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Abstract

Modern vision-language models (VLMs) develop patch em-
bedding and convolution backbone within vector space, es-
pecially Euclidean ones, at the very founding. When ex-
panding VLMs to a galaxy scale for understanding as-
tronomical phenomena, the integration of spherical space
for planetary orbits and hyperbolic spaces for black holes
raises two formidable challenges. a) The current pre-
training model is confined to Euclidean space rather than a
comprehensive geometric embedding. b) The predominant
architecture lacks suitable backbones for anisotropic physi-
cal geometries. In this paper, we introduced Galaxy-Walker,
a geometry-aware VLM, for the universe-level vision un-
derstanding tasks. We proposed the geometry prompt that
generates geometry tokens by random walks across diverse
spaces on a multi-scale physical graph, along with a ge-
ometry adapter that compresses and reshapes the space
anisotropy in a mixture-of-experts manner. Extensive exper-
iments demonstrate the effectiveness of our approach, with
Galaxy-Walker achieving state-of-the-art performance in
both galaxy property estimation (R2 scores up to 0.91) and
morphology classification tasks (up to +0.17 F1 improve-
ment in challenging features), significantly outperforming
both domain-specific models and general-purpose VLMs.

1. Introduction
Geometric cognition has always been an essential problem
in ordinary imaging, like overlap [26], scaling [3], and per-
spective [32]. It becomes a more challenging one in Astron-
omy Imagery, where the distance between pixels no longer
stands for its “real” distance, and the measurement scales up
to the galaxy-level. Backing to the Eddington experiment
in 1919, we still view the Solar system as a flat Euclidean

1The corresponding author is Jianxin Li (lijx@buaa.edu.cn).

Figure 1. Geometries of the universe. While traditional VLMs
are confined to flat Euclidean space, the actual universe exhibits
rich geometric diversity including spherical and hyperbolic spaces,
motivating our Galaxy Walker framework to incorporate multi-
geometric representations.

space [6] in telescope and measure the Gravity Lensing phe-
nomenon, while the LIGO project [1] detects the gravita-
tional waves of astronomical events with hyperbolic space
starting from 2002. One key difference is that the physi-
cists [13, 23] have gradually unveiled the rich geometric di-
versity at the galaxy scale. As illustrated in Figure 1, if we
aim to walk from the flat universe to the other universes, the
geometric cognition must extend from Euclidean space to
diverse ones for better lare-scale understanding.

To take a concrete investigation on this problem, we ap-
ply the predominant Vision-Language Models (VLMs), e.g.
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GPT4-o [18] and Claude3.5 [2] on astronomical analysis
tasks. The complete results are included in Table 3, they
achieve R2 scores below 0.6 in galaxy property estima-
tion tasks, while their F1 scores in morphology classifica-
tion hover between 0.4-0.7. The performance degradation
mainly comes from two constraints in VLM architectures:
(1) At the foundational level, patch embedding and con-
volutional backbones are constructed within Euclidean vec-
tor spaces, struggling to effectively represent non-Euclidean
geometric features; (2) At the feature fusion level, self-
attention and FFN mechanisms tend to model token rela-
tionships based on planar distances, overlooking geometric
measures like spherical and hyperbolic distances.

To address these challenges, we present Galaxy-Walker,
the first geometry-aware VLM framework designed for
galaxy-scale understanding. As illustrated in Figure 2,
Galaxy-Walker introduces two key innovations: (1) A Ge-
ometry Prompt mechanism that generates geometric to-
kens through random walks on multi-scale physical graphs
across Euclidean, spherical, and hyperbolic spaces, inject-
ing diverse geometric priors at the input level; (2) A Geom-
etry Adapter incorporating Euclidean, spherical, and hyper-
bolic FFN expert modules, which adaptively processes dif-
ferent geometric features through a mixture-of-experts ap-
proach, effectively reshaping spatial anisotropy.

Extensive experiments validate the effectiveness of
Galaxy-Walker. In galaxy property estimation tasks, our
method achieves R2 scores ranging from 0.52 to 0.91,
surpassing general VLMs by 50-80 percentage points and
significantly outperforming domain-specific models like
AstroCLIP. In morphology classification, Galaxy-Walker
demonstrates substantial improvements (+0.17) in rec-
ognizing characteristic features such as BAR and SAC,
showcasing its robust geometric understanding capabilities.
These results indicate that introducing geometry awareness
into VLM architectures is crucial for advancing galaxy-
scale understanding tasks.

Our main contributions can be summarized as follows:
(1) We identify and propose a solution to address the geo-
metric representation limitations in VLMs when processing
astronomical data; (2) We design a geometry-aware frame-
work with novel prompt and adapter mechanisms to cap-
ture diverse geometric features in galaxy observations effec-
tively; (3) We demonstrate empirical improvements across
multiple astronomical tasks, suggesting a promising direc-
tion for enhancing VLMs’ capability in domain-specific ap-
plications.

2. Related Work
Astronomical machine learning has evolved from early
supervised learning applications [14] to more sophisticated
approaches, including unsupervised methods for gravita-
tional lens detection and anomaly identification [16, 25].

Recent advances integrate convolutional networks for im-
age analysis and MLPs for luminosity data processing [20],
with AstroCLIP pioneering cross-modal galaxy feature in-
teraction modeling [19].

Vision Language Models have revolutionized multi-
modal understanding through joint visual-textual represen-
tations [8, 34]. CLIP [22] demonstrated exceptional perfor-
mance through self-supervised training on 400M image-text
pairs, while models like GPT4o [18], Claude 3.5 [2], and
LLAMA-3.2-VL [17] continue advancing vision-language
integration capabilities. Recent works like GeoCode and
GeoGPT4V have explored enhancing VLMs’ geometric
perception through data augmentation, aiming to address
fundamental geometry-related QA tasks [5, 21].

Geometric deep learning leverages Riemannian ge-
ometry for complex data modeling. Hyperbolic geome-
try has proven effective for hierarchical image relation-
ships [15, 28], while the spherical space is used to capture
the global view [12, 24, 33]. Mixed curvature spaces [9]
allow for flexible learning representations across a range
of Riemannian manifolds. Mapping image features onto
Riemannian manifolds [31] enhances the classification and
comprehension of complex images.

3. Method
Galaxy Walker is a geometry-aware framework that en-
hances pre-trained VLMs with non-Euclidean geometric
priors for comprehensive astronomical understanding. As
illustrated in Figure 2, our framework consists of two key
components: a Geometry Prompt that generates geometry
tokens by random walks across diverse spaces on a multi-
scale physical graph, along with a Geometry Adapter
that orchestrates multi-modal representations through a
mixture-of-experts architecture spanning euclidean, spher-
ical, and hyperbolic spaces. To facilitate numerical predic-
tions while preserving the model’s language modeling capa-
bilities, we augment the architecture with a dedicated Nu-
meric Head alongside the original LM (Language Model-
ing) Head, enabling both regression and classification tasks
in astronomical analysis.

3.1. Geometry Prompt
The geometric properties of universe space are crucial for
understanding the large-scale structure of the universe [13].
It can provide large models with insights into the diverse
and complex underlying structures between galaxies. By
leveraging these geometric insights, we design a geometry
prompt mechanism to guide the model to leverage appro-
priate geometric spaces for different astronomical features
through specialized geometric walkers. Each walker (Eu-
clidean, Spherical, and Hyperbolic) processes astronomical
data in its corresponding geometric space, capturing distinct
spatial relationships and structural patterns that complement
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Figure 2. The overall framework of Galaxy Walker. Left: The architecture integrates a Geometry Adapter with the pre-trained VLM
backbone. The adapter includes a projection layer πθ that processes various input modalities (e.g., Euclidean, Spherical, Hyperbolic
embeddings, spectral data, and multi-band images), followed by L transformer blocks enhanced with geometry-aware FFN experts. A
gating network dynamically routes features to appropriate geometric experts. Two parallel heads (Numeric Head and LM Head) enable
both regression and classification tasks. Right: Visualization of how different geometric spaces (Euclidean, Spherical, and Hyperbolic
Walker) process astronomical data, demonstrating the distinct token arrangements and relationships in each geometry. The Geometry
Prompt guides the model to utilize appropriate geometric representations for different astronomical features.

the Geometry Adapter’s expert layers.

Multi-View Structure Construction of Galaxies. The
vast expanse of universe space can be understood as a com-
plex Riemannian geometric space [13], which can encom-
pass different geometries, including Euclidean (E), Hyper-
bolic (H), and Spherical (S) spaces. A Euclidean space,
characterized by zero curvature, represents an infinitely flat
universe. In this scenario, galaxies are highly influenced
by nearby local structures. In contrast, a hyperbolic space,
with its negative curvature, captures the universe’s acceler-
ated expansion, providing a natural framework to trace the
evolution of galaxies and uncover hierarchical relationships
within their development. Meanwhile, spherical space,
defined by positive curvature, suggests a universe with a
closed, global topology, enhancing our ability to capture the
overall similarity among galaxies at a global scale. To gain
a deeper and more comprehensive understanding of the uni-
verse’s structure and behavior, we will explore three distinct
curvatures of universe space and build models to capture the
relationships among galaxies within each geometry.

As shown in Fig. 2 right, we start by constructing a
multi-relational graph of galaxies based on their physical
positions Vphy , which consist of Right Ascension (RA)
and Declination (DEC). First, we establish universe coor-
dinates from different geometric perspectives to derive re-
lationships between galaxies. Specifically, a universe geo-

metric coordinate VM is first mapped to the tangent space
TM at the origin by the projection function proj, and then
it is transformed to the manifold M (M ∈ {E,H,S}) by the
exponential mapping expco:

VM = expco(proj(Vphy)), (1)

where c represents the curvature of the manifold M. Sub-
sequently, we identify galaxies with similar positions using
K-Nearest Neighbors (KNN) [27] based on these universe
coordinates, forming the relational graphs AM.

Geometry-aware Feature Learning. After getting a
graph G with node feature matrix X ∈ Rn×d and adjacency
matrix AM, we study their representation in three different
geometric universes. Since the node feature X (like im-
age/spectrum) is in Euclidean space, we first need to trans-
late it to the corresponding manifold M (Step1). The ge-
ometric prompt is then obtained using the relational graph
AM in the manifold (Step2). The geometry-aware features
PM are learned through a two-layer architecture:{

ZM = FE→M(X,AM), Step1
PM = FM→M(ZM,AM), Step2 (2)

where FMin→Mout represents a Riemannian GraphSAGE
layer defined as:

FMin→Mout(X,AMin) = expcout
o (SAGE(logcino (X),AMin),

(3)
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where logco denotes logarithmic mapping, which maps the
feature X located on the manifold Min to the tangent plane
of the origin. Sage denotes the GraphSage network[11].
The specific formulation forms related to Riemannian man-
ifold operators are reported in the Appendix.

3.2. Geometry Adapter
The Geometry Adapter is designed to handle spatial
anisotropy through a mixture-of-experts (MoE) approach,
incorporating domain-specific geometric priors from astro-
nomical observations, while preserving the conventional
Euclidean FFN from pre-trained VLMs as one expert:

FE(x) = W2(σ(W1x+ b1)) + b2. (4)

We then introduce specialized experts for spherical and
hyperbolic geometries to enhance the model’s capability
in processing astronomical spatial relationships. Inspired
by metric theories in non-Euclidean spaces [4], we design
spherical and hyperbolic expert layers that form a heteroge-
neous MoE network. The spherical expert layer is formu-
lated as:

FS(x) = κ · normalize(W2(σ(W1x+ b1)) + b2), (5)

where κ controls the curvature and normalize (·) ensures
the output lies on the unit sphere, effectively capturing an-
gular relationships in celestial observations. The hyperbolic
expert layer is defined as:

FH(x) = exp0(W2(σ(log0(W1 ⊗ x+ b1))) + b2), (6)

where exp0 and log0 are the exponential and logarithmic
maps at the origin of the Poincaré ball, enabling the model
to process hierarchical astronomical structures.

For routing multimodal tokens to appropriate experts, we
introduce a learnable Gating Network G that computes rout-
ing probabilities:

y =
∑

i∈{E,S,H}

Gi(x) · Fi(x), (7)

where Gi(x) represents the routing weight for expert i, and∑
i Gi(x) = 1. The Geometry Adapter is inserted in ev-

ery k layer (e.g., k = 4) in the pre-trained VLM to maintain
computational efficiency while providing sufficient geomet-
ric modeling capacity.

To facilitate geometric feature input, we initialize
modality-specific projection layers πθ that align different
feature types with the token embedding space. For regres-
sion tasks, we augment the model with a learnable Numeric
Head that performs numerical predictions through the last
token’s logits. The original LM Head is retained for clas-
sification tasks, maintaining the model’s versatility across
different astronomical applications.

3.3. Two-stage Training
We adopt a two-stage training strategy to optimize our
geometry-aware framework effectively.

Stage I: Geometric Prompt Learning. The Geometry
Prompt module is first trained independently using galaxy
property estimation tasks (e.g., redshift prediction) to learn
the geometric representations across three spaces. This
stage ensures the model captures essential geometric pat-
terns.

Stage II: Geometry Adapter Learning. We then train
the Geometry adapter module while freezing all attention
blocks for efficiency. Let Tr and Tc denote the sets of re-
gression and classification tasks, respectively. For each task
t ∈ Tr ∪ Tc, we construct task-specific prompts using spe-
cial modality tokens (details in Appendix). The training ob-
jective combines:

L = LLM + λLreg, (8)

where LLM is the language modeling loss and Lreg is the
smooth L1 loss for regression tasks, computed between the
numerical head predictions and ground truth values. λ bal-
ances the two objectives.

To enhance numerical stability and modal representa-
tion, modal inputs are processed in fp32 precision with L2
normalization, followed by learnable scaling factors αm

applied after projection: em = αmπm(xm). We fur-
ther incorporate a replay mechanism that accumulates pro-
jected embeddings to the last token hidden states: hlast =
hlast +

∑
m hm. The trainable parameters in this stage

are constrained to modal-specific projection layers πm, Ge-
ometry Adapter FFN layers, numerical head for regression
tasks, and scaling factors αm.

4. Experiment
4.1. Experiment Settings
Tasks and Datasets. Our evaluation framework encom-
passes two primary astronomical analysis tasks: Property
Estimation and Morphology Classification [19]. Property
Estimation targets four fundamental galaxy attributes (M∗,
ZMW, tage, sSFR), essential for understanding galaxy
evolution and stellar populations. [14] Morphology Clas-
sification examines ten distinct structural features (SMH,
DEO, SPR, BAR, BLG, RND, EOB, SWP, SAC, MRG),
enabling a comprehensive assessment of galactic structures
across scales and orientations [29]. Following AstroCLIP’s
methodology [19], we structure these tasks as question-
answering problems to facilitate unified VLM training and
inference. As shown in Table 1, Our dataset consists of
84, 121 training samples and 21, 051 evaluation samples for
property estimation, and a total of 271, 566 samples for
morphological classification, with varying sample distribu-
tions across morphological classes.
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Table 1. Statistics of our dataset for property estimation and morphological classification tasks. The rightmost column shows the
total number of classification samples for each split.

Split Property
Estimation

Morphological Classification

SMH DEO SPR BAR BLG RND EOB SWP SAC MRG Subtotal

Train 84,121 389 29,538 31,276 31,276 31,276 16,207 25,246 18,745 18,745 129 202,827
Evaluate 21,051 98 9,587 9,541 9,541 9,541 9,332 6,707 5,942 5,942 2,508 68,739

Table 2. Statistics of our multi-relational graph constructed
in different geometric spaces. Each space maintains consistent
node count and feature dimensionality while varying in edge con-
nectivity to capture distinct geometric relationships.

Geometry #Nodes #Edges #Features

Euclidean 105,172 720,665 1,024
Hyperbolic 105,172 699,553 1,024
Spherical 105,172 722,081 1,024

Input Modalities and Task Formulation. Property Es-
timation tasks integrate multi-band images from DESI-LS
DR9 [10], spectra from DESI EDR Survey [7], and geomet-
ric features from three spaces, outputting continuous prop-
erty predictions. Morphology Classification, constrained
by Galaxy Zoo DECaLS5 [29] dataset limitations, utilizes
only multi-band images and geometric features for categor-
ical predictions.

Multi-geometric Graph Construction. We construct
three complementary graphs based on galaxies’ physical
coordinates (Right Ascension and Declination) through k-
nearest Neighbor connections. As detailed in Table 2,
these graphs span Euclidean (720,665 edges), Hyperbolic
(699, 553 edges), and Spherical spaces (722, 081 edges),
each containing 105, 172 nodes with 1, 024-dimensional
features derived from matched DESI-LS galaxy images and
DESI spectra pairs. This multi-geometric approach enables
comprehensive capture of diverse spatial relationships in as-
tronomical structures.

Other Implementation Details. We initialize the VLM
of GalaxyWalker from Qwen2-VL-2B-Instruct [30]. We de-
sign training and inference templates for each task and the
details are included in supplementaries.

Baselines. We evaluate our approach against both
domain-specific models and general-purpose VLMs. For
domain-specific baselines, we include: Photometry [20], a
classical MLP-based approach representing traditional ma-
chine learning methods for astronomical property estima-
tion; Stein [25], a specialized self-supervised model op-
timized for scientific data analysis; and AstroCLIP [19],
a pioneering astronomical multimodal model evaluated in
both zero-shot and fine-tuned settings. For general-purpose
VLMs, we compare against state-of-the-art closed-source

models (GPT4-o [18] and Claude-3.5 [2]) and the leading
open-source multimodal model (Llama-3.2 [17]), repre-
senting the current frontier of large-scale vision-language
understanding capabilities.

4.2. Main Results
As depicted in Table 3, our extensive experimental eval-
uation demonstrates the superior performance of Galaxy
Walker across both galaxy property estimation and mor-
phology classification tasks, validating our geometry-aware
approach to galaxy-scale understanding.

Limitations of General VLMs. The experimental re-
sults reveal significant limitations of general-purpose VLMs
(GPT4-o, Claude-3.5, Llama-3.2) when applied to astro-
nomical tasks. Their poor performance (R2 scores <
0.12 for property estimation) stems from their inherent
Euclidean-space constraints, making them ill-suited for
modeling universe phenomena in diverse geometric spaces.
For instance, their struggle with sSFR estimation (R2

scores < 0.08) particularly highlights their inability to cap-
ture the hyperbolic nature of star formation dynamics in
galaxy evolution.

Analysis of Specialized Astronomical Models.
Domain-specific approaches demonstrate stronger baseline
performance, with AstroCLIP (Fine-tuned) achieving
notable results (R2 = 0.88 for M∗ estimation). However,
these methods show inconsistent performance across
different tasks. While effective in controlled scenarios
(e.g., SPR classification: 0.96 F1), they struggle with
complex morphological features requiring geometric
understanding (BAR: 0.54 F1). This performance gap
indicates their limited ability to leverage geometric priors
and world knowledge, particularly evident in tasks involv-
ing spiral arm patterns and bar structures that demand the
understanding of galactic rotation dynamics.

Performance of GalaxyWalker. Our geometry-aware
architecture achieves consistent improvements across di-
verse astronomical tasks through its enhanced spatial mod-
eling capabilities. In property estimation, Galaxy Walker
establishes new state-of-the-art benchmarks, notably im-
proving sSFR estimation (R2 = 0.84, +0.15) through pre-
cise modeling of non-Euclidean star formation dynamics.
The model exhibits superior performance in complex mor-
phological analysis, particularly in features requiring so-
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Models Property Estimation (R2 Score) Morphology Classification (F1 Score)

M∗ ZMW tage sSFR SMH DEO SPR BAR BLG RND EOB SWP SAC MRG

Baselines-Domain Specific Methods
Photometry(MLP) 0.67 0.41 0.27 0.34 – – – – – – – – – –
Stein – – – – 0.68 0.81 0.95 0.37 0.77 0.81 0.75 0.76 0.44 0.71
AstroCLIP(Zero-shot) 0.87 0.57 0.43 0.63 – – – – – – – – – –
AstroCLIP(Fine-tuned) 0.88 0.64 0.47 0.69 0.83 0.97 0.96 0.54 0.81 0.79 0.84 0.73 0.47 0.73

Baselines-General VLMs
GPT4-o 0.05 0.43 -0.48 0.59 0.38 0.67 0.63 0.42 0.37 0.49 0.62 0.57 0.38 0.47
Claude-3.5 -0.03 0.20 -0.61 0.62 0.34 0.33 0.24 0.42 0.41 0.40 0.66 0.39 0.37 0.59
Llama-3.2-90B-Vision-Instruct -2.99 -5.46 0.28 0.34 0.38 0.42 0.65 0.37 0.42 0.49 0.66 0.58 0.46 0.60

Our Method - Geometry-aware VLM
Galaxy Walker 0.91 0.69 0.52 0.84 0.76 0.97 0.96 0.71 0.83 0.82 0.87 0.79 0.64 0.77
Improvements +0.03 +0.05 +0.05 +0.15 -0.07 0.00 0.00 +0.17 +0.02 +0.01 +0.03 +0.06 +0.17 +0.04

Table 3. Comprehensive evaluation of different models on galaxy property estimation (R2 score) and morphology classification (F1
score) tasks. Our proposed Galaxy Walker demonstrates superior performance across most metrics, achieving state-of-the-art results in all
property estimation tasks and several morphology classification categories. The previous best results are underlined, while our best results
are shown in bold. Notably, Galaxy Walker shows significant improvements in sSFR estimation (+0.15) and morphological features like
BAR and SAC classifications (+0.17), while maintaining competitive performance in other categories.

phisticated geometric understanding - BAR and SAC clas-
sifications both see +0.17 F1 score improvements while
maintaining competitive performance in traditional met-
rics (DEO: 0.97 F1, SPR: 0.96 F1). This comprehensive
enhancement stems from our geometry prompt’s effective
modeling of diverse spatial configurations, from spherical
planetary orbits to hyperbolic gravitational fields. While
showing a marginal decrease in SMH (−0.07), the model’s
substantial improvements in complex geometric features
demonstrate its robust capacity for modeling intricate galac-
tic structures. These results, showing 10-20% average im-
provement across tasks, validate our geometric integration
approach and establish a new paradigm for astronomical vi-
sion understanding.

4.3. Expert Specialization Analysis

As depicted in Figure 3, to quantitatively analyze the contri-
bution of different geometric experts, we conduct inference
on test set and measure each expert’s activation strength by
averaging normalized weights during the inference process.

Expert Contribution Patterns. In property estimation
tasks, the Euclidean expert demonstrates dominant activa-
tion (> 40%), particularly in M∗ and ZMW estimation.
This aligns with our assumption that these fundamental
galaxy properties primarily rely on direct photometric mea-
surements and local feature extraction, where Euclidean
space is most effective. The tage estimation similarly ben-
efits from Euclidean processing, presumably due to its de-
pendence on spectral energy distribution analysis in con-
ventional space. The morphology classification tasks reveal
more diverse geometric preferences. The Hyperbolic ex-
pert shows notably higher activation (> 35%) in structure-
related features like BAR, SPR, and SAC. We hypothesize

this is due to the hyperbolic nature of gravitational fields
governing these structures - bar formations and spiral arms
typically follow logarithmic patterns that are naturally rep-
resented in hyperbolic space. The Spherical expert exhibits
consistent activation (20-30%) across most morphological
tasks, presumably capturing the projected 3D spherical na-
ture of galaxies onto our 2D observational plane.

Case Study Analysis. Figure 3b presents three repre-
sentative cases demonstrating GalaxyWalker’s capability in
handling diverse galactic topological structures. In the first
case, an edge-on disk configuration with linear intensity dis-
tribution shows that the Geometry Prompt effectively cap-
tures this elongated structure through complementary ge-
ometric representations. The triangle plot reveals that the
Spherical expert dominates, indicating the model’s prefer-
ence for spherical geometry to model the radial emission
patterns and extended structure of the edge-on disk. In
the second case, a multiple-component system with hier-
archical spatial distribution is analyzed, where our model
adapts by increasing the Hyperbolic expert’s contribution
to effectively represent the complex hierarchical relation-
ships between component galaxies. This preference for hy-
perbolic geometry enables the model to capture the non-
Euclidean nature of gravitational interactions in this sys-
tem. In the third case of an isolated point source with
weak extended emission, the Geometry Adapter shows a
more balanced contribution pattern with the Euclidean ex-
pert playing a more prominent role compared to previ-
ous cases, while still engaging both Spherical and Hyper-
bolic experts to capture the multifaceted geometric prop-
erties. These visualizations quantitatively demonstrate that
the proposed geometry-aware framework enables effective
encoding of diverse galactic topological patterns while fa-
cilitating adaptive geometric feature extraction through dy-
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Figure 3. Visualization of geometry-specific expert contributions and case study analysis.
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Figure 4. Analysis of modality contributions: (a) Performance
impact when removing each modality; (b) Cross-modal correlation
analysis.

To comprehensively understand the contribution of dif-
ferent modalities in galaxy understanding, we conduct two
complementary analyses in Figure 4: an ablation study
measuring performance degradation when removing indi-
vidual modalities, and a correlation analysis examining the
relationships between different modality pairs. Our model
incorporates five key modalities besides the text modal: Im-
age (I), Spectrum (S), and three geometric representations
- Euclidean Graph (E), Hyperbolic Graph (H), and Sphere
Graph (G), with the latter three jointly forming our Geome-
try Prompt Input.

Impact of different modality. As shown in Figure 4a,
removing different modalities impacts model performance
to varying degrees across tasks. The spectrum modality
demonstrates the strongest impact on sSFR (−0.15) and
ZMW (−0.13), reflecting its crucial role in determining
both star formation rates and metallicity through spectral
line analysis. The Euclidean geometry representation shows
moderate influence on M∗ estimation (−0.11), while hy-
perbolic and spherical geometries exhibit relatively con-
sistent impact across all physical parameters (−0.06 to
−0.09).

Cross-modal Correlation. We use the attention aver-
age attention scores between different modal tokens to con-
struct the correlation matrix (Figure 4b), which reveals dis-
tinctive patterns in modality interactions. Most notably, the
high correlation (0.82) between spectrum and hyperbolic
graph representations suggests that spectral features natu-
rally align with hyperbolic space, likely due to the exponen-
tial nature of stellar population distributions. Meanwhile,
the strong coupling (0.75) between image and sphere graph
features indicates that spherical geometric understanding
significantly enhances visual feature interpretation, partic-
ularly for projecting 3D galactic structures onto 2D obser-
vations. The moderate correlation (0.58) between the Eu-
clidean graph and spectrum features provides insight into
why conventional VLMs can partially succeed in basic
spectral analysis tasks, as traditional Euclidean space ad-
equately captures certain spectral characteristics.
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Figure 5. Training Dynamics Analysis of Different Geometry Adapter Integration Strategies. Performance evolution during training
(0k-20k steps) for different adapter integration densities in Qwen2-VL-2B, comparing sparse (every 4 layer), medium (every 2 layer), and
dense (every layer) integration patterns. The plots show R2 scores for physical property estimation (M∗, ZMW, tage, sSFR) and F1
scores for morphological classification tasks, revealing distinct convergence characteristics across different astronomical tasks.

4.5. Geometry Adapter Integration Strategies
To investigate the optimal integration strategy of geometry-
aware capabilities into vision-language models, we con-
ducted experiments with varying densities of MoE-based
Geometry Adapter integration in the 28-layer Qwen2-VL-
2B architecture [30]. Figure 5 reveals distinct patterns in
learning dynamics and final performance across different
integration frequencies.

Comparative analysis of integration strategies reveals
their distinct advantages: sparse integration (every 4 layer,
which is used to achieve results in Table 3) achieves com-
petitive performance in morphological classification (DEO:
0.85, RND: 0.8) with minimal computational overhead;
medium-density integration (every 2 layer) demonstrates
optimal stability across tasks and particularly excels in com-
plex structural feature detection (BAR: 0.7, BLG: 0.8);
while dense integration (every layer) enables rapid initial
convergence but shows diminishing returns in later train-
ing stages, suggesting that the additional computational cost
may not justify the marginal performance gains.

The training dynamics reveal a clear evolution in the rel-
ative advantages of each integration strategy. During early
training (0-5k steps), dense integration provides rapid per-
formance improvements, particularly in property estimation
tasks. However, as training progresses (5k-15k steps), the
performance gap between different integration densities di-
minishes, with all approaches converging to similar perfor-
mance levels by the final training phase (15k-20k steps).

Our findings indicate that the optimal integration strat-
egy depends primarily on specific deployment constraints
and task priorities. For resource-efficient implementations,
sparse integration offers a compelling balance of perfor-
mance and computational cost. Medium integration pro-
vides the most robust general-purpose solution, while dense

integration may be warranted in scenarios requiring rapid
model adaptation. These results demonstrate that effective
geometry-aware vision-language modeling can be achieved
through strategic adapter placement, challenging the as-
sumption that comprehensive layer modification is neces-
sary for optimal performance.

5. Conclusion
In this paper, we introduced Galaxy Walker, a novel
geometry-aware vision-language model that effectively
bridges the gap between traditional VLMs and complex
astronomical phenomena through the integration of multi-
geometric random walks and specialized adapters. By
leveraging complementary geometric spaces - Euclidean for
local feature extraction, hyperbolic for hierarchical struc-
tures, and spherical for celestial projections - our model
achieves a more comprehensive understanding of galac-
tic structures. Our approach demonstrates significant per-
formance improvements over existing methods (10-20%
across tasks), particularly excelling in geometry-intensive
challenges like bar structure detection (+0.17 F1) and spe-
cific star formation rate estimation (+0.15 R2). Through
comprehensive analysis, we validate our geometric integra-
tion strategy and reveal the specialized contributions of dif-
ferent geometric spaces in galaxy understanding, showing
how each space contributes distinctively to different aspects
of astronomical feature comprehension.

Despite these advances, our work has several limita-
tions. Currently, Galaxy Walker is implemented on rela-
tively small-scale VLMs and employs a limited number of
geometric experts. Future work could explore scaling to
larger VLMs (50B-100B parameters) and training domain-
specific MoE architectures with expanded expert capacity
when sufficient astronomical data becomes available.
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Arnouts, and Dominique Fouchez. Photometric redshifts
from sdss images using a convolutional neural network. As-
tronomy & Astrophysics, 2018. 2, 5

[21] Ofek Pearl, Itai Lang, Yuhua Hu, Raymond A. Yeh, and Rana
Hanocka. Geocode: Interpretable shape programs. CoRR,
abs/2212.11715, 2022. 2

[22] Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya
Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry,
Amanda Askell, Pamela Mishkin, Jack Clark, Gretchen
Krueger, and Ilya Sutskever. Learning transferable visual
models from natural language supervision. In International
Conference on Machine Learning, 2021. 2

[23] Wun-Yi Shu. The geometry of the universe. Mathematics
and Statistics, 3(4):75–88, 2015. 1

[24] H. Skibbe and M. Reisert. Spherical tensor algebra: A toolkit
for 3d image processing. Journal of Mathematical Imaging
and Vision, 58:349–381, 2017. 2

[25] George Stein, Peter Harrington, Jacqueline Blaum, Tomislav
Medan, and Zarija Lukic. Self-supervised similarity search
for large scientific datasets, 2021. 2, 5

4120



[26] Ola Suleiman Ahmad, Johan Debayle, and Jean-Charles
Pinoli. A geometric-based method for recognizing over-
lapping polygonal-shaped and semi-transparent particles in
gray tone images. Pattern Recognition Letters, 32(15):2068–
2079, 2011. 1

[27] Kashvi Taunk, Sanjukta De, Srishti Verma, and Aleena Swe-
tapadma. A brief review of nearest neighbor algorithm for
learning and classification. In 2019 International Confer-
ence on Intelligent Computing and Control Systems (ICCS),
pages 1255–1260, 2019. 3

[28] Surendrabikram Thapa, Usman Naseem, Luping Zhou, and
Jinman Kim. Vision-language models for biomedical appli-
cations, pages 1–2. Association for Computing Machinery,
United States, 2024. First International Workshop on Vision-
Language Models for Biomedical Applications (1st : 2024),
VLM4Bio 2024 ; Conference date: 28-10-2024 Through 01-
11-2024. 2

[29] Mike Walmsley, Chris Lintott, Tobias Géron, Sandor Kruk,
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