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Abstract
Vision-Language Models (VLMs) have made significant
progress in static perception, but their ability to understand
dynamic task-oriented reasoning remains unclear. Existing
benchmarks mainly focus on static spatial relationships and
lack systematic assessment of dynamic reasoning capabili-
ties. To this end, we propose SpatialLogic-Bench, a novel
benchmark designed to evaluate VLMs’ understanding of
spatiotemporal logic and their ability to assess task progress.
The benchmark assesses two critical capabilities: first, fine-
grained visual discrimination to accurately perceive subtle
physical changes between state frames; second, the logical
capacity to connect these changes to task goals and judge
whether they indicate progress. To mitigate temporal depen-
dency biases, we introduce a dual-task paradigm, presenting
image pairs in both chronological and reversed orders while
keeping task descriptions consistent. We construct a multi-
scale evaluation system by varying time intervals between
frames: smaller intervals test the model’s fine-grained percep-
tion, while larger intervals demand more sophisticated logi-
cal inference. Empirical evaluation reveals that most VLMs
experience significant performance degradation on tasks pre-
sented in inverse chronological order, indicating an over-
reliance on temporal cues rather than robust reasoning abil-
ities. SpatialLogic-Bench clearly exposes critical limitations
in current models and provides valuable guidance for improv-
ing dynamic spatial perception capabilities.

1 Introduction
Vision-Language Models (VLMs) have made rapid progress
in anchoring language and vision in the physical world,
with advancements spanning from controllable video gen-
eration (Yang et al. 2025c) and sophisticated dialogue
systems (Cheng et al. 2025b) to novel prompting tech-
niques (Yan et al. 2025), becoming a crucial cornerstone of
spatial intelligence (Gan et al. 2022). However, the key to
advancing this field lies in establishing diverse, and chal-
lenging evaluation benchmarks to provide guidance.
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The evaluation of the spatial perception ability of VLMs
has revolved around various tasks, including judging the
relative positions between objects, estimating sizes or dis-
tances, reasoning about the consistency of scene from dif-
ferent perspectives, and locating specific objects in im-
ages (Mao et al. 2016). Although these tasks vary in form,
they essentially all directly examine spatial information it-
self. The core of these traditional evaluations lies in testing
whether the model can perceive the objective facts of spatial
relationships. This form of testing constitutes the entirety
of the conventional evaluation of a model’s dynamic spa-
tial cognitive ability (Fu et al. 2024a). However, traditional
evaluations have significant limitations. On the one hand,
the task design is relatively simple, and relevant indicators
can be easily improved by fine-tuning (Pfeiffer et al. 2020).
Moreover, the data relies on manual annotation, which is
often limited in scale (Krishna et al. 2017). More impor-
tantly, such evaluations, which only examine the recognition
of spatial information in isolation without associating spatial
states with task goals, fail to capture the intrinsic relation-
ship between tasks and the broader physical state space.

To address these limitations, we propose a new evaluation
method, SpatialLogic-Bench, which embeds the assessment
of spatial perception ability into dynamic task scenarios.
Figure 1 provides a conceptual overview of this benchmark.
Specifically, this evaluation method requires the model to
determine which of the two states, extracted from differ-
ent stages of a task video, is closer to completion. This
design goes beyond the level of “knowing spatial facts”
and forces the model to evaluate the relevance between the
spatial states and the endpoint of the task against the task
goal, thus comprehending “what the spatial state means for
the task”. This transformation deeply links spatial percep-
tion with the practical needs of task reasoning, which is
crucial for fields like VLM-empowered embodied intelli-
gence (Shridhar, Manuelli, and Fox 2023) and other com-
plex applications (Yang et al. 2024b; Fu et al. 2024b). In
real-world scenarios, the core value of spatial perception lies
in providing a basis for judging “how to act” (Savva et al.
2019). To enable this robust evaluation, our benchmark em-
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Figure 1: An overview of the benchmark’s core concepts, illustrating the progression from data foundation to the dual-task
paradigm for evaluating the spatiotemporal reasoning of VLMs.

ploys a multi-granularity sliding window strategy and a pi-
oneering Dual-Task Paradigm that challenges models with
both forward and inverse chronological sequences.

The main contributions can be summarized as follows.
• Novel Evaluation Task. We propose a novel evaluation

task, namely task-oriented spatiotemporal logical reason-
ing. This task elevates the assessment of spatial intelli-
gence from traditional tasks like static relation recogni-
tion and action classification to the far more challenging
level of causal logical judgment of task progression.

• Large-Scale Benchmark. We design and construct a
large-scale evaluation benchmark, SpatialLogic-Bench,
based on real-world data. This new benchmark employs
a multi-granularity sliding window sampling strategy,
enabling a hierarchical and in-depth assessment of the
model’s reasoning ability at different timescales.

• Dual-Task Paradigm. We pioneer a novel Dual-Task
Paradigm, where a carefully designed symmetric setting
of forward and inverse tasks achieves the effective decou-
pling and quantification of the model’s true logical rea-
soning ability from its dependence on temporal heuris-
tics, which provides a new comprehensive method for the
rigorous and evaluation of the robustness of VLMs.

2 Related Work
2.1 Benchmarks of Spatial Perception Ability
Spatial perception benchmarks have evolved from simple re-
lational understanding (e.g., CLEVR (Johnson et al. 2017))
to complex reasoning in realistic 2D (e.g., GQA (Hudson
and Manning 2019)) and 3D scenes (e.g., ScanNet (Dai et al.
2017), Matterport3D (Chang et al. 2017)). A crucial shift to-
wards dynamic interaction occurred with environments like
Habitat (Savva et al. 2019) and AI2-THOR (Kolve et al.
2017). However, despite their increasing complexity and re-
cent advances in multi-image reasoning (Yang et al. 2025a)

and robustness evaluation (Cheng et al. 2025a), these bench-
marks share a fundamental limitation: they primarily test the
recognition of spatial facts (e.g., “where is object A?”). They
fall short of evaluating task-oriented reasoning—whether a
model understands how a spatial change contributes to or
hinders a specific goal. SpatialLogic-Bench is designed to
fill this gap by shifting the focus from recognizing spatial
states to understanding dynamic, task-oriented causal logic.

2.2 Benchmarks for Logical Reasoning Ability
In parallel, benchmarks for logical reasoning have evolved
from multi-hop textual navigation (HotpotQA (Yang et al.
2018)) and discrete reasoning (DROP (Dua et al. 2019), Re-
Clor (Yu et al. 2020)) to structured challenges like mathe-
matical problem-solving (GSM8K (Cobbe et al. 2021)) and
abstract pattern generalization (ARC (Chollet 2019)). While
these benchmarks rigorously probe complex inference, they
operate in purely symbolic domains, detached from percep-
tual input. They fail to address the challenge of grounding
logical steps in noisy visual data—a central problem in mul-
timodal learning (Yang et al. 2024a, 2025b; Fu et al. 2025).
SpatialLogic-Bench addresses this gap by requiring models
to derive causal judgments from visual inputs, bridging the
divide between disembodied logic and spatial perception.

3 SpatialLogic-Bench
3.1 Overview of SpatialLogic-Bench
Our benchmark strategically moves beyond static spatial
evaluation by requiring models to reason about changes be-
tween two frames from a task video. To systematically con-
trol the difficulty and focus of this evaluation, we introduce
window size as a core mechanism, defined as the temporal
interval between the selected frames (Istart, Iend). This al-
lows us to create a graded assessment: smaller window sizes
present subtle physical differences to test fine-grained per-
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Figure 2: Representative examples from SpatialLogic-Bench across different window sizes (5 to 11). Each example shows an
image pair and the required analysis for determining which frame is closer to task completion.

Task Quantity

Packing in e-commerce 2,624
Iron clothes 2,563
Brush water bottle 2,052
Cook vegetables (oven) 1,920
Flatten shorts 1,804
Packing in supermarket 1,580
Pickup from supermarket 1,512
Wash dishes (dishwasher) 1,187
Hang clothes with hanger 1,082
Brew tea 958
Pack industrial items 944
Open fridge to get food 904
Insert book into bookshelf 816
Sort food 796
Sort clothes 740

Other Tasks (16 total) 6,768

Total 28,250

Table 1: Distribution of the top 15 tasks in SpatialLogic-
Bench, totally 28,250 instances. A full breakdown is in the
Supplementary Material (Section G).

ception, while larger ones omit more intermediate steps, de-
manding macroscopic understanding and logical inference.
This multi-scale evaluation is implemented across 28,250
image pairs from a diverse set of real-world tasks (Table 1),
with representative examples clearly shown in Figure 2.

3.2 Benchmark Construction Process
As clearly illustrated in Figure 3, the systematic construction
of SpatialLogic-Bench is carefully guided by core princi-
ples designed to ensure a rigorous and fair evaluation. These
principles permeate the entire process from data source se-

lection to the final construction of the task paradigm.

Data Source (Data Collection). To ensure ecological va-
lidity, our benchmark is exclusively built upon the compre-
hensive AgiBot-World dataset (Bu et al. 2025), which fea-
tures real-world robotic manipulations. Unlike benchmarks
that rely on static images or synthetic simulations, AgiBot-
World provides large-scale, diverse, and goal-directed video
sequences of physical tasks. This grounding in real-world,
continuous state evolution offers a solid foundation for eval-
uating the understanding of dynamic tasks. Crucially, it
serves as the prerequisite for assessing the higher-order spa-
tiotemporal reasoning that our benchmark targets.

Data Curation and Multi-Granularity Sampling. The
benchmark employs a data processing pipeline incorporat-
ing temporal downsampling and a sliding window mecha-
nism. First, a 10-fold temporal downsampling is uniformly
applied to all video streams. This downsampling serves a
dual purpose: it filters out high-frequency visual noise (e.g.,
camera jitters) while ensuring that consecutive frames ex-
hibit significant state changes, thereby forcing models be-
yond simple pattern matching. Subsequently, a sliding win-
dow mechanism traverses the downsampled sequence, ex-
tracting only the start and end frames from windows of vari-
ous preset sizes to form our core image pairs. This “process
omission” design is the key to the benchmark’s challenge,
as it requires the model to perform logical interpolation and
causal inference on the unobserved action sequences under
the constraints of the given task objectives. Systematically
adjusting the window size enables a multi-level evaluation,
ranging from fine-grained state identification (small win-
dows) to coarse-grained logical planning (large windows).

Dual-Task Paradigm and Question Formulation. To
fundamentally diagnose and eliminate the prevalent
“Chronological Bias” (Geirhos et al. 2020)—the tendency
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Figure 3: The construction pipeline of SpatialLogic Bench. The process starts from the AgiBot-World dataset, followed by
temporal subsampling and a sliding window mechanism to generate multi-granularity samples. Finally, the dual-task paradigm
is applied to mitigate chronological bias.

of models to assume the second frame in a sequence is closer
to completion—we introduce an innovative “Dual-Task
Paradigm.” The core mechanism is as follows: Forward
Task: The model receives an input tuple (Istart, Iend, x),
where Istart and Iend are the start and end frames, and x
is the task description. The ground truth is Iend. Inverse
Task: The image order is reversed to (Iend, Istart, x). The
ground truth remains Iend, compelling the model to reason
based on task logic rather than sequence order.

The key contribution of this design is to render the input’s
chronological order an unreliable heuristic. To succeed, a
model can no longer rely on the shallow heuristic of “se-
lecting the second image;” instead, it must genuinely reason
about the task by integrating its understanding of the goal
with the visual evidence from both states. This paradigm
thus forces a shift from superficial sequence-based pattern
recognition to genuine, task-driven logical reasoning.

4 Experiment
4.1 Evaluation Setup
Evaluated Models. We evaluate a wide range of VLMs,
covering closed-source, open-source 2D, and 3D percep-
tion models. The evaluated models include major propri-
etary systems such as GPT-4o (OpenAI 2024) and Gemini-
2.5-Pro (Team et al. 2024); leading open-source 2D models
like DeepSeek-VL2 (Lu et al. 2024) and LLaVA-OneVision-
7B (Li et al. 2024); and 3D-aware models including 3D-
LLaVA (Deng et al. 2025) and Video-3D LLM (Zheng,
Huang, and Wang 2025). A complete list of evaluated mod-
els is provided in the Supplementary Material (Section D).
Evaluation Windows. Our rigorous evaluation employs
eight distinct window size categories to systematically vary
the temporal interval between input frames. These categories
include discrete intervals from 5 to 11, and a final category
for all intervals of 12 frames or greater. For each specific
category, all models are evaluated on both the forward and
inverse tasks as clearly defined in our Dual-Task Paradigm.

Implementation Details. For each specific image pair, mod-
els are explicitly prompted to determine which frame is
closer to task completion, with the output constrained to a
single numerical value to focus on the core judgment. Per-
formance is then measured by accuracy (%), calculated by
comparing the model’s output to the ground-truth answer.

4.2 Main Results
Our results reveal a trend: model performance is positively
correlated with window size (Table 2). Tasks with larger
window size, which present obvious state differences, pri-
marily assess logical reasoning about overall task progress,
and models generally perform well in this setting. Con-
versely, tasks with small window size demand meticu-
lous discrimination of subtle changes to test fine-grained
spatial perception. In this challenging scenario, even top-
performing models struggle, highlighting a limitation across
all evaluated models in their ability to capture and reason
about subtle state changes in continuous task flows.

Our benchmark reveals a significant performance gap
between proprietary and open-source models, with lead-
ing closed-source models like Gemini-2.5-Pro and GPT-
4o performing exceptionally well. Notably, Gemini-2.5-Pro
achieves a perfect 100% accuracy on tasks with the largest
window size (≥12), a stark contrast to the generally weaker
performance of their open-source counterparts. Even top-tier
open-source models like DeepSeek-VL2 and Video3D LLM
lag significantly behind, highlighting the considerable chal-
lenge for the open-source community to bridge this gap.

Furthermore, we also identify significant bottlenecks in
perceptual capabilities. Among open-source models, 2D-
based architectures consistently outperform their 3D coun-
terparts, suggesting that current 3D models struggle to effec-
tively integrate spatial information for high-level semantic
reasoning tasks. This challenge in fine-grained perception is
not isolated to 3D models; it represents a widespread issue,
as evidenced by the degraded performance of all models on
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Model WinSize
@5 @6 @7 @8 @9 @10 @11 @≥12

Human Perception 97.3 97.3 98.2 99.1 99.1 100.0 100.0 100.0
Closed-Source Models
GPT-o4mini 70.0 70.3 72.8 67.7 60.0 67.5 67.7 70.3
GPT-o4mini-high 70.5 72.7 71.8 72.3 75.5 77.3 78.1 78.6
GPT-4o 71.1 71.7 76.7 77.8 79.2 79.2 79.2 79.2
GPT-o3 67.2 61.4 59.6 61.6 59.6 64.0 62.0 66.6
Gemini-2.5-Pro 71.3 75.0 72.8 75.0 77.2 80.9 89.7 100.0
Doubao-1.5-pro 64.0 76.0 56.0 46.0 56.9 86.0 90.0 96.0
Seed1.6 66.2 66.8 70.6 73.3 83.2 82.9 86.8 98.3

Open-Source Models (2D Perception)
NVILA-8B 46.5 52.0 46.0 56.1 50.0 50.0 47.5 55.0
Paligemma 43.8 45.1 44.2 45.7 42.3 43.6 42.5 46.1
Qwen2.5-VL-3B 51.3 54.2 57.1 58.8 54.5 59.6 59.6 66.7
Qwen2.5-VL-7B 53.1 55.4 55.0 57.3 55.2 56.1 56.0 56.5
InternVL-8B 47.7 50.6 49.4 47.9 47.1 48.7 48.9 51.0
DeepSeek-VL2 64.4 66.9 65.2 67.8 67.0 69.1 77.4 81.0
LLaVA-OneVision-7B 54.8 55.4 53.5 49.8 52.1 50.6 52.7 50.4

Open-Source Models (3D Perception)
3D-LLM 27.0 28.0 30.5 30.3 33.9 32.5 36.8 37.7
LL3DA 36.0 33.9 32.9 34.5 36.9 33.3 39.6 36.0
Chat-Scene 30.8 32.5 40.7 49.0 41.6 45.3 43.3 51.0
3D-LLaVA 43.2 46.1 46.4 47.9 49.6 48.8 48.0 47.9
Video-3D LLM 50.0 50.2 50.7 51.1 49.4 50.4 51.1 49.3

Table 2: Main results on the SpatialLogic-Bench. The results highlight the performance gap between closed-source and open-
source models, as well as the general trend of higher accuracy with larger window sizes. The columns labeled with @ represent
different window sizes (WinSize). Best results per column are in bold, and best results within each group are underlined.

small-window tasks. This universal difficulty in integrating
subtle visual cues for accurate judgment highlights a funda-
mental inadequacy affecting nearly all current VLMs.

In summary, our findings highlight several critical areas
for future VLM development: improving fine-grained visual
discrimination, bridging the performance gap between open-
source and proprietary models, and enhancing the synergy
between 3D perception and high-level logical reasoning.

4.3 Analysis of Chronological Bias
As illustrated in Figure 4, the performance gap between
forward and inverse tasks reveals significant differences in
temporal reasoning robustness across models. A few mod-
els, notably Gemini-2.5-Pro and 3D-LLaVA, demonstrate
remarkable balance. Gemini-2.5-Pro achieves a forward ac-
curacy of 82.7% and an inverse accuracy of 77.7%, while
3D-LLaVA shows a forward accuracy of 45.8% and an in-
verse accuracy of 49.0%. Although their absolute accuracies
differ, this balance implies a more robust temporal under-
standing that is independent of the reasoning direction.

However, the vast majority of models, such as GPT-4o,
GPT-o4mini (OpenAI 2024), and Qwen2.5-VL (Bai et al.
2023), exhibit a clear “sequence bias,” where their accu-
racy on forward tasks is considerably higher than on in-
verse tasks. For instance, GPT-4o’s forward accuracy is

99.8%, while its inverse accuracy plummets to only 53.7%.
This steep decline suggests a heavy reliance on temporal
heuristics learned from conventional “front-to-back” train-
ing data. This issue is particularly acute in models like
Paligemma (Google 2024) and InternVL-8B (Chen et al.
2024), whose inverse-task accuracies fall to 4.0% and 15.0%
respectively—far below random chance—implying funda-
mental flaws in their logical reasoning abilities.

Notably, a few models exhibit an “inverse advantage”,
where their inverse accuracy far exceeds forward accuracy.
This rare and intriguing phenomenon is further analyzed in
detail in the Supplementary Material (Section A.5).

In summary, balanced performance across forward and in-
verse sequences is a crucial indicator of a model’s advanced
temporal reasoning capabilities. Currently, few models ex-
hibit this robustness, as most remain heavily biased towards
conventional “forward” logic. This finding highlights a clear
direction for future optimization: training models on more
diverse and non-chronological sequences is crucial for en-
hancing their generalization and robustness (Liu et al. 2021).

4.4 VLM Hallucination
Beyond chronological bias, we also observe instances of
“hallucination” (Ji et al. 2023), where models generate ac-
tion descriptions that directly contradict the visual evidence.
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Figure 5: Failure cases illustrating hallucination, highlight-
ing limitations in fine-grained visual understanding.

As illustrated in Figure 5, this failure is particularly preva-
lent in our challenging inverse tasks, where the conflict be-
tween a model’s internal priors and the visual input can trig-
ger such flawed reasoning; we discuss this mechanism in de-
tail in the Supplementary Material (Section A.4). Ultimately,
these cases demonstrate that even advanced VLMs suffer
from fundamental limitations in fine-grained visual under-
standing that result in inaccurate perceptions rather than vi-
sual facts, a critical failure of visual grounding.

4.5 Conditional Reasoning
To further diagnose the root cause of model failures, we de-
signed an ablation study to decouple logical reasoning from
spatial perception. In this experiment, we provided models
not only with the image pair and task description but also
with an explicit textual analysis of the key state changes (i.e.,
the ground-truth chain of thought). This intervention is de-
signed to effectively isolate the models’ core logical reason-
ing capabilities from any perceptual ambiguities.

The results, presented in Table 3, reveal a stark diver-
gence in failure modes. For leading closed-source models
like GPT-4o, performance on the challenging inverse task
improves dramatically. This suggests their primary limita-
tion is a conquerable perceptual bottleneck; once visual am-
biguity is removed, their logical engines perform robustly.

In stark contrast, many open-source models, such as
Paligemma and InternVL-8B, fail catastrophically even with
clear textual guidance. This demonstrates that their failure is
not merely perceptual but stems from a fundamental deficit
in logical processing. This reveals there is no single root
cause for failure: some models struggle to see, while others
struggle to reason. A detailed methodology and full results
are available in the Supplementary Material (Section C).

5 Future Work
The limitations identified in our study motivate our pri-
mary future work: developing a novel training paradigm cen-
tered on a new Chain-of-Thought (CoT) (Wei et al. 2022)
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Model Analysis as Prompt Analysis Excluded
Forward Inverse Avg. Forward Inverse Avg.

Closed-Source Models
GPT-o4mini 99.5 98.6 99.04 100.0 40.5 70.3
GPT-o4mini-high 98.2 96.2 97.1 100.0 57.2 78.6
GPT-4o 97.6 95.2 96.4 100.0 58.3 79.2
GPT-o3 - - - 100.0 33.3 66.6
Gemini-2.5-Pro 100.0 98.0 99.0 100.0 100.0 100.0
Doubao-1.5-pro 96.8 93.3 95.1 92.0 100.0 96.0
Seed1.6 98.6 96.7 97.7 100.0 96.5 98.3

Open-Source Models (2D Perception)
NVILA-8B 47.6 85.4 66.5 46.4 63.6 55.0
Paligemma 89.8 12.2 51.0 83.8 8.3 46.1
Qwen2.5VL-7B 85.7 27.0 56.3 85.4 20.1 52.8
InternVL-8B 92.3 21.5 56.9 86.2 15.8 51.0
DeepSeek-VL2 84.7 20.6 52.7 93.1 69.0 81.1
LLaVA-OneVision-7B 84.7 32.5 58.62 80.0 20.8 50.4

Open-Source Models (3D Perception)
3D-LLM 36.2 36.0 36.1 39.7 35.8 37.8
LL3DA 46.0 26.3 36.1 45.8 26.2 36.0
Chat-Scene - - - 58.1 43.9 51.0
3D-LLaVA 47.4 65.1 56.2 47.3 48.5 47.9
Video-3D LLM 40.2 78.5 59.4 31.1 67.4 49.3

Table 3: Ablation study results comparing performance with and without the ground-truth analysis provided in the prompt.
“Analysis as Prompt” refers to the new condition, while “Analysis Excluded” corresponds to the main results. All results are on
the WinSize≥12 setting. Best results within each group are underlined, and best overall results per column are in bold.

dataset. To construct this dataset efficiently, we will lever-
age our extensive video resources, expanding them quadrat-
ically by combining different sliding window sizes. We will
then compare captioning methods to generate high-quality,
structured reasoning steps for each training instance. This
approach provides both a scalable and low-cost pathway to
creating a large-scale CoT dataset that is specifically de-
signed to enhance robust spatiotemporal reasoning.

This CoT-based training simulates the model’s interaction
with the world, functioning similarly to an offline reinforce-
ment learning strategy (Levine et al. 2020) with dense re-
wards. By training on a pre-collected dataset of state com-
parisons, the model will learn to evaluate state quality and
infer logical action sequences without needing real-time in-
teraction. The ultimate goal is to systematically integrate the
model’s spatial perception and logical reasoning capabili-
ties. The target model trained under this paradigm will be
guided to first generate a potential action stream or thought
process. It will then learn to critically evaluate the logical
coherence of these steps before committing to a final de-
cision. We anticipate this paradigm will not only enhance
robustness and decision-making accuracy but also equip the
model to generate structured reasoning to overcome hallu-
cinations. This represents a crucial step towards developing
agents that not only act correctly but can also explain why
their actions are logical, a hallmark of true intelligence.

6 Conclusion

We have presented SpatialLogic-Bench, a large-scale bench-
mark designed to evaluate the crucial, yet largely under-
tested, ability of Vision-Language Models to reason about
task-oriented spatiotemporal logic, moving beyond the
simple recognition of static spatial facts. Leveraging a
multi-scale evaluation system and an innovative dual-task
paradigm on 28,250 real-world image pairs, we revealed
a striking “performance cliff”—a catastrophic drop in ac-
curacy on inverse-chronological tasks that contradicts the
near-perfect scores often seen on forward tasks. This core
finding provides compelling evidence that even state-of-
the-art models heavily rely on superficial temporal heuris-
tics rather than performing genuine causal reasoning about
task progress. Furthermore, our analysis also exposed a uni-
versal struggle with fine-grained visual discrimination and,
more profoundly, a fundamental deficit in logical process-
ing itself—a weakness that better vision alone cannot solve.
By systematically isolating and quantifying these distinct
failure modes, SpatialLogic-Bench provides the community
with a vital diagnostic tool that exposes the brittleness of
current models. It charts a clear and actionable path forward:
developing VLMs that can overcome these identified short-
comings to achieve the robust, grounded reasoning truly re-
quired for embodied intelligence in the physical world.
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