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Abstract

Learning general-purpose representations of geographic
locations has become essential to geospatial tasks such
as population estimation and environmental monitoring.
To obtain such representations, multimodal geo-foundation
models often use contrastive learning (CL) to align satel-
lite imagery with geo-coordinates, implicitly assuming that
cross-modal (shared) information suffices for downstream
tasks. However, given the breadth of tasks, task-relevant
information may lie beyond the shared space, so retaining
modality-specific (unique) features can improve task perfor-
mance. Prior methods retain unique information through
extra training objectives or external models, increasing
training complexity. Motivated by the conventional wisdom
that earlier layers capture general input features while later
layers become task-specific, we hypothesize that intermedi-
ate layers in CL models retain more modality-specific struc-
ture than the alignment-optimized final layer. Through a
trifecta layerwise analysis of modality gap, representation
similarity, and mutual information, we validate this trend
and find that fusing intermediate (more unique) and final
(more shared) representations yields consistent gains on di-
verse geospatial tasks. Our findings reveal underutilized in-
formation diversity in CL models and show that simple lay-
erwise fusion is an efficient path to richer geo-embeddings.

1. Introduction
Learning general-purpose representations of geographic lo-
cations is key to modern geospatial analysis [8, 50]. Such
representations support a range of tasks including popula-
tion estimation [2] and environmental monitoring [38, 77].
Recent geo-foundation models, such as GeoCLIP [67] and
SatCLIP [27], learn these representations by contrastively
aligning satellite imagery with paired geo-coordinates.
Through contrastive learning [9, 47], these models learn a
shared embedding space that binds location and visual in-
formation, enabling broad downstream transfer [24, 40].

However, the underlying assumption in multimodal con-
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Figure 1. Intermediate layers of pretrained contrastive encoders
retain modality-specific (unique) information that becomes less
prominent in the final layer of contrastive models. Beyond What’s
Shared (BWS) fuses this underutilized layerwise information with
the final representation to exploit the best of both worlds, yielding
richer geo-embeddings and consistent gains across tasks.

trastive learning (CL) warrants closer examination (Fig. 2).
CL relies on the multi-view redundancy assumption [35,
64], which states that all information relevant to down-
stream tasks is shared between modalities. Under this as-
sumption, maximizing the mutual information between the
two modalities is sufficient for learning an optimal repre-
sentation [54]. As a result, any information that exists only
in one modality (unique) is considered as task-irrelevant.

Yet, given the diversity of geospatial tasks, the multi-
view redundancy assumption can be restrictive. For ex-
ample, some tasks depend on modality-specific information
(e.g., spatial context available only from coordinates or sur-
face characteristics visible only from imagery) that is not
shared between modalities. Hence, contrastive models may
be suboptimal when task-relevant information is not fully
shared [54, 68]. This limitation has motivated growing in-
terest in developing contrastive methods that can simultane-
ously retain unique information [13, 35, 43, 68].

Early work retained unique information in contrastive
learning by adding a regularization term that increases
the mutual information between the learned representation
and its input, preserving modality-specific features [68].
Subsequent methods decomposed multimodal representa-
tions into shared and unique components with joint op-
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Figure 2. Decomposition of downstream task-relevant information across modalities. (Left) Under the multi-view redundancy as-
sumption, all task-relevant information lies in the shared (cross-modal) region between modalities. In this case, contrastive learning (CL)
is optimal, as it maximizes the lower bound of mutual information between the two modalities. (Center) Under the multi-view non-
redundancy setting, the task-relevant information lies outside the shared region, making CL suboptimal. (Right) Given the diversity of
geospatial downstream tasks, both cross-modal (shared) and modality-specific (unique) information may be task-relevant.

timization through mutual information bounds [35]. Re-
cently, contrastive representations have been augmented
with modality-specific features retrieved from a precom-
puted feature database of external model embeddings [13].

While these methods can retain modality-specific
(unique) information for contrastive models, they introduce
additional training complexity and computational overhead.
Extra training objectives and mutual information terms in-
crease computational cost and are harder to optimize, while
reliance on external models for precomputing databases
adds further complexity. This raises a natural question: can
we retain unique information in contrastive models without
extra objectives or external components?

We approach this question by combining insights that
neural networks learn hierarchical representations across
layers (from general to task-specific) [25, 66, 74, 75] with
the Information Bottleneck (IB) theory [26, 55]. From the
IB perspective, this layerwise hierarchy arises as the model
compresses input information, retaining only what is nec-
essary for the training objective (which, in self-supervised
settings, corresponds to the pretext task [5]). Although this
layerwise evolution has been observed in unimodal models,
its behavior in multimodal contrastive models is underex-
plored. We hypothesize that multimodal contrastive mod-
els also exhibit an information bottleneck: later layers spe-
cialize toward the alignment objective and thus emphasize
shared information, while earlier layers, less constrained
by this objective, retain more modality-specific structure.

We test this hypothesis through a layerwise analysis
of state-of-the-art multimodal contrastive geo-foundation
models. To characterize how modality-specific (unique) and
cross-modal (shared) information evolve across depth, we
conduct a trifecta of layerwise analyses integrating (1) geo-
metric, (2) correlational, and (3) information-theoretic

perspectives. This multi-perspective framework consis-
tently reveals that later layers concentrate shared infor-
mation, while intermediate layers retain modality-specific
features. Building on this insight, we introduce Beyond
What’s Shared (BWS), a simple yet effective approach to
capture both shared and unique information across layers.

Instead of relying on the final layer for downstream
tasks, as is standard for CLIP variants [47], we fuse inter-
mediate (less shared) and final (more shared) representa-
tions to produce information-rich priors that better support
downstream tasks. Importantly, BWS introduces no auxil-
iary objectives or extra feature extractors, yet consistently
improves performance across diverse geospatial tasks, re-
vealing that contrastive models contain underutilized task-
relevant information hidden in their intermediate layers.
Our results offer a simple and efficient perspective on re-
taining modality-specific (unique) information and suggest
a general strategy for boosting CL models to a wider variety
of downstream tasks. We summarize our contributions:
• C1 We analyze multimodal contrastive geo-foundation

models through the lens of the information bottleneck, in-
vestigating whether modality-specific (unique) informa-
tion can be retained without extra training objectives or
external models (§4.1).

• C2 We conduct a three-way layerwise information anal-
ysis, examining representations from geometric, correla-
tional, and information-theoretic perspectives to identify
how cross-modal (shared) and modality-specific (unique)
information evolve across network depth (§4.2).

• C3 By leveraging modality-specific information from in-
termediate layers, we show that combining intermediate
and final representations consistently boosts state-of-the-
art geo-foundation models across diverse geospatial tasks,
all without auxiliary objectives or extra models (§5.2).
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2. Preliminaries
We first revisit how existing vision-location geo-foundation
models learn to align satellite imagery and geo-coordinates
in a shared embedding space [27, 39, 67].

During pretraining, given N paired samples
{(Ii, ci)}Ni=1, each satellite image Ii ∈ Rm×n×b (with
b spectral bands) is paired with geographic coordinates
ci = [λi, ϕi], where λi and ϕi denote longitude and
latitude. The image encoder fI and location encoder fc
map their respective inputs into a shared d-dimensional
embedding space,

fI : Rm×n×b→Rd, fc : S2→Rd, (1)

where S2 represents the Earth’s surface. The normal-
ized embeddings zIi = fI(Ii)/∥fI(Ii)∥2 and zci =
fc(ci)/∥fc(ci)∥2 are aligned using the InfoNCE loss [44]:

LCL = 1
2N

N∑
i=1

[
− log

exp(⟨zc
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I
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j=1 exp(⟨zc
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exp(⟨zI
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c
i ⟩/τ)∑N

j=1 exp(⟨zI
i ,z

c
j⟩/τ)

]
, (2)

where ⟨·, ·⟩ denotes cosine similarity and τ is a temperature.
This loss is applied only to the final-layer output of each en-
coder [9, 47]. By maximizing similarity between image and
location pairs, this objective preserves shared information
while imposing no condition on unique features [4, 68].

After pretraining, the aligned encoders are used to gen-
erate embeddings for downstream tasks (e.g., population es-
timation) [27, 39, 67]. Under the multi-view redundancy as-
sumption [35, 64], all task-relevant information is presumed
to be shared between modalities. Yet, given the diversity of
downstream tasks, task-relevant information may also re-
side outside the shared embedding space.

Our goal is to retain both shared and unique information
to ensure generality across tasks, while doing so in a simple
and efficient way that introduces no extra components.

3. Related Work
3.1. Multimodal Contrastive Learning
Multimodal contrastive learning [9, 47] aligns paired sam-
ples from different modalities by maximizing their mutual
information in a shared embedding space. This approach
relies on the multi-view redundancy assumption [35, 64],
which posits that the shared information between modalities
is both necessary and sufficient for downstream tasks [58].
However, given the diversity of real-world tasks, this as-
sumption limits the broad applicability of multimodal rep-
resentation learning. Many downstream settings instead
exhibit multi-view non-redundancy, where each modality
contains task-relevant unique information that is not shared

with others [35, 54, 68]. In such multi-view non-redundant
cases, contrastive models become inherently suboptimal.

Recent works have begun addressing this limitation in
contrastive learning. Intra-modality regularization has been
used to reinforce the relationship between each represen-
tation and its own input, thereby preserving unique infor-
mation [68]. Other approaches jointly enforce intra- and
inter-modality learning by separating shared and modality-
specific features through correlation-based redundancy re-
duction [70] or by factorizing multimodal representations
via mutual information optimization [15, 35].

However, these methods rely on complex mutual infor-
mation estimation and carefully designed data augmenta-
tions, which increase training complexity and sensitivity to
estimator quality and augmentation strategies. This moti-
vates the need for an efficient and effective approach that
can preserve both shared and unique information.

3.2. Vision-Location Geo-Foundation Models
Vision-location geo-foundation models use contrastive
learning (CL) [47] to align geographic coordinates with vi-
sual features and produce general purpose geo-embeddings.
CSP [39] is an early approach that separately encodes geo-
tagged images and coordinates and aligns them in a shared
embedding space to capture spatial relationships from un-
labeled data. GeoCLIP [67] builds on this idea by treating
geo-localization as an image-to-GPS retrieval task, aligning
images with continuous coordinate representations rather
than discrete spatial cells. SatCLIP [27] further scales con-
trastive learning to global satellite imagery by aligning a
pretrained Sentinel-2 vision encoder [59, 69] with a spher-
ical harmonics location encoder [51], capturing visual-
spatial representations of the Earth’s surface.

However, such vision-location geo-foundation models
compress information into a shared embedding space,
where modality-specific features are less represented [54,
68]. This can be suboptimal when downstream tasks de-
pend on information not shared across modalities [35].
RANGE [13] addresses this by retrieving semantically simi-
lar image features from a database precomputed with an ex-
ternal model (i.e., SatMAE [11]). However, it only captures
unique visual information, leaving location-specific infor-
mation unaddressed. Instead, we introduce a simple and
efficient approach that overcomes these limitations.

3.3. Layerwise Information in Neural Networks
It is well known that representations within deep neural net-
works vary across layers [10, 28, 75, 76]. Early studies
revealed that lower layers encode general features, while
higher layers become specialized to the training objec-
tive [55, 62, 74]. Analyses of supervised classifiers show
that representations become more linearly separable with
depth, reflecting the influence of the task supervision to-
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ward the later layers [3]. This increasing task alignment en-
hances in-distribution tasks but also makes the later layers
sensitive to data-specific biases and less transferable under
distribution shifts [16, 19, 57], whereas intermediate layers
often yield more general features than the last layer [65].

In unimodal self-supervised learning (SSL), a similar
layer hierarchy appears. The final projection head is trained
to solve the pretext objective by enforcing invariance be-
tween augmented views [7, 20, 73]. In doing so, the final
projection layer acts as an information bottleneck that filters
out input variability unrelated to the pretext task [37, 45].
In contrast, the intermediate or penultimate representations
retain more general features and improve downstream per-
formance, including out-of-distribution (OOD) tasks [6, 7].

Whether a similar hierarchical structure exists in multi-
modal SSL models (e.g., CLIP [47]) is unclear. In CLIP,
the InfoNCE loss [44] is applied to the final layer embed-
dings, optimizing cross-modal similarity between paired
data. This objective captures shared information without
explicitly preserving modality-specific features. Since ear-
lier layers are not directly constrained by this loss, they may
retain modality-specific information from the input that be-
comes less prominent with depth. We hypothesize that
earlier layers encode more modality-specific information,
whereas the final layer concentrates shared information. If
this holds, combining intermediate and final representations
could capture both unique and shared information without
additional tasks or extra feature extractors.

4. The Information Bottleneck in Multimodal
Contrastive Learning

The information bottleneck (IB) theory [1, 55, 63] provides
an intuitive framework for understanding how neural net-
works progressively compress input information while pre-
serving only what is relevant for the task objective. We for-
malize this process for multimodal contrastive learning and
show that, under the IB principle, later layers become spe-
cialized to the alignment objective, whereas earlier layers
preserve more modality-specific (unique) information.

4.1. Theoretical Analysis
Contrastive learning as a shared information bottleneck.
The traditional IB framework [1, 55, 63] formulates repre-
sentation learning as a balance between compression and
prediction: given an input X , a target Y , and a representa-
tion Z, the optimal encoder minimizes

LIB = I(X;Z)− β I(Z;Y ), (3)

where I(·; ·) denotes mutual information and β controls the
trade-off between compression and prediction. The first
term enforces compression of input information and the sec-
ond preserves task-relevant information through the mutual
information between Z and Y .
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Figure 3. The information bottleneck in multimodal con-
trastive models. In multimodal contrastive learning, informa-
tion evolves layer by layer, transitioning from modality-specific
(unique) to cross-modal (shared) across the network. Intermediate
layers retain unique information from the input that becomes less
prominent toward the final layer. The projection head (final layer)
acts as an information bottleneck that concentrates information rel-
evant to the pretraining objective (cross-modal alignment), poten-
tially underutilizing task-relevant modality-specific structure.

In multimodal contrastive learning, two encoders fI and
fc produce representations zI = fI(I) and zc = fc(c).
Following the multi-view setting [17, 60], each modality
acts as supervision for the other. Applying the standard IB
principle to this setting, the representation learning process
can be interpreted as balancing:

min
fI ,fc

[
I(I; zI) + I(c; zc)

]
− β I(zI ; zc), (4)

where β controls the trade-off between compression and
cross-modal alignment. The first term corresponds to
compression of modality-specific inputs, while the second
encourages maximizing shared information between the
modalities. While InfoNCE (Eq. 2) optimizes the align-
ment term I(zI ; zc), the compression terms arise implic-
itly through finite model capacity and the optimization
process [45, 55]. This framework offers a useful lens
for understanding layerwise information flow: multimodal
contrastive training imposes a shared information bottle-
neck that incentivizes retaining cross-modal structure, while
modality-specific information is not explicitly preserved.

Information flow across layers. Eq. 4 defines the infor-
mation trade-off achieved by the final representations of the
two encoders. However, this trade-off is not realized in
a single step: deep encoders approximate it progressively
through multiple intermediate layers. To capture this hier-
archical process, we model each encoder as a Markov chain
of latent variables [55].

Let I and c denote the paired inputs, and let zI,(l) =

f
(l)
I (I) and zc,(l) = f

(l)
c (c) denote the intermediate repre-
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sentations at layer l (with L denoting the last layer) of each
encoder. Each encoder forms a Markov chain:

I → zI,(1) → zI,(2) → · · · → zI,(L),

c → zc,(1) → zc,(2) → · · · → zc,(L). (5)

By the Data Processing Inequality (DPI) [12], the mutual
information between the input and its representations can
only decrease with depth:

I(I; zI,(1)) ≥ I(I; zI,(2)) ≥ · · · ≥ I(I; zI,(L)),

I(c; zc,(1)) ≥ I(c; zc,(2)) ≥ · · · ≥ I(c; zc,(L)). (6)

Together with the optimization pressure at the final layer
(Eq. 2), which maximizes cross-modal mutual information
I(zI,(L); zc,(L)), this motivates a layerwise information hi-
erarchy. As depth increases, input-specific information de-
creases (by the DPI) while cross-modal alignment increases
(driven by the contrastive objective). We validate this hy-
pothesis empirically in §4.2. Consequently, earlier layers,
less constrained by the alignment objective, retain more
modality-specific structure, while later layers concentrate
on cross-modal (shared) representations (Fig. 3).

4.2. Trifecta Layerwise Representational Analysis
To empirically show how unique and shared information
evolve layer by layer, we conduct layerwise analyses from
three perspectives: geometric (modality gap [36]), correla-
tional (CKA [29]), and information-theoretic (MI [30, 44]).

Each perspective captures a distinct aspect of cross-
modal alignment: the geometric view measures spatial sep-
aration between modalities, the correlational view captures
structural similarity of feature spaces, and the information-
theoretic view quantifies the amount of shared information.
Together, these views offer a holistic understanding of how
unique and shared information are organized across layers.
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Figure 4. Layerwise representational analysis. (Left) The rela-
tive modality gap (RMG) decreases with depth, indicating that the
two modalities become geometrically closer. (Center) The CKA
similarity between the two modalities increases, showing progres-
sively stronger correlation. (Right) The mutual information (MI)
rises across layers, implying stronger shared information.

➀ Geometric perspective via relative modality gap.
The modality gap measures the geometric separation be-
tween modalities in the shared embedding space [36]. We

use the Relative Modality Gap (RMG), which normalizes
the cross-modal distance by the average within-modality
distances [53]. To analyze layerwise alignment, we fix the
final image representations as a reference and compute the
RMG between these and each location layer:

RMG(l) =
1
N

∑
i d(z

I,(L)
i , z

c,(l)
i )

1
2N(N−1)

(∑
i̸=j

d(z
I,(L)
i , z

I,(L)
j ) +

∑
i̸=j

d(z
c,(l)
i , z

c,(l)
j )

)
+ 1

N

∑
i

d(z
I,(L)
i , z

c,(l)
i )

.

(7)
A larger RMG(l) indicates weaker modality alignment, and
a smaller value indicates stronger alignment.

➁ Correlational perspective via centered kernel align-
ment (CKA) similarity. CKA is a widely used measure
of representational similarity in neural networks [29]. To
examine how cross-modal alignment evolves across depth,
similar to modality gap, we fix the last layer representations
of one modality as a reference and compute CKA between
each intermediate representation of the other modality and
this reference. Larger CKA values indicate greater repre-
sentational similarity between modalities.

➂ Information-theoretic perspective via mutual infor-
mation (MI) estimation. MI measures how much infor-
mation the representations of one modality contain about
the other. To examine how this dependency evolves across
depth, we follow the same reference-based comparison used
for the modality gap and CKA, and estimate MI with the
KSG estimator [30]. Higher MI values indicate stronger
cross-modal dependence, and lower values indicate weaker
shared information between modalities.

Layerwise trends. We conduct a layerwise analysis on
a representative geo-foundation model, SatCLIP [27] (§2).
Fig. 4 presents the evolution of geometric, correlational, and
information-theoretic similarity across layers, and Fig. 5
visualizes the corresponding embedding distributions via
UMAP [41]. Across both quantitative and qualitative anal-
yses, we observe a consistent trend: the modality gap de-
creases with depth, whereas CKA similarity and mutual
information increase. These results support the layerwise
information hierarchy described in §4.1, where modality-
specific information becomes less prominent with depth as
the model focuses on cross-modal alignment. This observa-
tion motivates our approach, BWS below.

4.3. Fusing Underutilized Layerwise Information
Existing geo-foundation models [27, 39, 67] use the final
layer to generate geo-embeddings, which primarily cap-
ture cross-modal (shared) information. To leverage the
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Figure 5. Layerwise evolution of the modality gap. UMAP visualizations of location (blue) and image (red) embeddings across network
depth. (Left) Early layer: a large modality gap indicates weak alignment between modalities, suggesting that representations capture more
modality-specific (unique) information. (Center) Middle layer: the gap remains clear, implying that cross-modal (shared) structure is still
limited. (Right) Final layer: the two modalities become closely aligned, indicating increased shared information.

modality-specific information retained in intermediate lay-
ers (Fig. 4), we integrate representations across depth, re-
taining both shared and unique information for information-
rich geo-embeddings (Fig. 1). We refer to this strategy as
Beyond What’s Shared (BWS).

Given a subset of layer representations {z(l)}l∈S where
S ⊆ {1, . . . , L}, we assign depth-dependent weights:

ωl =
eαl∑

k∈S eαk
, (8)

where α controls the emphasis on early or late layers. The
fused embedding is obtained by weighted concatenation:

z̃ =
[
ωlz

(l)
]
l∈S

. (9)

Positive α emphasizes later layers, which are typically more
alignment-optimized, while negative α emphasizes earlier
layers, which tend to retain more modality-specific struc-
ture. When α = 0, all layers contribute equally.

5. Experiments
5.1. Experimental Setup
Pretrain and downstream. We use the S2-100k pretrain-
ing dataset [27], which consists 100,000 globally distributed
Sentinel-2 satellite images (256 × 256 pixels) paired with
their geo-coordinates. For downstream evaluation, we use
seven tasks: three classification (biome, ecoregions [14],
country [42]) and four regression (temperature [23], eleva-
tion, population density [49], California housing price [46]).

Baselines. We compare our approach with state-of-the-art
geo-foundation models. We use CSP [39], GeoCLIP [67],
SatCLIP [27], and RANGE [13]. CSP, GeoCLIP, and Sat-
CLIP learn shared embeddings by contrastively aligning

imagery with geographic coordinates. RANGE augments
SatCLIP with a retrieval-augmented strategy that incorpo-
rates high-resolution visual features from SatMAE [11].

Implementation details. We use SatCLIP’s vision en-
coder pretrained with MoCo [22] on Sentinel-2 im-
agery [69], and SatCLIP’s location encoder, a SIREN-
based MLP [56] with spherical harmonics positional encod-
ings [51]. Both encoders project into a shared embedding
space and are optimized with a CLIP-style [47] contrastive
loss. Pretraining runs for 500 epochs using Adam (learn-
ing rate 10−4, weight decay 0.01) with a batch size of 8k.
Data augmentations include random cropping, horizontal
and vertical flips, Gaussian blur, and coordinate jitter within
1 km. We use linear probing [13] to purely assess layerwise
representation quality for both classification and regression
tasks. We report top-1 accuracy for classification and R2

for regression tasks, following the data splits [13].

5.2. Results
Quantitative. Table 1 shows that BWS consistently im-
proves vision-location geo-foundation models across di-
verse downstream tasks. These substantial gains highlight
that retaining modality-specific (unique) information not
explicitly preserved during contrastive alignment is useful
for broad downstream tasks. BWS is model agnostic and
complements RANGE, which enhances SatCLIP through
unique visual information retrieved from similar locations.
When combined, RANGE+BWS further improves perfor-
mance, demonstrating the benefit of leveraging unique in-
formation from both imagery and location.

Qualitative. Fig. 6 visualizes the geo-embeddings ob-
tained from SatCLIP [27] using independent component
analysis [32]. Each map projects the high-dimensional em-
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Table 1. Linear probing results across classification and regression tasks. All values are reported as mean ± std over three random splits.
The first three columns correspond to classification and the remaining four to regression tasks. We use α = 0 in BWS for simplicity.

Model Biome Ecoregions Country Temperature Elevation Population Housing

CSP [39] 0.794±0.002 0.751±0.002 0.797±0.002 0.814±0.007 0.390±0.015 0.558±0.003 0.553±0.006

CSP + BWS 0.881±0.001 0.834±0.000 0.898±0.001 0.918±0.013 0.659±0.014 0.720±0.003 0.639±0.013

GeoCLIP [67] 0.809±0.002 0.739±0.001 0.813±0.000 0.920±0.007 0.608±0.012 0.691±0.001 0.704±0.009

GeoCLIP + BWS 0.910±0.002 0.870±0.002 0.931±0.001 0.950±0.005 0.809±0.009 0.790±0.003 0.723±0.009

SatCLIP [27] 0.848±0.001 0.779±0.002 0.826±0.001 0.818±0.010 0.668±0.011 0.685±0.002 0.400±0.006

SatCLIP + BWS 0.911±0.001 0.865±0.002 0.916±0.001 0.860±0.014 0.788±0.008 0.766±0.002 0.421±0.014

RANGE [13] 0.931±0.000 0.894±0.000 0.938±0.002 0.894±0.004 0.842±0.008 0.791±0.002 0.449±0.032

RANGE + BWS 0.945±0.000 0.920±0.001 0.959±0.001 0.897±0.004 0.869±0.006 0.813±0.002 0.457±0.024

beddings into three independent components shown as RGB
channels. SatCLIP, which relies solely on its final-layer rep-
resentations, primarily captures broad low-frequency spa-
tial patterns. In contrast, our fused variant (SatCLIP+BWS)
integrates intermediate and final layers, revealing finer spa-
tial variations in the embeddings without any additional
training objectives or external models. These finer details
help explain the downstream gains observed in Table 1.

5.3. Ablation Study

➀ Controlling for potential confounding factors. We
conduct two control experiments (Table 2). First, we evalu-
ate dimension-matched baselines that output the same rep-
resentation size as SatCLIP + BWS, showing that BWS
still outperforms alternatives. Second, we compare BWS in
multimodal versus unimodal settings. Gains are noticeably
larger in the multimodal case, indicating that BWS further
benefits from leveraging the modality-specific (unique) in-
formation retained in intermediate layers, rather than from
increased dimensionality or generic feature aggregation.

Table 2. Dimension-controlled and uni/multi-modal ablations. We
report average performance for all seven downstream tasks.

Method (same dim.) Avg. Performance

SatCLIP + GeoCLIP 0.748
SatCLIP + Random Projection 0.750
SatCLIP + BWS 0.788

Encoder Model Avg. Performance
Baseline +BWS

Multimodal Loc. Spherical Harmonics [51] 0.744 0.788
Unimodal Loc. Spherical Harmonics [51] 0.717 0.731

Multimodal Img. MoCo-ResNet50 [22] 0.523 0.700
Unimodal Img. MoCo-ResNet50 [22] 0.247 0.301

➁ Impact of α. Table 3 evaluates the weight parameter
α, which shifts the contribution toward earlier or later lay-
ers. Uniform weighting (α = 0) performs best, suggest-
ing that task-relevant information is distributed across lay-
ers and that combining diverse representations is most ef-
fective. Slight negative values offer a small advantage over
positive ones, indicating that modality-specific information
in earlier layers is beneficial for downstream tasks.

Table 3. Impact of the weight parameter α in BWS. We report av-
erage top-1 classification accuracy (3 tasks), average regression
R2 (4 tasks), and the overall mean for all tasks when varying
α from unique-emphasizing (negative, earlier layers) to shared-
emphasizing (positive, later layers).

α weight Classification (↑) Regression (↑) Overall (↑)

−2.0 0.877 0.709 0.781
−1.0 0.881 0.716 0.787
0.0 0.881 0.718 0.788
1.0 0.876 0.714 0.783
2.0 0.866 0.708 0.776

➂ Impact of early, middle, and late layers. Table 4
shows how early, middle, and late layers from SatCLIP con-
tribute to downstream performance when evaluated in isola-
tion. The middle layer performs best across all tasks, likely
because it combines much of the modality-specific infor-
mation preserved in early layers with some of the shared
structure that begins to appear later. In the case of SatCLIP,
these findings indicate that downstream tasks benefit most
from intermediate representations, motivating BWS’s strat-
egy of fusing diverse information across layers.

➃ Impact of layer depth. Table 5 shows that increasing
the depth of SatCLIP consistently improves downstream
performance when using BWS. Deeper encoders do not
add harmful noise. Instead, they introduce a more diverse
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Figure 6. Visualization of learned geo-embeddings using independent component analysis. (Left) SatCLIP. (Right) SatCLIP+BWS.
Three independent components are mapped to RGB color channels, so regions with similar colors have similar embeddings.

Table 4. Overall downstream performance is highest for middle
layers, with early layers outperforming late layers.

Layer Group Classification (↑) Regression (↑) Overall (↑)

Early 0.864 0.695 0.768
Middle 0.873 0.711 0.780

Late 0.841 0.690 0.755

set of intermediate representations that BWS can com-
bine. Early layers provide stronger modality-specific sig-
nals, while later layers capture more shared information,
and additional layers expand the range of these complemen-
tary features. This diversity proves useful for downstream
tasks, which explains the steady improvements.

Table 5. Overall downstream performance increases with encoder
layer depth when using BWS method.

Encoder Depth Classification (↑) Regression (↑) Overall (↑)

3 layers 0.886 0.719 0.790
5 layers 0.893 0.729 0.799
10 layers 0.910 0.737 0.810
20 layers 0.926 0.750 0.826

5.4. Method Simplicity
Our layerwise method (BWS) adds virtually no computa-
tional overhead. BWS introduces no new parameters or
additional forward passes, so the FLOPs remain identical
to the underlying encoder. In contrast, methods that retain
unique information through auxiliary objectives [35, 68] re-
quire additional mutual information estimation, increasing
training cost and sensitivity to estimator quality [33] and
augmentation design [61]. RANGE [13] also uses an exter-
nal model (SatMAE [11]) to precompute a feature database.
BWS does not require such extra components.

6. Discussion & Conclusion
Rethinking how to retain unique information. Our
findings suggest a practical way to retain modality-specific

(unique) information for multimodal contrastive models.
Our layerwise analysis shows that multimodal contrastive
models exhibit a layerwise information hierarchy in which
intermediate layers capture more modality-specific (unique)
features while later layers encode shared ones. Exploiting
these intermediate representations provides a simple and ef-
ficient way to enjoy both unique and shared information
without auxiliary tasks or external resources.

Leveraging layerwise information. Neural networks are
widely understood to form hierarchical representations,
with earlier layers encoding general features and later lay-
ers refining these features toward the training objective [75].
This progression aligns with the information bottleneck
view, in which representations become increasingly com-
pressed to retain only task-relevant information [55]. Our
results indicate that multimodal contrastive models exhibit a
similar behavior. Since the contrastive loss is applied at the
projection layer, the final layer intuitively contains the most
shared information. Earlier layers, by contrast, preserve
modality-specific (unique) information originating from the
input. This layerwise transition is evident in our analysis:
intermediate layers capture more modality-specific infor-
mation, whereas the final layer emphasizes shared infor-
mation. Fusing these layers yields consistent gains across
geospatial tasks, suggesting that the multi-view redundancy
assumption [35, 64] may not hold in general. We further test
our layerwise method across diverse settings (e.g., different
modalities and downstream tasks) in the supplementary.

Limitations & Future Work. Our work focuses on two
modalities (vision-location). Whether a similar layerwise
pattern holds for three or more modalities remains an open
question, particularly as multimodal interactions are not
well-defined beyond two variables [34, 72]. Future work
should explore how layerwise information emerges in high-
order multimodal settings and across broader domains.
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berger. Estimating mutual information. Physical Review
E—Statistical, Nonlinear, and Soft Matter Physics, 69(6):
066138, 2004. 5

[31] Alexandre Lacoste, Nils Lehmann, Pau Rodriguez, Evan
Sherwin, Hannah Kerner, Björn Lütjens, Jeremy Irvin, David
Dao, Hamed Alemohammad, Alexandre Drouin, et al. Geo-
bench: Toward foundation models for earth monitoring.
Advances in Neural Information Processing Systems, 36:
51080–51093, 2023. 1

[32] Te-Won Lee. Independent component analysis. In Indepen-
dent component analysis: Theory and applications, pages
27–66. Springer, 1998. 6

[33] Cheuk Ting Leung, Rohan Ghosh, and Mehul Motani. To-
wards robust scale-invariant mutual information estimators.
Transactions on Machine Learning Research, 2025. 8

[34] Paul Pu Liang, Yun Cheng, Xiang Fan, Chun Kai Ling,
Suzanne Nie, Richard Chen, Zihao Deng, Nicholas Allen,
Randy Auerbach, Faisal Mahmood, et al. Quantifying &
modeling multimodal interactions: An information decom-
position framework. Advances in Neural Information Pro-
cessing Systems, 36:27351–27393, 2023. 8

[35] Paul Pu Liang, Zihao Deng, Martin Q Ma, James Y Zou,
Louis-Philippe Morency, and Ruslan Salakhutdinov. Factor-
ized contrastive learning: Going beyond multi-view redun-
dancy. Advances in Neural Information Processing Systems,
36:32971–32998, 2023. 1, 2, 3, 8

[36] Victor Weixin Liang, Yuhui Zhang, Yongchan Kwon, Ser-
ena Yeung, and James Y Zou. Mind the gap: Understanding

the modality gap in multi-modal contrastive representation
learning. Advances in Neural Information Processing Sys-
tems, 35:17612–17625, 2022. 5

[37] Jiajun Ma, Tianyang Hu, and Wenjia Wang. Deciphering the
projection head: Representation evaluation self-supervised
learning. arXiv preprint arXiv:2301.12189, 2023. 4

[38] Gengchen Mai, Weiming Huang, Jin Sun, Suhang Song,
Deepak Mishra, Ninghao Liu, Song Gao, Tianming Liu, Gao
Cong, Yingjie Hu, et al. On the opportunities and challenges
of foundation models for geospatial artificial intelligence.
arXiv preprint arXiv:2304.06798, 2023. 1

[39] Gengchen Mai, Ni Lao, Yutong He, Jiaming Song, and
Stefano Ermon. Csp: Self-supervised contrastive spatial
pre-training for geospatial-visual representations. In Inter-
national Conference on Machine Learning, pages 23498–
23515. PMLR, 2023. 3, 5, 6, 7

[40] Gengchen Mai, Weiming Huang, Jin Sun, Suhang Song,
Deepak Mishra, Ninghao Liu, Song Gao, Tianming Liu, Gao
Cong, Yingjie Hu, et al. On the opportunities and chal-
lenges of foundation models for geoai (vision paper). ACM
Transactions on Spatial Algorithms and Systems, 10(2):1–
46, 2024. 1

[41] Leland McInnes, John Healy, and James Melville. Umap:
Uniform manifold approximation and projection for dimen-
sion reduction. arXiv preprint arXiv:1802.03426, 2018. 5

[42] Jose Morales-Arilla and Shreyas Gadgin Matha. Glocal: A
global development dataset of subnational administrative ar-
eas. Scientific Data, 11(1):851, 2024. 6

[43] Min Namgung, Yijun Lin, JangHyeon Lee, and Yao-Yi
Chiang. Less is more: Multimodal region represen-
tation via pairwise inter-view learning. arXiv preprint
arXiv:2505.18178, 2025. 1

[44] Aaron van den Oord, Yazhe Li, and Oriol Vinyals. Repre-
sentation learning with contrastive predictive coding. arXiv
preprint arXiv:1807.03748, 2018. 3, 4, 5

[45] Zhuo Ouyang, Kaiwen Hu, Qi Zhang, Yifei Wang, and Yisen
Wang. Projection head is secretly an information bottleneck.
arXiv preprint arXiv:2503.00507, 2025. 4

[46] R Kelley Pace and Ronald Barry. Sparse spatial autoregres-
sions. Statistics & Probability Letters, 33(3):291–297, 1997.
6

[47] Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya
Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry,
Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learning
transferable visual models from natural language supervi-
sion. In International conference on machine learning, pages
8748–8763. PMLR, 2021. 1, 2, 3, 4, 6

[48] Mariia Rizhko and Joshua S Bloom. Astrom3: A self-
supervised multimodal model for astronomy. The Astronom-
ical Journal, 170(1):28, 2025. 1

[49] Esther Rolf, Jonathan Proctor, Tamma Carleton, Ian Bol-
liger, Vaishaal Shankar, Miyabi Ishihara, Benjamin Recht,
and Solomon Hsiang. A generalizable and accessible ap-
proach to machine learning with global satellite imagery. Na-
ture communications, 12(1):4392, 2021. 6

[50] Esther Rolf, Konstantin Klemmer, Caleb Robinson, and
Hannah Kerner. Position: Mission critical–satellite data is

1594



a distinct modality in machine learning. In Forty-first Inter-
national Conference on Machine Learning, 2024. 1

[51] Marc Rußwurm, Konstantin Klemmer, Esther Rolf, Robin
Zbinden, and Devis Tuia. Geographic location encoding with
spherical harmonics and sinusoidal representation networks.
arXiv preprint arXiv:2310.06743, 2023. 3, 6, 7

[52] Michael Schmitt, Lloyd Haydn Hughes, Chunping Qiu, and
Xiao Xiang Zhu. Sen12ms–a curated dataset of georefer-
enced multi-spectral sentinel-1/2 imagery for deep learning
and data fusion. arXiv preprint arXiv:1906.07789, 2019. 1

[53] Simon Schrodi, David T Hoffmann, Max Argus, Volker
Fischer, and Thomas Brox. Two effects, one trigger:
On the modality gap, object bias, and information imbal-
ance in contrastive vision-language models. arXiv preprint
arXiv:2404.07983, 2024. 5

[54] Ravid Shwartz Ziv and Yann LeCun. To compress or not to
compress—self-supervised learning and information theory:
A review. Entropy, 26(3):252, 2024. 1, 3

[55] Ravid Shwartz-Ziv and Naftali Tishby. Opening the black
box of deep neural networks via information. arXiv preprint
arXiv:1703.00810, 2017. 2, 3, 4, 8

[56] Vincent Sitzmann, Julien Martel, Alexander Bergman, David
Lindell, and Gordon Wetzstein. Implicit neural representa-
tions with periodic activation functions. Advances in neural
information processing systems, 33:7462–7473, 2020. 6

[57] Oscar Skean, Md Rifat Arefin, Dan Zhao, Niket Patel, Jalal
Naghiyev, Yann LeCun, and Ravid Shwartz-Ziv. Layer by
layer: Uncovering hidden representations in language mod-
els. arXiv preprint arXiv:2502.02013, 2025. 4

[58] Stefano Soatto and Alessandro Chiuso. Visual representa-
tions: Defining properties and deep approximations. arXiv
preprint arXiv:1411.7676, 2014. 3

[59] Francois Spoto, Omar Sy, Paolo Laberinti, Philippe Marti-
mort, Valerie Fernandez, Olivier Colin, Bianca Hoersch, and
Aime Meygret. Overview of sentinel-2. In 2012 IEEE inter-
national geoscience and remote sensing symposium, pages
1707–1710. IEEE, 2012. 3

[60] Karthik Sridharan and Sham M Kakade. An information the-
oretic framework for multi-view learning. In Colt, number
114, pages 403–414, 2008. 4

[61] Yonglong Tian, Chen Sun, Ben Poole, Dilip Krishnan,
Cordelia Schmid, and Phillip Isola. What makes for good
views for contrastive learning? Advances in neural informa-
tion processing systems, 33:6827–6839, 2020. 8

[62] Naftali Tishby and Noga Zaslavsky. Deep learning and the
information bottleneck principle. In 2015 ieee information
theory workshop (itw), pages 1–5. Ieee, 2015. 3

[63] Naftali Tishby, Fernando C Pereira, and William Bialek.
The information bottleneck method. arXiv preprint
physics/0004057, 2000. 4

[64] Christopher Tosh, Akshay Krishnamurthy, and Daniel Hsu.
Contrastive learning, multi-view redundancy, and linear
models. In Algorithmic Learning Theory, pages 1179–1206.
PMLR, 2021. 1, 3, 8

[65] Arnas Uselis and Seong Joon Oh. Intermediate
layer classifiers for ood generalization. arXiv preprint
arXiv:2504.05461, 2025. 4

[66] Betty Van Aken, Benjamin Winter, Alexander Löser, and Fe-
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