after post-training, We,ageNet on all tasks except observing a slight performance

assess downstream classi cation performance with a few thQyy, ' oy streetlight, demonstrating the effectiveness of our
sand labeled samples per task under two settings: (i) Nasypervised post-training. The accuracy drop of Vim-S on
tuning the model using the available labeled data, and @[reetlight after post-pretraining can be attributed to the use

linear probing via a linear classi er trained on frozen backbon& balanced sampling: while it improves balanced accuracy, it

weights. Both settings are applied across all benchmark tasrlﬁdy slightly reduce accuracy for majority classes. We later

MIT-S and VIT-B use no labels during their pretraining andy,mine the Streetlight performance drop of VIT-S using
post-training stages prior to evaluation, and all models u§&ention map visualizations, discussed in Section V.

labeled data at the evaluation stage. Class distributions argq parameter ef ciency and inherent local inductive bias
reported in Table Ill. For each task, data are split in a strati ek p1amba-based models suggest opportunities for devel-
manner into training, validation, and test sets at a 75:10:83ing small yet effective architectures ideal for resource-
ratio, except for Sidewalk, which uses a 70:15:15 split.  congrained environments, such as Vim-S, consistent with

recent ndings[71]. However, scaling Mamba to larger net-

A. Data Augmentation for Model Evaluation work sizes remains challenging. In our experiments, scaling to

We use the same image augmentation strategy as in }ﬂ-@'B and training on 5M imaggs leads to trair_1ing collapse
post-training process, including a RandomResizedCropAn _dgr DIN.O rggardless qf Igarnmg rate. Techniques such as
Interpolation with a crop scale between 0.08 and 1.0 géad|ent clipping and skipping samples that produce NaN
randomly sampled aspect ratio between 1.0 and 1.6 resi’zlﬁ ses offer little improvement. Prior studies also report insta-
to 224 224, followed by random horizontal ipping, and PNty in large Mamba variants[49], often caused by vanishing

normalization. The aspect ratio range was chosen empiricaﬁ)?, explodlng.g_rad|$r_1|tss[48c]:, which ca? degrade. per;‘ol\r/lmant:: N
as it performed better in most cases. or’ cause training failure. Consequently, most visual Mamba

models remain at base or smaller scales, limiting their overall

Task/Class | Train Val Test Total performance[?l]. )
By comparing checkpoints across two rounds of post-
streetlight | 0 | 11,844 1,579 2369 15,792 training, we propose three conjectures regarding the perfor-
1] 1,608 214 322 2,144 g, prop ) 9 9 p
0| 4146 552 830 5528 mance behavior of our trained models:
NSH 15430 724 1,087 7,241 Longer wunsupervised training leads to over-
9|68 76 113 757 generalization. Prolonged unsupervised training can
Green30 2 %g% g%g ?,24402 géﬁi produce overly general representations, causing models
: 019641 2066 2066 13773 to emphasize majority visual patterns particularly
Sidewalk | 4 | 5’397 621 621 4139 those from remote areas overrepresented in our 1M
TABLE T dataset which in turn lowers balanced accuracy on
DATA SPLIT downstream tasks. This highlights both the strengths
and limitations of using randomly sampled, uncurated,
and unlabeled data for unsupervised training, and
) ) underscores the importance of data curation strategies,
B. Fine-tuning such as removing redundancy (including semantic
To avoid over tting, we ne-tune all models including redundancy), accounting for sampling bias rather than
the backbone and a randomly initialized linear classi er for relying on random sampling, and applying sample-level

30 epochs across all tasks. Owing to the imbalanced class reweighting when appropriate.

distributions shown in Table Ill, we report balanced accuracy This observation is consistent with ndings in LLM
as the primary metric, alongside accuracy and F1 score. For training, where data quality often outweighs architec-
highly imbalanced tasks such as Streetlight and Sidewalk, we tural improvements. Results in Table IV further show
use a balanced sampler to oversample minority classes. that solely oversampling minority classes is insuf cient.
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Model Size(M) In;;g?sl:det TSj]\;d Streetlight - NSH - Green30 - Sidewalk -
Acc. BAcc. binary Acc. BAcc. macro Acc. BAcc. macro Acc. BAcc. macro
ResNet50| 23.51 X 85.15 | 83.24 | 56.52 | 81.85| 7356 | 7592 | 83.84 | 83.41 | 81.82 | 86.65| 86.71 | 82.97
ViT-S 21.67 X 88.89 | 80.81 | 60.19 | 83.30 | 74.20 | 77.90 | 86.62 | 82.15 | 83.56 | 90.32 | 86.05 | 86.29
ViT-S 21.67 X X 87.66 | 81.45 | 58.71 | 83.15| 77.86 | 79.45 | 86.03 | 83.37 | 83.53 | 91.04 | 86.60 | 87.20
Vim-S 25.62 X 91.08 | 77.49 | 61.54 | 84.04 | 80.95 | 80.85 | 86.18 | 82.68 | 83.41 | 91.00 | 87.69 | 87.42
Vim-S 25.62 X X 89.48 | 8249 | 6252 | 8493 | 82.03 | 81.49 | 8588 | 84.24 | 83.70 | 91.89 | 89.25 | 88.74
ViT-B 85.81 X 90.82 | 81.74 | 64.46 | 85.55 | 79.00 | 80.99 | 85.98 | 82.53 | 83.20 | 91.74 | 85.81 | 87.73
Vim-B 96.83 X 89.34 | 79.99 | 60.30 | 8259 | 78.69 | 78.59 | 85.19 | 84.37 | 83.19 | 90.52 | 85.02 | 86.21
Swin-S 48.84 X 88.63 | 84.69 | 6259 | 82.84 | 76.21 | 78.53 | 85.49 | 84.22 | 83.38 | 88.84 | 88.24 | 85.39
Swin-B 86.75 X 8796 | 87.12 | 63.10 | 83.19 | 74.74 | 77.69 | 86.28 | 84.48 | 84.09 | 89.46 | 87.89 | 85.91

TABLE TV
PERFORMANCE COMPARISON ON STREETLIGHT, NSH, GREEN30, AND SIDEWALK DATASETS, FINE-TUNING THE BACKBONE.

Recent work has explored dynamically evaluating angpresentation quality by measuring the linear separability
weighting individual samples [73]. Finally, the limitedand informativeness of the xed learned features. As shown
performance gains from post-training may also be an Table V, GSV-post-trained backbones do not consistently
tributed to the constraints of DINOv1's memorizationoutperform models pretrained solely on ImageNet. In several
based teacher. cases (e.g., ViT-S across all tasks and Vim-S on NSH and
Capacity saturation in small models ViT-S and Vim- Green30), additional GSV post-training even leads to perfor-
S (22M and 26M parameters) exhibit decreased perfanance degradation. This is notable because domain-adaptive
mance when training is continued on the same 1M dataggéetraining is typically expected to enhance downstream trans-
in round 2, suggesting that small models may lack tHerability. We hypothesize several possible reasons for this
capacity to continue bene ting from longer unsupervisetehavior:

training. This highlights the importance of selecting an
appropriate model size that can effectively scale with
dataset size while balancing computational cost.
Necessity of data curation. Simply increasing the train-
ing set size not only slows training and increases compu-
tational and memory demands, but also introduces greater
instability and leads to over tting on small downstream
tasks (see Appendix A). This further underscores the
importance of careful data curation during both pre-
training and post-training, as incorporating more ran-
domly sampled data does not necessarily improve down-
stream performance.

Recent deep learning research has elevated data curation
from a tedious data cleaning task to a central scienti c
and engineering discipline, playing a decisive role in
model performance, efciency, security, and economic
feasibility. High-quality, well-curated data is therefore

Domain shift. Although all downstream tasks (Street-
light, NSH, Green30, Sidewalk) involve urban-scene
understanding, their visual statistics differ substantially
from raw GSV imagery. For example, Green30 contains
vegetation-dominant scenes with lighter textures, while
Sidewalk focuses heavily on ground-plane patterns. By
contrast, raw GSV frames often contain wide elds-
of-view, high clutter, inconsistent resolution, irrelevant
backgrounds, and varied lighting or lens artifacts. Post-
training on GSV may cause the model to overt these
statistics, which do not fully align with the downstream
domains. Consequently, ImageNet-pretrained models can
sometimes be straighter representations, whereas GSV
post-training acts as a domain perturbation that is mis-
aligned when the backbone remains frozen.
A frozen backbone ampli es the impact of domain
. . . mismatch. If the backbone were ne-tuned end-to-end,
essenpal for building mare powerful, reliable, and larger- the model could correct the misleading biases introduced
capacity mod.els.. ) . by raw GSV. However, in the linear probing setting,
In summary, bridging the domain gap between pretraining 5" gomain-adapted (but misaligned) representation may
data and downstream tasks requires carefully designed strate- perform less robustly across tasks than ImageNet features.

gies, including improved data ltering, sampling, and learning  potential representation drift from extended unsu-
techniques. Model architecture selection is likewise non-trivial pervised training. ImageNet pretraining is curated and

and plays an essential role. object-centric, whereas GSV data are uncurated and
) . noisy. Prolonged post-training on GSV may encourage
C. Linear Probing the model to learn spurious background cues, geographic

To further evaluate the representation quality of backbones, biases, or other non-semantic correlations, while frozen
we conduct linear probing (also known as linear evaluation heads cannot compensate for these biases. In Table V,
[6]), in which a linear classi cation layer is trained on labeled  results for ViT-S use the same 92-epoch checkpoint as
downstream data across four tasks while the backbone remains in Table IV. We also observed that checkpoints trained
frozen. In this widely used protocol, test accuracy assesses slightly longer perform worse, whereas earlier check-
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Backbone Ir_TI_]re;g.ilr(?;\ldet T(r_‘aaiSnVed Streetlight - NSH - Green30 - Sidewalk -
Acc. | BAcc. binary Acc. | BAcc. macro Acc. | BAcc. macro Acc. | BAcc. macro
ResNet50 X 73.02 | 79.44 | 43.81 | 66.67 | 45.44 | 44.23 | 80.36 | 80.34 | 78.28 | 71.89 | 76.81 | 68.65
VIT-S X 77.04 | 78.64 | 4569 | 68.29 | 51.92 | 53.26 | 77.74 | 69.51 | 71.03 | 80.38 | 69.83 | 70.86
VIT-S X X 78.93 | 75.42 | 4457 | 62.92 | 48.49 | 49.42 | 74.63 | 67.26 | 68.18 | 77.48 | 68.32 | 68.32
Vim-S X 76.33 | 80.38 | 46.43 | 71.20 | 51.03 | 49.35 | 81.84 | 80.07 | 79.24 | 81.10 | 69.85 | 71.28
Vim-S X X 80.53 | 79.95 | 49.32 | 68.00 | 48.55 | 48.04 | 81.44 | 79.30 | 78.67 | 81.99 | 71.18 | 72.68
ViT-B X 77.33 | 78.94 | 46.11 | 68.10 | 48.40 | 48.26 | 78.78 | 77.95 | 76.34 | 79.86 | 68.14 | 69.42
Vim-B X 75.85| 80.39 | 46.10 | 71.89 | 50.64 | 49.11 | 85.04 | 84.35 | 83.06 | 83.06 | 73.45 | 74.75
Swin-S X 77.37 | 80.30 | 47.09 | 71.30 | 51.37 | 49.44 | 83.32 | 81.54 | 80.84 | 78.54 | 81.02 | 74.70
Swin-B X 79.23 | 81.22 | 49.14 | 73.87 | 52.53 | 50.59 | 80.85 | 80.25 | 78.61 | 77.80 | 81.21 | 74.21

TABLE V
LINEAR PROBING ON STREETLIGHT, NSH, GREEN30, AND SIDEWALK DATASETS. ALL BACKBONES ARE FROZEN.

Fig. 7. A positive(top) sample and a negative(bottom) sample randomly selected from the test set of streetlight classi cation. A ViT-S unsupervisedly pretrained
on ImageNet and GSV data is used. Top: Ground truth: 1; Prediction: 1; Bottom: Ground truth: 0; Prediction: 0.

points perform better, supporting the hypothesis that Failure Case: Information Loss from Input Size Constraints

longer unsupervised training can exacerbate representa- . o _ .
tion drift. In Figure 8, an image containing a streetlight at the right

boundary was labeled positive but predicted negative by ViT-
S. ViT-based architectures rely on xed square input sizes
V. ATTENTION MAPS (commonly 224 224 for ef ciency), which can lead to in-
formation loss when important objects fall outside the crop or
To investigate the performance drop of ViT-S post-trainedf€ removed during preprocessing. We apply a cropping and
on GSV on the Streetlight task in Table V, we visualiz&oting strategy to our data, consistent with the second round
the attention maps for two randomly selected Streetlight te¥t post-training (Figure 6).
samples(Figure 7). For clarity, we threshold the top 20% of Here we remove distillation loss and mixup augmenta-
attention scores. In addition to correctly classi ed cases, wi@n (used in Section IV-B and Section IV-C, adopted from
identify two typical failure modes, described below. Vim [80]). We keep the same data augmentations except for
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Fig. 8. Failure case 1: information loss caused by input size limits in ViT models. Mean attention over all heads are visualized. The object is highlighted by
a red rectangle in the left gure.

Data Processing Acc. Bacc. Fl(binary)
RandomCrop (224) 88.52 76.84 56.17
FourCropVoting 85.17 82.32 55.91

TABLE VI
COMPARISON OF TWO DATA PROCESSING STRATEGIES BASED ON
FINE-TUNING VIT-S FOR STREETLIGHT CLASSIFICATION.

the addition of overlapping cropping. For each input image,
we perform forward passes on four crops independently and
determine the nal prediction by selecting the maximum
positive-class probability, reducing the risk of missing thEig- 9 nglure case 2: Different appearance. Mean attention over all heads
. are visualized.

target object.

Experimental results show that the cropping and voting
strategy partially alleviates the information loss observed dgobwnstream tasks. However, when applied to uncurated GSV
Failure Case 1 (Figure 8), but it cannot fully prevent missedata, it can introduce domain-speci c biases.Without careful
Based on Table VI, we conjecture that FourCropVoting irsampling, smaller models saturate quickly and learn less trans-
creases true positive predictions(TP) by reducing missed derable features as the dataset scales, reducing downstream
tections, but at the cost of producing more false positives(FFgrformance gains. Curated data combined with well-designed
due to overcon dent positive predictions. As negative sampl&SL technigues can therefore be more effective, particularly
dominate the dataset, this results in lower overall accurafey Mamba architectures.
while improving balanced accuracy. The F1 score slightly Architecture choice is critical. Stronger upstream perfor-
decreases, likely due to reduced precision caused by theance does not necessarily translate to better downstream
additional false positives. These ndings indicate that monmesults, as generalization is also architecture-dependent. For
carefully designed solutions are needed when using ViT-basethmple, Swin-B underperforms Swin-S and Vim-B in linear
models that operate on xed input sizes and cannot naturaflyobing. Our experiments further show that the benets of
scale to non-square or high-resolution images without specigbst-training vary substantially across architectures. Overall,

architectural modi cations. Swin Transformers remain reliable among ViT-based models
due to their built-in spatial priors, while Mamba-based archi-
B. Failure case: Different appearance tectures show strong potential. The Vim architecture appears

- . i . . relatively robust to domain shift Vim-S remains competitive
As sh0\_/vn n F'gF”e 9, our trained ViT-S sometimes fa"§vith larger models after GSV post-training but exhibits no-
.to recognize stregtllghts whose appearance dllffers from th‘%%&e training instabilities when scaling to larger model sizes
in correctly classi ed examples (Figure 7). This accounts foorr datasets. Developing robust training strategies for Mamba-

the observed 1.5% dro'p n bmar'y F% and 0.6% in balanc%%sed models remains an important direction for future work.
accuracy for the Streetlight classi cation task. Finally, we nd that although unsupervised models are
often assumed to learn more generalizable representations,
VI. Discussion supervised pretraining provides stronger initial performance,
Bridging the domain gap requires careful choices of modeéne ting downstream tasks.

architecture, SSL strategy, and data sampling. Unsupervised

post-training generally brings model representations closer to

street-view semantics and provides a stronger initialization for
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APPENDIX B. Data Augmentation for Model Evaluation

Besides the image augmentation described in Section IV-A,
we also apply repeated augmentation following Vim [80],
where the sampler repeatedly selects the same index while

After two rounds of unsupervised training on GSV, wéhe dataset applies random augmentations, enabling each GPU
explore scaling both the model size and the training data t@ receive different augmented views. Without repeated aug-
medium-scale models using 5 million images. We randomiyentation, each sample would be seen only once per epoch
sampled 5M GSV images and selected the Vision Transfornfg@r GPU. This approach provides more diverse augmentations
(ViT-Base/8) with patch size 8 and 85M parameters, préver time and helps reduce over tting.
trained unsupervisedly on ImageNet using DINO. ViT-Base/8
achieves approximately 3% higher linear accuracy (80.1%) e Additional Experiments in Fine-tuning
ImageNet compared to ViT-S/16 (77%) used in the rst round
as shown in Table I. The improved performance likely ben

A. Scaling models

o ' 1) Performance Drop in Longer-Trained Models: Addi-

from both the larger model size and ner patch resolution Vﬁonal ob_sen/ations from two rounds of po_st-training include:

also scale Vim to Vision Mamba (Vim-Base) pretrained o i) the _V|T—S model trameq for 92 epochs in round_l outper-
' orms its counterparts trained for 100 150 epochs in round 2

Image_Net-lK in a supervised manner with 98M parameter %jng the cropping strategy shown in Fig. 6; and (ii) the Vim-S
For Vim-Base, the global crop scale is set between 0.25 an . AR
%del trained for only 5 epochs before crashing in round 1

1.0, and the local crop scale is set between 0.05 and 0.25, rt% rforms better than versions trained for 20 100 epochs in

same as for ViT-B. Other training hyperparameters are listeg 4" 0% crilier learning rate, which highlights the
in Table VII. '

over- generalization. Finally, although ViT-B pretrained on
ImageNet-22k with DINO achieves the best performance on

LR Min LR LR Warmup _ Weight Decay one indicator (presence of streetlight), it generalizes poorly on
5 10 4 2 10 © 10 0.4 others, further reinforcing the domain gap.
2 10 © 110° 10 1108 2) Supervised Training: To make full use of the small
Teacher Temp Tex‘éire”:“T%mp B"’/‘tghpa'ze #GPUs labeled portion of our data, we construct a multi-label, multi-
0.07 0 & 7 class task to further ne-tune both ImageNet-pretrained mod-
0.04 0 32 4 els and GSV-post-trained models. Because only some labels
TABLE VI are available for each image, unassigned labels are treated

HYPERPARAMETERS USED FOR MEDIUM-SIZED MODELS WITH DINO
POST-TRAINING ON 5 MILLION GSV IMAGES. ROWS CORRESPOND TO
VIT-B/8 (TOP) AND VIM-B/16 (BOTTOM). LR WARMUP INDICATES
THE NUMBER OF EPOCHS FOR LINEAR LEARNING RATE WARMUP, AND
WARMUP TEACHER TEMP INDICATES THE NUMBER OF EPOCHS FOR

as unknown, and we train using only the provided labels as
targets through a masked cross-entropy loss. We also experi-
mented with transferring a checkpoint ne-tuned on one task
(e.g., Streetlight) to another task (e.g., NSH), but supervised

TEACHER TEMPERATURE WARMUP. P .. . e
training offered limited improvement and exhibited a strong

tendency to over t. This further underscores the necessity of

o . ) _ substantial pre-training or post-training to obtain models that
Training memory requirements grow substantially witeneralize well.

model size and ner patch resolution. Using 4 GPUs, one

epoch of ViT-Base/8 on 5M images requires around 36 hours.
Training proved unstable: the model crashed after 6 epochs,
highlighting the challenges and costs of scaling both model
and dataset size. We provide a brief discussion on evaluating
the crashed models in Section IV.

Similar to Vim-S, Vim-Base is more numerically unstable
than ViT under unsupervised DINO training. Interestingly, we
observed that as the model scales, Vim is more computation-
ally ef cient than ViT, demonstrating its ef ciency as an SSM-
based architecture (see Section I-B3), whereas ViT tends to be
more memory and computation ef cient for smaller models.
For Vim-B/16, training on 5M images with 4 GPUs requires
around 10 hours per epoch.

However, training Vim-B at this scale is challenging. The
model frequently crashes, stopping at the end of the rst epoch
due to NaN or Inf values in the student outputs. Adjusting the
learning rate and weight decay schedulers provided limited
improvement. We hypothesize that this instability stems from
an incompatibility between the Vim architecture and the DINO
training procedure.



