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Abstract. This paper introduces the concept of Microscopic Spatial In-
telligence (MiSI), the capability to perceive and reason about the spatial
relationships of invisible microscopic entities, which is fundamental to
scientific discovery. To assess the potential of Vision-Language Models
(VLMs) in this domain, we propose a systematic benchmark framework
MiSI-Bench. This framework features over 163,000 question-answer pairs
and 587,975 images derived from approximately 4,000 molecular struc-
tures, covering nine complementary tasks that evaluate abilities ranging
from elementary spatial transformations to complex relational identifi-
cations. Experimental results reveal that current state-of-the-art VLMs
perform significantly below human level on this benchmark. However,
a fine-tuned 7B model demonstrates substantial potential, even sur-
passing humans in spatial transformation tasks, while its poor perfor-
mance in scientifically-grounded tasks like hydrogen bond recognition
underscores the necessity of integrating explicit domain knowledge for
progress toward scientific AGI. The datasets are available at https:
//huggingface.co/datasets/zongzhao/MiSI-bench.
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1 Introduction
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Fig. 1: Overview of our MiSI-Bench. Our dataset is derived from around 4,000 PDBs
and comprises 9 distinct tasks.

Spatial intelligence [12,|53|, a critical component of advanced artificial in-
telligence, empowers systems to perceive, interpret, and interact with the three-
dimensional world. Such capability necessitates a profound comprehension of ge-
ometries, spatial relationships, and even fundamental physical rules. Contempo-
rary efforts address this by utilizing Vision-Language Models (VLMs) [6}28}[29],
which jointly process visual and textual data to learn spatial properties and re-
lationships from complex scenes [32}54,56]. This reasoning capacity regarding
object layouts, occlusions, and perspectives establishes a vital foundation for
embodied interaction in real-world environments [57].

Yet, beyond this visible macroscopic realm lies the microscopic world, com-
posed of invisible particles (e.g., atoms and molecules) that constitute mat-
ter [17], where spatial reasoning takes on a profoundly different form. In molecu-
lar sciences, experts routinely visualize and manipulate microscopic entities such
as proteins and drugs using software tools (e.g., PyYMOL [16], ChimeraX [41]) to
explore geometric complementarity, analyze interactions, and design new func-
tional molecules. This process relies on a specialized form of spatial reasoning: the
ability to reconstruct three-dimensional structures from two-dimensional projec-
tions and to infer physical relationships (e.g., hydrogen bonds). In this paper, we
refer to this capability as Microscopic Spatial Intelligence (MiSI), the cog-
nitive foundation underlying human expertise and discovery in scientific fields
such as structural biology, drug discovery, and material design.
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The success of Large Language Models (LLMs) in general-purpose tasks has
spurred their exploration in scientific discovery [9}/37./46], motivating the use
of VLMs to analyze scientific data. VLMs are uniquely suited for this role, as
they can process both visual and textual modalities within a unified architec-
ture. Traditional domain-specific software (e.g., VinaDock [50]) methods excel
at numerical optimization but lack the semantic domain knowledge and human-
like inference required to interpret scientific insights encoded in literature. On
the contrary, VLMs can perceive structural patterns while grounding their in-
terpretations in scientific concepts. This cross-modal capability enables a more
human-like, context-aware reasoning about molecular structures by seamlessly
linking them with textual semantics. However, shifting from human-scale daily
objects to atom-level invisible entities, MiSI requires exceptional scientific exper-
tise to perceive spatial transformations and reason over relational identifications
such as atomic interactions. It remains unclear whether the VLMs are ready for
tackling the challenges in the microscopic scientific fields.

To bridge the gap, we propose MiSI-Bench, a systematic framework for
training and evaluating microscopic spatial intelligence in VLMs. As illustrated
in Fig. [[, MiSI-Bench contains 163,514 question-answer pairs and 587,975 im-
ages over a diverse set of 9 complementary tasks, constructed from around 4,000
molecular structures [52]. We visualize these three-dimensional microscopic ob-
jects as two-dimensional orthographic projections, just like how human experts
interpret them. We then disentangle the intelligence for spatial transformations
and relational identifications into four elementary operations: translation, ro-
tation, zooming, interaction. Subsequently, we design four unit tasks to evalu-
ate these fundamental abilities independently, and further design five composite
tasks which integrate multiple elementary operations to test the models’ high-
order reasoning ability.

Experimental results show that current advanced VLMs (e.g., 03 [40], Claude
Sonnet4.5 [5]) perform well below human level on our benchmark. While human
evaluators excel in some tasks, they struggle with continuous spatial transforma-
tion and 3D reconstruction. Remarkably, after SF'T on our dataset, a 7B model
outperforms all leading VLMs and even surpasses humans in spatial transfor-
mation tasks, revealing VLMs’ untapped potential for spatial reasoning. How-
ever, its poor performance in biologically-grounded tasks like hydrogen bond
recognition highlights the need for injecting explicit scientific knowledge during
pre-training to progress toward AGI.

2 Related Work

Macroscopic Spatial Intelligence In recent years, researchers have developed a
variety of datasets and benchmarks with distinct focuses to evaluate the spatial
intelligence of VLMs [21}/44159]. For instance, VIS-Bench [53] and MuriBench [51]
emphasize the model’s ability to associate and reason across video/multi-images;
LEGO-Puzzles |47] examines multi-step spatial reasoning in a synthetic block-
building environment. However, MiSI is distinct from macro-spatial tasks in three
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aspects: 1) Unlike 3D reconstruction of common objects, MiSI requires mapping
fine-grained visual elements to hierarchical scientific entities (e.g., atoms and
residues); 2) Tasks like "binding" require translating abstract scientific concepts
into precise geometric constraints, a mapping largely absent in general vision; 3)
Unlike macro-tasks that tolerate spatial imprecision, MiSI necessitates a much
tighter, expert-level coupling between visual perception and domain-specific lan-
guage. Thus, MiSI represents a unique dimension where spatial reasoning is in-
extricably tied to scientific logic. Therefore, we propose MiSI-Bench to draw
attention to this direction and to establish a reliable benchmark for evaluating
models’ micro-level spatial intelligence.

Three-Dimensional Molecular Understanding Conventional modeling of three-
dimensional molecules usually relies on Cartesian coordinates as model inputs.
Starting from physical force fields |1,/45|, models have evolved from 3D convo-
lutional neural networks [42] to graph-based relational modeling, where graph
neural networks [8}33}/341|58] have been widely used to capture structured de-
pendencies [19,[36]. This line has further advanced toward equivariant graph
neural networks [24,/30,31,/48] and transformers [23.[27] with the rise of geomet-
ric deep learning [10]. However, these approaches primarily operate within geo-
metric coordinate space only, while MLLMs offer a complementary, human-like
perspective which can learn to reason about three-dimensional molecular geom-
etry through visual abstractions and natural language grounding, unlocking a
new mode of molecular understanding that bridges microscopic visual perception
and textual knowledge.

3 Definition of Major Concepts

Study Scope To explore whether current VLMs possess the ability to understand
3D molecular structures, which we term MiSI as above, we begin by defining the
representations adopted for molecular structures, and then introduce the funda-
mental perceptual expertise humans rely on to comprehend the micro world.
These elements together serve as the preliminaries for our benchmark design.

Our physical world is organized across multiple hierarchical levels, from
macroscopic organisms to organs, cells, and to molecules such as proteins, and
DNAs [17]. Thanks to the continuous scientific exploration, people now under-
stand the phenomena observed in the macroscopic world are the results of mi-
croscopic particles. And advances in imaging technologies, such as cryo-electron
microscopy, further allow us to visualize these particles at near-atomic reso-
lution [7]. In this work, we shift the focus from the macroscopic world to its
microscopic foundation, investigating how VLMs perceive and reason about 3D
molecular structures composed of atoms.

Orthographic Projection of Molecules Throughout human history, people have
sought to represent the three-dimensional world on two-dimensional media. One
classical approach employs perpendicular rays of light to generate orthographic
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Fig.2: A brief demonstration of the MiSI-Bench dataset. The examples have been
simplified for clarity; for complete examples, please refer to Appendix C.
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the underlying physical principles of

molecular organization [2|. We refer to

this process as relational identification. In this work, we summarize the expert
skills with the above-mentioned four elementary microspace operations, namely
translation, rotation, zooming, and interaction, then design unit tasks to
independently evaluate each capability. We further introduce combinatorial tasks
that require integrating multiple operations, enabling a more comprehensive as-
sessment of VLMs in microspace understanding.

4 MiSI-Bench

We construct our MiSI-Bench for evaluating VLMs using the refined PDB-
bind dataset [52], a widely adopted benchmark for structure-based drug discov-
ery [22,125,/49]. Each entity in PDBbind dataset corresponds to a complex com-
posed of a protein and a ligand. We visualize all complexes in ChimeraX [41] to
generate orthographic projections images at a resolution of 1160 x 803 as model
inputs. After removing complexes with visualization issues, the final dataset
contains 3,503 protein-ligand complexes for Supervised FineTuning (SFT) and
490 for testing, all with experimentally solved crystal structures. The benchmark
encompasses nine tasks, including four unit tasks involving single elementary op-
erations and five composite tasks involving combinations of multiple operations.
For each task, the QA pairs are generated using fixed templates. The problem
templates and a brief illustration of all tasks are shown in Fig. [2l The over-
all pipeline for constructing MiSI-Bench is detailed in supplementary materials.
Our benchmark contains a total of 150,597 Question Answering (QA) pairs for
training and 12,917 for testing, summing up to 538,015 and 49,960 images in the
train and the test set, respectively. The statistics for all tasks are presented in
Fig. [3] Two formats of questions are used to evaluate model performance.

Cloze Questions require the model to complete partially specified instructions
by filling in missing actions or parameters. These tasks assess the ability of
the models to identify the correct operations with precise attributes (e.g., axes,
distances, or angles).

Multiple-Choice Questions present several candidate options, among which
the model should identify the correct answer while rejecting distracting decoys.
These tasks evaluate whether the models have discriminative understanding of
spatial configurations and their ability to reason about the consequences of mi-
crospace operations.

4.1 Unit Task

We first establish four unit tasks to evaluate the spatial understanding of el-
ementary microspace operations, where each task isolates one essential ability
involved in manipulating or interpreting microscopic 3D molecular structures.
For translation, rotation, and zooming tasks, the three orthographic projections
(i.e., the top, the front, and the left side views) of the initial complex and the
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front view of the complex after the operation are given to the models. For residue-
ligand interaction task, since overlapping atom names might interfere with the
performance, we give all six orthographic projections to the models.

Translation (Cloze) In this task, the molecular complex is translated along one
of the axes parallel to the visualization plane (i.e., the x or y axis) by a random
distance between —4 and 4 angstrom (A). The model must infer both the direc-
tion and the magnitude of motion, completing a prompt of the form: move _x
_3 . To avoid being too harsh on numerical precisions, the translation range
is discretized into 1.0 A bins. For SFT, two samples per complex are generated
along each axis, yielding 14,012 training samples, and one per axis for evaluation,
totaling 980 test samples.

Rotation (Cloze) The complex is rotated along one of the three coordinate
axes (z, y, or z) by a random angle uniformly drawn from [—90°,90°]. Models
must determine both the rotation axis and the degree of rotation, filling in the
prompt: roll _x _15 . Rotation angles are discretized into 15° bins. Each
complex results in two samples per axis for SFT (21,018 training samples) and
one per axis for testing (1,470 samples).

Zooming (Cloze) To simulate zooming operations, the complex is moved along
the axis perpendicular to the visualization plane (i.e., the z axis) by a random
depth between 40 and 60 A. This range corresponds to the magnification levels
most suitable for visualizing the pocket—ligand interactions near the center of the
view (See the distribution figure in Appendix A for details). The model fills in
prompts like: move z _50 , where depth values are discretized into 1.0 A bins.
Four samples per complex are created for SFT (14,012 training samples) and
two per complex for testing (980 samples).

Residue-Ligand Interaction (Cloze) Given a residue and the ligand, models must
first identify whether the residue interacts with the ligand (Yes or No), and out-
put all atom pairs participating in the interaction: ARG NH2, 022; ARG N, 023.
For this proof-of-concept benchmark, we focus on hydrogen bonds as interactions
of interest, with detailed geometric configurations provided in the Appendix A.
The dataset includes 11,572 positive and 12,125 negative samples for SFT, and
1,499 positive and 1,603 negative samples for evaluation.

4.2 Composite Tasks

We further design five composite tasks that require models to understand and
reason on multiple microspace operations, the capability of which are commonly
required for human experts during molecular structural analysis.

Spatial Transformation Reasoning This category evaluates the ability of
the models to reason about sequential spatial transformations and generalize
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them across different molecular complexes. Denote two complexes as c¢; and
ca, and two spatial transformations as f; and fs. The models are given the
three orthographic projections of both ¢; and ¢y, along with the front view of
f2(f1(c1)), which is the result of applying f1 followed by f2 to ¢1. The task is to
identify the correct front view of fo(f1(c2)) among four candidate images, where
the other three are decoys. The decoys are constructed by exerting perturbation
on the ground-truth transformations through one of three schemes: 1) Altering
the magnitude (translation distance or rotation angle) of both f; and fa; 2)
Flipping the sign of f; (e.g., clockwise to counterclockwise) and adjusting the
magnitude of fa; 3) Changing the axis of f; and modifying the magnitude of fo.

Translation-Rotation Movement (Multiple-Choice) In this task, f1 is sampled
from translational operations and fs from rotational operations. For each com-
plex in the dataset, we pair it with another random complex and construct six
and three distinct transformation combinations for SF'T and testing, respectively,
yielding a total of 21,018 and 1,470 questions for SF'T and testing.

Rotation-Rotation Movement (Multiple-Choice) Both f; and fo are sampled
from rotational operations, constrained to different axes to prevent trivial corre-
lations. The scale matches the previous task, with 21,018 questions for SF'T and
1,470 for testing.

Local Relational Reasoning This category evaluates whether the models
are capable of interpreting fine-grained, domain-specific spatial relations within
molecular complexes, such as hydrogen bonds between atom pairs, and then
reasoning about how to manipulate the visualization to highlight specific inter-
actions.

Interaction Location (Multiple-Choice) The model is provided with six ortho-
graphic projections of a molecular complex, along with a specified atom pair
representing a hydrogen bond (e.g., ARG 45 NH2 A, 01B, denoting the interac-
tion between the NH2 atom of residue ARG45 on chain A and the 01B atom on the
ligand). The objective is to distinguish the correct transformation that reposi-
tions the corresponding interaction to the center of the visualization from three
other decoys. The decoy transformations are generated by perturbing the sign
and magnitude of the ground-truth translation parameters.

Global Relational Reasoning This series of tasks considers the overall spatial
relations of the entire complex instead of single localized ones, which is inherently
more difficult than previous tasks, as they test the ability of the models to reason
high-order combinations of spatial operations.

Ligand Docking (Cloze) This task emulates the molecular docking process to
evaluate whether the model can infer the complementary binding configuration
and corresponding geometric transformations. The model is provided with three



MiSI 9

orthographic views of the ligand alone, the pocket alone, and one undocked com-
plex view obtained by translating and rotating the ligand away from its pocket.
Rotation angles are uniformly sampled from [—90°,90°], while translation dis-
tances are adaptively determined for each complex to minimize spatial overlap
between the displaced ligand and pocket (Specific details can be found in Ap-
pendix A). The model must predict the sequence of transformations required
to recover the native docking conformation, such as roll y 45, move x -12.
Each complex generates six training samples (21,018 in total) and three test
samples (1,470 in total).

Pocket-Ligand Interaction (Cloze) This task extends the Residue-Ligand Inter-
action task to the entire binding pocket, requiring the model to reason about
global intermolecular contact patterns. Given six orthographic projections of the
full complex, the models are required to output all hydrogen-bond interactions
between the ligand and the pocket in a structured format like ARG 221 NH2 A,
022; ARG 221 N A, 023; ARG 221 NE A, 022. Each interaction is expressed
as a tuple specifying the residue type, residue index, interacting atom in the
residue, chain identity, and interacting atom in the ligand, with semicolons sep-
arating multiple entries.

5 Experiments

We first introduce the experimental setup in Sec. and then report the main
results of all compared models on our benchmark in Sec. Finally, we conduct
factor analysis and case study in Sec.

5.1 Setup

Benchmark Subsets Due to the expensive cost of closed-source models (espe-
cially reasoning models), we create MiSI-Bench(tiny) by randomly sampling 50
question-answer pairs from each task in our dataset. This tiny subset is then used
for affordable evaluation. This tiny subset will be used for evaluating the per-
formance of all closed-source models and open-source mixture-of-experts (MoE)
models, ensuring an intuitive and fair comparison. All models are evaluated un-
der few-shot settings to provide them with necessary scientific prior knowledge.

Metrics For Multiple-Choice Questions and Zooming task, we follow the conven-
tion to adopt Accuracy (ACC) as the main metric [201/55], which is calculated as
the proportion of answers exactly matching the ground truth. For Cloze Ques-
tions, where answers might involve continuous numerical values and multiple
entries, we employ a weighted composite score, as inspired by previous liter-
ature |18]|35], to reflect the degree of correctness beyond exact matching. For
tasks involving spatial transformations (i.e., move and roll), when the model
predicts the correct axis, we will further assign scores based on the predicted
values. Specifically, the score is determined by the normalized absolute error
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Table 1: Evaluation on MiSI-Bench. Bold indicates the best result among all models.
Since in the Trans-Rot. and Rot-Rot. tasks, the predictions of almost all models are
close to random guessing, we exclude these two rows when calculating the average

scores.
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Methods Rank Avg. Unit Task Composite Task

Reasoning Models ‘ ‘

Human Level ‘ - 81.18‘100.00 70.18 30.00 100.00 100.00 32.00 26.00 74.54 92.00 82.78

GPT-5-mini 9  27.71|47.71 30.55 4.00 29.33 34.00 28.00 22.44 27.24 47.82 1.01
O4-mini 8 28.55|39.71 36.36 2.08 12.67 76.00 40.00 20.00 31.51 30.00 0.00
03 3 33.65|52.29 43.82 2.00 18.67 94.00 22.00 22.44 20.69 36.00 1.71
Gemini-2.5-pro 6 29.94|50.15 38.88 0.00 28.67 52.00 30.61 21.62 30.38 38.00 1.44
Gemini-2.5-flash-lite 11 16.00|36.29 22.55 4.00 6.67 0.00 30.00 25.00 32.25 26.00 0.25
Claude Opus4 4 33.13|57.43 24.73 6.00 33.67 74.00 12.00 26.00 34.39 34.00 0.77
Claude Sonnet4.5 2 34.37|45.71 44.18 6.00 22.33 84.00 28.00 26.00 34.12 38.00 0.60

Qwen3-vl-235b-a22b-thinking| 10 23.34|46.36 25.21 6.00 17.03 25.00 20.40 22.00 29.32 38.00 0.00

General Models ‘
GPT-4.1 ‘ 7 2920‘29‘71 37.45 2.00 7.33 80.00 33.33 29.26 32.90 36.00 0.2

Claude Sonnet3.5 5 31.23‘47.14 37.11 10.00 27.50 70.00 18.00 32.00 27.52 28.00 2.55

Our Model
Qwen2.5VL-7TB-SFT

1 62.96‘99.84 99.71 27.14 63.46 89.52 88.44 89.59 57.79 88.37 10.72

between the predicted (d) and ground-truth (d) magnitudes (i.e., distances and
angles), |cZ — d|. For composite tasks involving multiple transformations, such as
Ligand Docking, each component operation (e.g., move and roll) contributes
equally to the total score, summing up to 1.0. In this task, since the axis for
the move operation is fixed to x, scores are assigned only when the sign of the
predicted (d) matches the sign of the ground-truth (d). For Residue-Ligand In-
teraction and Pocket—Ligand Interaction tasks, we compute the ratio of correctly
predicted interactions among all provided outputs. To penalize cheating behav-
iors where models output all the correct interactions along with hallucinations
of irrelevant ones, such cases are assigned with a score of 0.5. Furthermore, if the
number of hydrogen bonds in the model’s response exceeds twice the number in
the ground-truth, we consider the model to be attempting to score through ex-
haustive enumeration, in which case the model receives a score of 0. Furthermore,
we also provide the results for exact matching for Cloze Questions in Appendix

B.

Benchmark Models We comprehensively evaluate ten VLMs spanning four ma-
jor model families, including nine closed-source and one open-source represen-
tatives. From Open AI, we include GPT-5-mini (w/ mixed modes of reason-
ing) [39], o4-mini (w/ reasoning) [40], 03 (w/ reasoning) [40], and GPT-4.1 (w/o
reasoning) [38]. From Anthropic’s Claude series, we test Claude 4.5 Sonnet (w/
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Table 2: Ablation study on modality dependence and instruction robustness for micro-
scopic spatial intelligence tasks. For convenience, we denote all tasks in the MiSI-Bench
as T1-T9.

Tasks
T1 T2 T3 T4 TH T6 T7 T8 T9
Diff-template 99.7 996 29.4 769 89.2 878 539 874 10.2
Random image 33.5 16.1 5.0 0.0 260 274 139 252 0.0

Qwen2.5VL-7B-SFT 99.8 99.7 271 781 884 89.5 57.8 88.3 10.7

reasoning) |5], Claude 4 Opus (w/ reasoning) |4], and Claude 3.5 Sonnet (w/o
reasoning) [3]. From Google’s Gemini series, we include Gemini-2.5-pro (w/ rea-
soning) |15] and Gemini-2.5-flash-lite (w/ reasoning) [14]. For open-source mod-
els, our preliminary experiments show that most models below 32B parameters
achieve very low performance on MiSI-Bench. Therefore, we select the strong
Qwen3-v1-235b-a22b-thinking (w/ reasoning) [43] from larger open-source mod-
els as a representative baseline. Furthermore, we propose Qwen2.5VL-7TB-SFT,
which is finetuned on the training split of our benchmark to investigate how to
better trigger the Microscopic Spatial Intelligence in VLMs.

Human-Level Performance We estimate the performance of humans by re-
cruiting PhD candidates in biology to complete the questions for residue-ligand
interaction, ligand docking, and pocket-ligand interaction, which requires more
domain expertise than the other tasks. For the rest of tasks, we employ PhD
candidates in broader field of science, technology, engineering, and mathemat-
ics to propose answers. Each participant is required to answer questions in
MiSI-Bench(tiny) independently, whose responses are later assessed with the
same metrics as the models.

5.2 Main Results

Human Level Performance. The evaluation results are shown in Tab.[Il Hu-
man evaluators perform well in most unit tasks, demonstrating strong 3D spatial
modeling abilities and the potential to integrate biological knowledge with spa-
tial reasoning for basic interactive tasks. However, their performance decline
significantly in complex spatial reasoning tasks. They manage small-angle ro-
tations by tracking key atomic changes, while large-scale rotations—requiring
maintained spatial continuity and multi-atom tracking—increase cognitive load
and impaired axis and angle judgment. Zooming tasks prove even more challeng-
ing, as their judgments rely on overall intuition regarding boundary shifts and
atomic density changes, lacking clear reference points and resulting in greater
estimation errors.

In composite tasks, consecutive spatial operations (e.g., Trans-Rot., Rot-
Rot.) lead to error accumulation and frequent reference frame shifts, significantly
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degrading human performance. Such tasks impose high demands on working
memory and the stability of spatial mental simulation, forming a bottleneck in
human performance. In Docking task, performance is the poorest due to the need
for both sequential spatial transformations and biological knowledge to deter-
mine hydrogen bond formation and optimal docking positions. For Poc-Lig Inter.
task, the main challenge lies in integrating multiple 2D views to reconstruct the
3D conformation of occluded residues before identifying hydrogen bonds, making
it highly demanding. In contrast, Inter Location. task are simpler: they involve
no rotational operations—only distance perception—and provide hydrogen bond
information upfront, eliminating the need for specialized knowledge.

Advancing VLMs Performance. As evidenced by the results in the table,
all advanced models perform sub-optimally across tasks in MiSI-Bench(tiny).
Overall, the models exhibit better performance in distance-related tasks com-
pared to rotation-related ones. For instance, in tasks such as "Translation" versus
"Rotation", and "Interaction Location" versus "Rotation—Rotation Movement,"
the models consistently achieve higher scores in the former. This may stem
from the fact that most current VLMs are primarily trained on two-dimensional
data, making distance—as a two-dimensional attribute—more readily adapt-
able for the models. Furthermore, in the "Residue-Ligand Interaction—Pos" and
"Pocket—Ligand Interaction" tasks, the performance gap between the models and
human-level performance is most pronounced, highlighting their still-insufficient
knowledge reserves in specialized domains such as biology. In contrast, in the
"Residue-Ligand Interaction—Neg" task, most models perform relatively well,
likely because the greater spatial distance between residues and ligands in nega-
tive samples allow the models to make correct judgments based solely on spatial
proximity.

SFT Model Performance. Experimental results demonstrate that after
fine-tuning on the MiSI-Bench dataset, model performance improves signifi-
cantly, surpassing mainstream VLMs across all tasks and exceeding human-level
performance in complex spatial tasks such as Rotation. Notably, in the Rot—Rot.
task, where human performance approaches random guessing, the model main-
tains approximately 90% accuracy, indicating that advanced VLMs possess po-
tential for 3D spatial cognition. Previous underperformance of advancing VLMs
may have stemmed from domain adaptation barriers: although models have
generic spatial understanding, they lack visual priors for specialized structures
such as proteins, hindering knowledge transfer. Appropriate fine-tuning can es-
tablish cross-domain mappings and unlock their spatial reasoning capabilities.
However, in tasks such as Res/Poc-Lig Inter., which rely on domain-specific
knowledge, models still lag behind humans, suggesting that the absence of do-
main priors in foundational training remains a bottleneck. Future work should
focus on further exploring the spatial potential of models and investigating how
to effectively integrate explicit knowledge from scientific fields such as structural
biology.
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5.3 Analysis

Instruction Generalization and Robustness Analysis. To verify whether
the model genuinely comprehends the underlying microscopic spatial structures,
rather than merely relying on pattern matching from the fixed text templates
in the benchmark, we further evaluate its generalization capabilities when faced
with free-form and less-constrained instructions.

Specifically, we employ an advanced large language model (GPT-5.2) to com-
prehensively paraphrase the original instruction templates across all 9 tasks.
While strictly preserving the core semantics, the paraphrased instructions in-
troduce richer syntactic structures and diverse expressions, thereby constructing
an evaluation set that more closely resembles real-world interaction scenarios.

Subsequently, we re-evaluate our su-

gt T et s pervised fine-tuned (SFT) model on
these newly generated prompts. As
fu | shown in Row 1 of Tab. [2] the model’s
z [een ] performance on the paraphrased in-

et R ' structions remains highly consistent
e sl by i vl _ with the evaluation results under the

original templates (Row 3 of Tab. [2).
This negligible performance fluctuation
¢ provides compelling evidence that our

model does not achieve high scores by

memorizing or over-fitting specific tex-
Fig. 4: Factor Analysis of MiSI-Bench. tual shortcuts, but rather has developed
profound, highly generalizable micro-
scopic spatial intelligence and reasoning

40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56 57 58 59 60
Zooming Value

capabilities.

Ablation Study on Input Modalities and Language Priors. To ver-
ify whether the model over-relies on language priors (e.g., exploiting shortcuts
through the distribution of discrete values like rotation angles or translation
distances) rather than genuinely understanding microscopic visual content, we
conduct ablation studies on input modalities. Specifically, we investigate the
impact of “image-only” and “text-only” settings on model performance. 1) Infea-
sibility of the Image-only Setting: In our task formulation, entirely removing text
instructions is infeasible. This is because, in the evaluation of microscopic spatial
intelligence, many distinct tasks may share identical initial visual states. Without
text instructions to specify the exact task requirements, the model is fundamen-
tally unable to determine the required operation. Therefore, text instructions
are an indispensable prerequisite for defining task objectives. 2) Performance
Verification in the Text-only Setting: To isolate and evaluate the independent
contribution of text instructions, we design a “text-only” ablation study. In this
setting, we retain all original text instructions but replace the input molecular
images with random images. As shown in Row 2 of Tab. [2| when effective vi-
sual input is severed, the model’s performance suffers a catastrophic collapse,
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plummeting to near-random guessing levels, with some tasks even dropping to
Z€ero.

Robustness to View Selection and Depth Cues. To investigate the
model’s sensitivity to the choice and number of orthographic views, and to un-
derstand how additional depth cues affect performance, we conduct an ablation
study across different levels of task complexity in microscopic spatial intelligence.

For fundamental unit tasks, such as Rotation, reducing the visual input from
three orthogonal views to a single view resulted in only a marginal performance
drop (from 99.71 to 97.51). This indicates that for basic spatial operations,
the model possesses robust monocular depth perception, effectively inferring 3D
transformations from limited 2D cues without a heavy reliance on multi-view in-
puts.

Conversely, for composite tasks that
require comprehensive global struc-
tural analysis, such as Pocket-Ligand

Front View
Vo N ,m/- . \y A ‘é Interaction, severe occlusion presents
%*« > “* 4\, z '}z a significant challenge. In these com-
X . . .
N/ }Q:[] ) 2} plex scenarios, increasing the num-
) E - . .
:l;t{' ¥ 1w | ber of observation views from 6 to
I T ,J A ‘A 27 yielded a substantial performance
— improvement, raising the score from
First, Ill identify key structural landmarks to track the rotation: . . . 10.72 to 23.77. These ﬁndings demon-
Comparing Image I 1o Image 4: strate that while basic microscopic
** Top region™*: . .
- In mage 1: Residues 221 and 225 are ai the t0p spatial reasoning can be accurately
- In Image 4: These residues are still at the top but the overall arrangement . . .. .
looks slightly different achieved with minimal views, resolv-
** Bottom region**: ing intricate molecular interactions
In Image I: These are at the bottom . 3
- In Tmage 4: Residue 257 is still visible at the bottom benefits significantly from the supple-
The structure appears to have rotated around the **x-axis** (horizontal axis) :
The top part seems to have moved slightly backward (away from viewer) mentary depth cues a’nd the redU‘Ctlon
The bottom part seems to have moved slightly forward (toward viewer) in OCCluSiOH prOVided by a denser Set

of viewing angles.

Fig. 5: Case study of the Rotation task.
Factor Analysis. In this section,

we conduct a detailed analysis of the

suboptimal performance exhibited by
the SFT model on the Res-Lig Inter Pos. and Zooming tasks. Fig.[4[a) and (b)
present the prediction accuracy of the model across different statistical intervals
for these two tasks. As shown in Fig. (a), the prediction accuracy decreases
sharply as the number of hydrogen bonds increases, indicating that the model
struggles to identify all hydrogen bonds in scenarios with complex hydrogen-
bonding interactions. In Fig. (b), the prediction error rate curve exhibits an
initial increase followed by a decrease. We hypothesize that this pattern may
stem from the model’s failure to generalize uniformly across the entire scale
space. The observed peak likely corresponds to a visually critical scale in molec-
ular structures, where discriminative structural information is minimal, thereby
reducing the parsing efficiency of the model’s attention mechanism.
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Case Study. In this section, we examine Claude Sonnet 4.5, the top-performing
model among advancing VLMs, by analyzing its reasoning process in failure cases
from the Rotation task. As shown in Fig. [f] the model demonstrates a logi-
cally sound approach: it identifies conserved residues across structural changes
as anchors and infers the rotation axis and angle accordingly. However, in the
key region it localizes, although the model correctly detects spatial rearrange-
ments of residues 221 and 225, it misinterprets the change as "moved slightly
backward," leading to an incorrect conclusion. In fact, simply observing the po-
sitional shift of residue 221 would suggest a rotation around the y-axis. This case
indicates that advancing VLMs still lack adequate spatial reasoning capabilities
and require more effective mechanisms to elicit such skills.

6 Conclusion

In this work, we establish Microscopic Spatial Intelligence (MiSI) as a distinct
and critical challenge for Vision-Language Models (VLMs), extending beyond
macroscopic understanding to the atom-level reasoning essential for scientific dis-
covery. We propose a systematic benchmark framework dubbed as MiSI-Bench,
for evaluating various advanced VLMs for MiSI. The experiments reveals a sig-
nificant performance gap between state-of-the-art VLMs and human expertise.
Yet, the strong performance of a fine-tuned 7B model underscores the substantial
potential of VLMs to master complex spatial transformations, even surpassing
humans on complex spatial tasks such as rotation. Ultimately, achieving robust
MiSI will require not only scaling model architectures but also the explicit inte-
gration of scientific knowledge for real-world scientific applications.
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