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Abstract. Recent Vision-Language-Action (VLA) models report im-
pressive success rates on robotic benchmarks, but whether these scores
reflect genuine embodied reasoning remains questionable. To address
this gap, we introduce BeTTER, a diagnostic Benchmark for Testing
True Embodied Reasoning. By applying targeted causal interventions
(e.g., spatial layout shifts and temporal extrapolation) under strict kine-
matic isolation, BeTTER decouples high-level cognitive failures from
low-level execution errors. Systematic evaluations reveal that state-of-
the-art VLAs break down under these interventions, exhibiting lexical-
kinematic shortcuts, semantic feature collapse, behavioral inertia, and
causal state-tracking failures. Our analysis traces these failures to two
coupled sources: real-time deployment constraints, such as capacity com-
pression and myopic perception, which weaken semantic representations,
and behavioral cloning, which can amplify predictive but non-causal cor-
relations into shortcut policies under static training distributions. We
further show that highly static evaluations mask these defects by per-
mitting overfitting to sensorimotor priors. Real-world robotic validation
confirms that these failures are not simulation artifacts, highlighting the
need for future VLA paradigms to preserve semantic and causal reason-
ing while maintaining efficient continuous control. Code and benchmark:
https://github.com/BeingBeyond/BeTTER.
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1 Introduction

Over the past few years, the field has shifted its focus from visual understand-
ing of human activities [5, 39, 41] to enabling robots to mimic and general-
ize human behaviors. Recent advances in Vision-Language-Action (VLA) mod-
els [2, 13, 22, 26] have demonstrated impressive performance on robotic manipu-
lation benchmarks, hinting at the emergence of general-purpose embodied rea-
soning. Concurrently, embodied QA-oriented VLMs achieve strong results on
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Fig. 1: Unmasking the illusion of embodied reasoning. (Left) The Illusion:
State-of-the-art VLA models achieve impressive success rates on standard, visually
static manipulation benchmarks, projecting an illusion of robust semantic grounding
and planning. (Middle) The Intervention: We introduce systematic cognitive stress
tests to break this illusion by applying controlled interventions such as spatial layout
shift. (Right) The Reality: Model performance collapses catastrophically, exposing
state tracking failure and feature collapse.

reasoning tasks [12, 15]. Together, these successes suggest physical intelligence
may be closer than anticipated.

However, such progress can be misleading. While supervision signals in em-
bodied QA benchmarks [28, 31] improve reasoning metrics, they often fail to
yield corresponding downstream action gains [36]. This disconnect suggests that
existing action evaluations may reward behavioral competence without validat-
ing the underlying reasoning process. As illustrated in Fig. 1, this discrepancy
creates an illusion of embodied reasoning : policies appear competent in stable
settings, yet may rely on shortcut correlations rather than grounded, causal,
and compositional task understanding. Recent robustness-oriented benchmarks,
such as LIBERO-Plus [9] and LIBERO-PRO [43], take important steps toward
evaluating policies under distribution shifts. However, their reliance on fixed sim-
ulation assets limits the ability to systematically vary task semantics, interaction
structures, and underlying task logic. As VLAs become increasingly proficient at
dense action generation, behavioral competence becomes easier to imitate, while
the reasoning behind the behavior remains opaque.

To address this gap, we introduce BeTTER, a diagnostic Benchmark for
Testing True Embodied Reasoning in robotic policies. BeTTER constructs con-
trolled task variations along multiple reasoning axes, including spatial layout
shift, primitive recomposition, adversarial object perturbation, and temporal
extrapolation, logging privileged states to enable interpretable failure analysis.

Across our diagnostic stress tests, state-of-the-art VLAs exhibit clear brit-
tleness despite near-saturated baseline performance [20]. They consistently fail
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under reasoning interventions, manifesting as recurring modes including lexical-
kinematic shortcuts, semantic feature collapse, behavioral inertia, and causal
state-tracking failures. We trace these limitations to two coupled sources. First,
real-time deployment constraints, such as capacity compression and myopic per-
ceptual inputs, weaken the semantic representations needed for grounding and
planning. Second, the behavioral cloning objective provides no direct pressure to
recover causal task structure; when non-causal correlations are predictive under
static training distributions, BC can reinforce them as shortcut policies. Con-
sequently, policies may overfit to sensorimotor regularities rather than develop
robust grounded, causal, and compositional reasoning. This resolves the paradox
between high benchmark scores and poor generalization. Crucially, real-world
stress tests confirm that these failures persist in physical control, showing that
they are not simulation artifacts.
Summary of Contributions: (1) BeTTER Benchmark: We introduce a
template-driven, extensible diagnostic benchmark that generates controlled task
variations to evaluate embodied reasoning while minimizing low-level execution
confounders. (2) Mechanistic Diagnosis: We reveal that current VLAs fail
through shortcut-driven modes, such as lexical-kinematic shortcuts, semantic
feature collapse, behavioral inertia, and causal state-tracking failures, and trace
them to the coupled effects of deployment constraints and behavioral cloning. (3)
Real-World Validation: We conduct physical robot stress tests showing that
these reasoning failures persist beyond simulation, confirming that the illusion
of embodied reasoning remains present in real-world continuous control.

2 Related Work

Vision-Language-Action Models. Early VLAs [3, 16, 44] formulate robotic
control as autoregressive next-token prediction, enabling high-level reasoning but
limiting inference speed. To support high-frequency reactive control, recent archi-
tectures [2,40] replace autoregressive action tokenization with efficient MLP [21]
or diffusion/flow-matching heads [19], often with substantially reduced model ca-
pacity. However, such compression risks eroding semantic priors inherited from
vision-language models [1, 18, 38]. Although recent approaches [10, 13] incorpo-
rate dense spatial grounding and VQA data [15,34] to mitigate this degradation,
preserving genuine reasoning under action imitation remains an open challenge.
Robot Manipulation Benchmarks. Early benchmarks such as RLBench [14],
CALVIN [24], and LIBERO [20] established foundational protocols for motor
proficiency, language-conditioned control, and semantic generalization. However,
as VLAs increasingly benefit from large-scale pre-training and robot data [4,27],
these benchmarks can become saturated: stronger initialization allows policies
to fit benchmark demonstrations more effectively, especially when evaluation
environments exhibit limited variation. As a result, high success rates may re-
flect adaptation to stable visual layouts and action patterns rather than genuine
embodied reasoning. Recent benchmarks further probe generalization through
sim-to-real transfer, environment diversity, task difficulty, or controlled pertur-



4 H. Xu et al.

bations [11, 17, 25, 30, 35, 37]. Notably, LIBERO-Plus [9] and LIBERO-Pro [43]
expose VLA fragility under structural and visual shifts. Yet many robustness-
oriented protocols still rely on fixed task assets or surface-level variations, mak-
ing it difficult to disentangle perceptual confounders from high-level cognitive
failures.

This work introduces BeTTER, shifting the focus from perceptual robustness
to genuine embodied reasoning. Rather than applying surface-level perturba-
tions, our framework systematically manipulates underlying task semantics and
causal logic, enabling the precise isolation of cognitive deficits from low-level
execution errors.

3 BeTTER: A Diagnostic Benchmark for True Embodied
Reasoning

To address the limitations of static evaluation protocols, we introduce BeT-
TER, a diagnostic benchmark for testing true embodied reasoning in robotic
policies. Rather than measuring only whether a policy completes a task under
familiar conditions, BeTTER constructs controlled task variations that manip-
ulate task semantics, spatial relations, object identity, and temporal structure.
These interventions are designed to expose whether a policy grounds its actions
in the current scene and task logic, or instead relies on shortcut correlations
learned from demonstrations.

A key design goal of BeTTER is to support such interventions without being
restricted to a small set of fixed simulation assets. To this end, BeTTER combines
modular task templates, open-vocabulary 3D asset integration, and controlled
variation synthesis to generate semantically meaningful diagnostic scenarios. In
addition, the benchmark records privileged physical states during execution,
enabling fine-grained behavioral analysis beyond binary success rates. In our
instantiation, BeTTER contains 10 base manipulation tasks spanning diverse
physical constraints, from loose containment to precision insertion, and expands
them into 60 diagnostic variations along our intervention axes. The following
sections describe the benchmark construction pipeline and the associated data
collection and logging procedure.

3.1 Asset Curation and Modular Task Design

To overcome the limitations of fixed simulation assets, BeTTER supports dy-
namic construction of interactive environments. Tasks are specified through a
modular, template-based design, which enables scalable generation of seman-
tically meaningful scenarios while preserving physical feasibility. The pipeline
consists of three components.

1) Template-driven Task Generation. We first define high-level task
templates that capture common interaction structures, such as manipulation,
placement, containment, and sequential assembly. A VLM is then used to in-
stantiate these templates into concrete task specifications with realistic objects,
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goals, and physical constraints. This design allows BeTTER to generate diverse
tasks while maintaining coherent task logic.

2) Open-vocabulary Environment Construction. Given the object de-
scriptions from task instantiation, BeTTER retrieves compatible 3D assets from
large-scale repositories such as Objaverse [7]. The retrieved assets are normal-
ized for simulation compatibility, including object centering and collision-bound
adjustment. For contact-rich tasks where precise geometry is critical, we apply
lightweight human verification to refine object placement and physical compat-
ibility.

3) Controlled Diagnostic Variations. After a base scenario is instan-
tiated, BeTTER synthesizes diagnostic variations through controlled perturba-
tions of spatial layout, object identity, task composition, and temporal struc-
ture. These variations are designed to preserve physical validity while selectively
changing the reasoning requirements of the task, enabling systematic evaluation
of whether policies rely on grounded task understanding or shortcut correlations.

3.2 Data Collection and Privileged State Logging

To support scalable evaluation across diagnostic variations, BeTTER combines
efficient trajectory generation with dense privileged state logging. This design
provides executable demonstrations for policy training and detailed state infor-
mation for analyzing failure modes beyond binary success rates.

1) Trajectory Amplification. For each base task, we collect a small set of
canonical human demonstrations via teleoperation. Instead of manually record-
ing demonstrations for every variation, we expand the data through procedural
amplification methods such as MimicGen [23], which retarget demonstrations
to new object poses, layouts, and instances. This enables efficient generation of
diverse and physically valid manipulation trajectories with limited human effort.

2) Privileged State Logging and VQA Generation. During execution,
the simulator records synchronized privileged states at each timestep, including
depth maps, 2D/3D bounding boxes, and object segmentation masks. These sig-
nals allow us to inspect whether failures arise from incorrect object grounding,
spatial mislocalization, or task-progress confusion. We further use the logged
states to construct task-oriented VQA annotations and scene descriptions, com-
plementing action trajectories with structured multimodal annotations. Repre-
sentative examples and implementation details are provided in the Supplemen-
tary Material.

4 Unmasking the Illusion of Embodied Reasoning

Embodied reasoning, as claimed by recent VLAs [6,29], can obtain improvement
through pre-training evidenced by high success rates on standard downstream
manipulation tasks. However, it remains unclear for existing evaluation protocols
to distinguish whether this apparent proficiency stems from true reasoning or
the mere exploitation of shortcut behaviors memorized from training data. To
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address this, we conduct a diagnostic study using our BeTTER benchmark, with
the goal to identify the reasoning weakness overlooked in prior VLAs.

We evaluate three representative VLAs: π0.5 [13], GR00T-N1.6 [26], and
Being-H0.5 [22]. To systematically probe their reasoning limitations, we intro-
duce four categories of targeted semantic and physical interventions at test time:
1) Spatial Layout Shift. We rearrange object positions or alter their spa-
tial relationships with nearby distractors, testing the model’s ability to adapt
to out-of-distribution configurations. 2) Primitive Recomposition. We as-
sess compositional generalization by recombining learned action primitives, e.g.,
evaluating B → C after training on A → B and A → C. 3) Adversarial Ob-
ject Perturbation. We replace targets or distractors with visually similar but
semantically distinct objects, examining whether models rely on true semantic
grounding rather than superficial visual cues. 4) Temporal Extrapolation.
We extend task horizons by chaining subgoals or introducing repeated actions,
evaluating the model’s ability to maintain consistent state tracking and gener-
alize across longer time horizons. To preserve physical and logical validity, all
perturbations are applied based on the specific semantics of each task. Below,
we present key findings that expose fundamental limitations of current VLAs in
embodied reasoning.

Prepare coffee with blue mug

Prepare coffee with red mug

Semantic Instructions

Prepare coffee with top mug

Prepare coffee with bottom mug

Spatial Instructions

Layout 2: Red@top, Blue@bottomLayout 1: Blue@top, Red@bottom

: Train Variations : Trajectory Pattern Given Instruction: Eval Variations

✗

✗✓

✓

lexical-kinematic shortcut

visual-layout bias

Fig. 2: Shortcut learning in instruction following. We recombine spatial
(top/bottom) and semantic (red/blue) instructions under counterfactual layouts.
Dashed lines denote observed trajectory patterns. The diagonal cases expose two short-
cuts: lexical-kinematic mapping from language tokens to motion primitives, and visual-
layout bias toward salient spatial positions.

Finding 1: Apparent Instruction Understanding without True Ground-
ing. Recent VLAs demonstrate strong instruction-following on benchmarks [24].
However, such benchmarks often use simple instructions and do not fully con-
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Table 1: Apparent instruction understanding. We report target-selection success
under recombined layout–instruction pairings. Polarized performance relative to the
50% random baseline indicates shortcut-based instruction following rather than visual–
semantic grounding.

Model Spatial (L1) Semantic (L2)
top bottom red blue

Random Guess 50.0% 50.0% 50.0% 50.0%

π0.5 65.0% 50.0% 70.0% 35.0%
GR00T-N1.6 100.0% 100.0% 5.0% 5.0%
Being-H0.5 100.0% 30.0% 95.0% 45.0%

trol cross-modal confounders, making it unclear whether policies ground lan-
guage in visual semantics or exploit spurious language–action correlations. To
test this, we design Preparing Morning Coffee (Figure 2), where spatial rela-
tions (top/bottom) and semantic attributes (red/blue) are systematically recom-
bined into novel instruction–scene pairings. All objects, layouts, and motor prim-
itives are observed during training, ensuring that failures arise from instruction
grounding rather than motion unfamiliarity.

As shown in Table 1, model accuracies deviate from random guessing, in-
dicating that policies do respond to instructions. Yet the strong polarization
across variations reveals shortcut learning rather than reliable visual–semantic
grounding. GR00T-N1.6 succeeds perfectly on spatial instructions but fails al-
most entirely on semantic ones, exhibiting a lexical-kinematic shortcut that maps
tokens such as “red” directly to a learned motion primitive without visual verifica-
tion. Being-H0.5 instead shows a pronounced visual-layout bias, often defaulting
to the upper object even when the instruction specifies otherwise. π0.5 is less
polarized but frequently stalls near counterfactual cases, suggesting conflicts
between learned language-conditioned motions and visual evidence. Together,
these results show that apparent instruction following can emerge without true
grounding between language, vision, and action.
Finding 2: Failure of Subgoal Composition Generalization. To evalu-
ate whether models can flexibly decompose and recombine learned behaviors,
we design the Packing Fast Food Order task (Figure 3, Top). During training,
models observe sequences such as A → B (pack burger, then fries) and A → C
(pack burger, then drink). At test time, they must execute the unseen compo-
sition B → C (pack fries, then drink), which cannot be solved by replaying a
previously seen trajectory.

As shown in Table 2, performance drops sharply on the unseen composition,
revealing a systematic failure we term behavioral inertia. Because all training
sequences begin with packing the burger (A), models acquire a strong bias to-
ward this initial primitive. When instructed to execute B → C, the policy often
maps the initial visual state to the most frequent first action, ignoring the com-
positional structure of the instruction. This shows that the illusion of embodied
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Packing a fries and a drink

Eval Variations

Packing a burger, a fries and a 
drink

Packing a burger and a fries Packing a burger and a drink

Train Variations

Packing a burger, a fries and a 
drink

Packing a burger, a fries and a 
drink

Composition 
Reasoning

State Tracking

Fig. 3: Reasoning breakdowns in sequential planning. In Packing Fast Food
Order, we expose two failure modes. Top: models trained on A → B and A → C fail
to execute the novel composition B → C, instead defaulting to the frequent starting
primitive A. Bottom: models use the visual cue “one burger remaining” as a proxy
for task progress, causing them to skip the first step when the episode starts from this
state.

reasoning extends beyond spatial grounding to temporal planning and subgoal
composition.

Table 2: Subgoal composition generalization. Models perform substantially worse
on the unseen composition B → C than on seen sequences, indicating reliance on
memorized trajectory patterns rather than compositional reasoning.

Model Seen Novel
∆ SR

A → B A → C B → C

π0.5 60.0 45.0 5.0 -47.5
GR00T-N1.6 75.0 40.0 15.0 -42.5
Being-H0.5 65.0 40.0 0.0 -52.5

Finding 3: Failure of Causal State Tracking. A robust reasoning agent
must maintain an accurate internal representation of task progress. However,
imitation-based policies often rely on superficial visual cues as proxies for causal
state tracking. To expose this limitation, we introduce a targeted variation in
the same Packing Fast Food Order task (Figure 3, Bottom).

During training, all episodes begin with two burgers, and the operator con-
sistently packs one first. As a result, the visual state ‘one burger remaining”
becomes spuriously associated with the next subgoal, ‘pack the fries.” At eval-
uation time, we initialize the scene with only one burger while keeping the in-
struction unchanged. Instead of packing the burger first, models skip this step
and directly attempt to pack the fries. This reveals a form of causal confusion:
policies infer task progress from non-causal visual patterns rather than tracking
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Fig. 4: Fine-grained semantic grounding under adversarial distractors. (a)
Instance-level substitutions, such as replacing a red apple with a red block, expose
semantic feature collapse toward superficial attributes. (b) In cluttered scenes, policies
must distinguish valid targets from functional distractors without relying on spatial
priors. (c) Distractor Grasp Rate (DGR) quantifies invalid grasps under novel layouts,
revealing a “blind grasping” heuristic toward salient objects.

which subgoals have actually been completed. Consequently, they may halluci-
nate task advancement despite having access to the correct instruction and valid
motor primitives.

Finding 4: Failure of Fine-Grained Semantic Grounding. A truly gener-
alizable policy must distinguish objects that share superficial visual attributes,
such as color or shape, but differ in identity or affordance. However, current
embodied policies often exhibit semantic feature collapse, relying on low-level
visual salience rather than robust object grounding.

We first examine this failure at the instance level. In the Packing a Fruit
Lunch task, the target ‘red apple” is replaced with a visually similar ‘red block”
at the same location (Figure 4a). Policies frequently execute invalid grasps on
the distractor, indicating that spatial memorization and superficial color match-
ing can override object identity. Notably, π0.5 rejects the distractor in 85% of
trials, suggesting partial semantic discrimination in simple, uncluttered settings.
However, this robustness does not extend to more complex scenes. In the Tidy-
ing Office Desk task, policies must distinguish valid targets, such as crumpled
napkins or cans, from functional distractors, such as computer mice or intact
mugs (Figure 4b).

To isolate semantic grounding from spatial priors, we evaluate only novel lay-
outs. We quantify failures using the Distractor Grasp Rate (DGR), defined
as the proportion of grasp attempts directed at invalid objects, excluding null
or aborted actions. As shown in Figure 4c, all models exhibit substantial DGRs
under unseen layouts. While such errors may appear moderate in classification,
they are catastrophic in physical deployment, e.g., discarding a functional com-
puter mouse instead of a crumpled napkin. These results show that, under clutter
and without reliable spatial priors, current policies fail to maintain fine-grained
semantic grounding and instead revert to a “blind grasping” heuristic, interacting
with salient objects regardless of task intent.
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5 Root Causes of Embodied Reasoning Degradation

The diagnostic findings above reveal a pervasive “illusion of embodied reasoning”:
under targeted causal interventions, state-of-the-art VLAs do not merely suffer
from occasional execution errors, but systematically regress to lexical-kinematic
shortcuts, spatial heuristics, behavioral inertia, and causal state-tracking fail-
ures. These failures expose a central paradox. Modern VLAs are often initialized
from powerful vision-language models with strong semantic and reasoning pri-
ors, yet such high-level capabilities become fragile once the model is adapted for
continuous physical control.

We argue that this degradation arises from two coupled sources. First, the
architectural constraints required for real-time deployment—including capacity
compression and low-resolution perception—weaken the visual-semantic repre-
sentations needed for grounding and planning. Second, the behavioral cloning
objective provides no direct pressure to recover causal structure: when strong
non-causal correlations exist in the training distribution, imitation learning can
reinforce them as shortcut policies. Thus, architectural bottlenecks make reason-
ing brittle, while the BC paradigm turns this brittleness into systematic failures.

In the following sections, we first examine how VLM-to-VLA deployment
constraints degrade the representational substrate for embodied reasoning. We
then show why such degraded policies can still achieve saturated performance
on standard static benchmarks, and how this benchmark paradox is explained
by shortcut optimization under behavioral cloning.

5.1 Architectural Bottlenecks in VLA Deployment

We first examine how the representational substrate for embodied reasoning is
weakened during the VLM-to-VLA transition. To separate such architectural
effects from continuous-control failures, we evaluate intermediate model configu-
rations on static embodied reasoning benchmarks, including spatial understand-
ing [8], fine-grained grounding [42], and sequential planning [28]. As summa-
rized in Table 3, VLA deployment introduces a cascade of compromises: scaling
down model capacity weakens both grounding and planning, mixed VLM–VLA
co-training partially restores spatial grounding but does not recover planning,
and enforcing a single low-resolution observation severely erases the recovered
grounding ability.

The ablation reveals three effects. First, capacity compression imposes a
strong upper bound on reasoning: reducing the InternVL-3.5 backbone from 8B
to 2B substantially degrades both semantic grounding (RefSp. 27.50 → 6.00) and
sequential planning (EgoPlan 40.80 → 33.38). Second, VLM–VLA co-training
partially restores spatial grounding (RefSp. 6.00 → 29.50), suggesting that multi-
modal data can help preserve perceptual semantics under compression. However,
this improvement does not transfer to sequential planning, whose score slightly
decreases from 33.38 to 31.95. This asymmetry suggests that the compressed
model can recover local perceptual alignment more easily than causal-relational
reasoning.
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Table 3: Reasoning degradation under VLA deployment constraints. We re-
port aggregate scores on embodied spatial understanding (EmbSp. [8]), fine-grained
reference grounding (RefSp. [42]), and sequential planning (EgoPlan [28]). Capacity
compression and low-resolution perception weaken the semantic representations re-
quired for embodied reasoning, even before continuous action generation is introduced.

Model / Configuration EmbSp. RefSp. EgoPlan

Reference VLMs
Gemini-2.5-Pro 78.74 38.16 42.85
Mimo-Embodied [12] (7B) 76.24 48.00 43.00
RoboBrain-2.0 [32] (32B) 78.57 54.00 57.23

Ablating VLA Constraints on InternVL-3.5 [33]
8B Base 74.96 27.50 40.80
4B Base 72.08 23.00 36.83
2B Base 60.19 6.00 33.38
2B + VLM + VLA Data 57.47 29.50 31.95
2B + VLM + VLA Data (Single 224px) 52.42 7.50 31.95

Finally, real-time control introduces a myopic perceptual constraint. While
modern VLMs typically process high-resolution observations through multiple
image patches, VLAs often rely on a single low-resolution input to satisfy control-
frequency requirements. When we enforce this single-224× 224 setting, the pre-
viously recovered grounding ability collapses again (RefSp. 29.50 → 7.50). This
result links the semantic collapse observed in Section 4 to a concrete architec-
tural bottleneck: fine-grained object semantics become fragile when high-level
perception is compressed into a low-latency control interface.

5.2 Shortcut Amplification in Static Benchmarks

The architectural bottlenecks above explain why the semantic substrate for em-
bodied reasoning becomes fragile. However, they do not fully explain why de-
graded policies can still achieve near-perfect success on standard robot bench-
marks. We argue that this benchmark paradox arises from the interaction be-
tween behavioral cloning and limited distributional variation. Under BC, any
cue that reliably predicts demonstrated actions can be reinforced, even if it is
not causally related to the task—for example, fixed object locations, repeated
subgoal orders, or proprioceptive progress signals. When standard evaluation
environments preserve these same correlations, the resulting shortcut policies
remain effective under the benchmark distribution while leaving causal reason-
ing untested.

Table 4 illustrates this effect. On LIBERO [20], all pre-training recipes sat-
urate around 97% success, including the no-pre-training baseline. This does not
imply that all representations are equally strong; rather, the benchmark distri-
bution is sufficiently static that policies can succeed through memorized tra-
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Table 4: Static benchmarks mask shortcut learning. All recipe variants achieve
saturated performance on in-distribution LIBERO, where static layouts allow policies
to exploit memorized sensorimotor patterns. In contrast, CALVIN ABC→D introduces
out-of-distribution environmental shifts that weaken such shortcuts. The improvement
from VLA-only pre-training to VLA+VLM pre-training is therefore more visible in
CALVIN than in LIBERO, suggesting that preserved multimodal semantics matter
most when memorized trajectories no longer suffice.

Configuration LIBERO CALVIN ABC→D Avg. Len.
Avg. 1 2 3 4 5 ↑

Reference Models
GR00T-N1.6 [26] 97.0 96.3 91.4 85.3 79.7 71.7 4.24
Being-H0.5 [22] 98.9 93.4 87.0 82.0 77.7 73.7 4.14

Pre-training Recipe Ablations
No Pre-training 97.4 89.9 80.1 71.8 66.4 58.7 3.67
VLA (OXE) 96.3 93.1 84.6 76.2 69.4 62.7 3.86
VLA + VLM 97.2 93.5 85.9 81.0 77.1 71.1 4.09

jectories and local sensorimotor regularities. Under such conditions, standard
success rates cannot distinguish semantic grounding from shortcut imitation.

The contrast becomes clearer on CALVIN ABC→D [24], where environmen-
tal shifts invalidate many layout-specific heuristics. Here, VLA-only pre-training
improves over no pre-training, but VLA+VLM pre-training further increases the
average completed task length from 3.86 to 4.09. This gap is modest on saturated
in-distribution evaluation, but becomes meaningful under out-of-distribution
shifts, where policies must rely more on visual semantics to adapt their actions.

This comparison clarifies the role of behavioral cloning in the illusion of rea-
soning. BC does not explicitly optimize for causal state tracking, compositional
planning, or counterfactual grounding; it rewards any representation that pre-
dicts demonstrated actions. When semantic representations are weakened by ar-
chitectural bottlenecks, the optimization process can instead favor easier predic-
tive cues, such as spatial priors, frequent first actions, or spurious phase signals.
These cues are highly effective in static benchmarks, but they are precisely the
failure points exposed by BeTTER’s causal interventions. Thus, high benchmark
success should not be interpreted as evidence of embodied reasoning unless the
evaluation actively breaks the shortcut correlations available during imitation.

6 Real-World Experiments

The simulation diagnostics (Section 4) and mechanistic analysis (Section 5) re-
veal substantial reasoning failures in state-of-the-art VLAs. We next ask whether
these failures persist in physical deployment, rather than arising from simulation
artifacts. To this end, we conduct targeted stress tests on the SO101 robotic plat-
form. The results show that the illusion of embodied reasoning remains present
in real-world continuous control.
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(a) Train: Canonical
Short-horizon

Layout 1
Blue tablecloth
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Short-horizon
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(c) Train: Canonical
Long-horizon

Layout 1
Green tablecloth
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Fig. 5: Real-world evaluation protocol. We fine-tune the policy on four canonical
configurations spanning two task horizons (short vs. long) and two spatial layouts. At
test time, we apply targeted causal interventions, such as partial target absence or
pre-placed objects, while keeping the required motions within known reachable con-
figurations. This setup isolates reasoning failures from low-level execution errors in
physical deployment.

6.1 Experimental Setup

As shown in Figure 5, the workspace contains a fruit basket, two target fruits
(a lemon and a mangosteen), and two distractors. We construct four canoni-
cal training configurations by varying task horizon and spatial layout: a short-
horizon instruction, ‘Put the lemon into the fruit basket,” and a long-horizon
instruction, ‘Put all the fruits into the fruit basket,” each under two layouts.
Using π0.5 [13], we collect 100 teleoperated trajectories (25 demonstrations per
configuration) and fine-tune the policy for 10,000 steps.

Preliminary trials show that the policy can execute the canonical demonstra-
tions but is highly sensitive to object placement, often reverting to memorized
grasp locations when targets are moved. To avoid conflating such failures with
unreachable motions, all subsequent diagnostics enforce kinematic isolation: tar-
gets are placed within configurations covered by the learned motor primitives.
Thus, failures under our causal interventions can be attributed to higher-level
breakdowns such as poor semantic grounding, state tracking, or sequential rea-
soning, rather than to low-level execution constraints.

6.2 The Illusion of Competence in Short-Horizon Diagnostics

We first evaluate the policy with short-horizon instructions, such as “Put the
lemon into the fruit basket.” Under kinematic isolation, the policy appears com-
petent in standard configurations: it grasps the target when the lemon is present
and stops when the lemon is already in the basket (Table 5). This confirms that
the policy has acquired the necessary physical primitives for the canonical task.

However, such success does not imply genuine embodied reasoning. Short-
horizon tasks can be solved by reactive heuristics, such as mapping a salient
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Table 5: Short-horizon diagnostics. For “Put the lemon into the fruit basket,” the
policy succeeds when the target is present or already completed, but behaves ambigu-
ously when the target is absent. This shows that short-horizon success can be achieved
through reactive heuristics and is therefore an unreliable proxy for embodied reasoning.

Target Distractor

On Table In Basket Absent

On Table Success
Grasp target

Success
Grasp target

Success
Grasp target

In Basket Correct Freeze
Recognizes done

Correct Freeze
Recognizes done

Correct Freeze
Recognizes done

Absent Ambiguous
Grasps distractor

Ambiguous
Freeze / air grasp

Ambiguous
Air grasp

Table 6: Long-horizon diagnostics. For “Put all the fruits into the fruit basket,”
partial-absence and pre-placement interventions expose sequential reasoning failures.
Red cells denote shortcut-driven failures; the gray cell violates the task premise.

Lemon (T1) Mangosteen (T2)

On Table In Basket Absent

On Table Success
Packs L → M

Success
Packs L → End

Inertia
Packs L → air grasp

In Basket Phase Conflict I
Freeze / skip

Success
Recognizes done

Phase Conflict II
Oscillate / air grasp

Absent Success
Skips L, packs M

Correct Freeze
Recognizes done

Ambiguous
Air grasp

lemon-like visual cue to a grasp action or using basket occupancy as a termina-
tion signal. When the target is absent, the policy may grasp distractors, freeze,
or perform an air grasp, revealing that its behavior is not grounded in a robust
semantic understanding of task validity. Yet these target-absent cases also par-
tially violate the task premise, making them insufficient as standalone evidence
of reasoning failure. Thus, short-horizon diagnostics mainly expose why phys-
ical evaluations can look successful: they verify execution competence, but do
not require causal state tracking or sequential planning. We therefore turn to
long-horizon interventions, where reactive shortcuts are no longer sufficient.

6.3 Deconstructing Cognitive Breakdowns in Long-Horizon Tasks

We next evaluate the long-horizon instruction “Put all the fruits into the fruit
basket,” where the policy must track task progress across multiple subgoals. As
shown in Table 6, targeted causal interventions disrupt the expected execution
chain and expose failures that are hidden in short-horizon tasks.
Behavioral inertia. When the lemon is present but the mangosteen is absent,
the policy first packs the lemon correctly, but then performs an air grasp at
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the expected location of the missing mangosteen. This indicates that complet-
ing the first subgoal triggers a memorized next-step prior, rather than a visual
verification of whether the next target actually exists.
Phase conflict. When the lemon is pre-placed in the basket, the visual obser-
vation corresponds to an intermediate task state, while the robot starts from
the initial physical pose. This mismatch leads to freezing, skipped actions, or
oscillatory motions depending on the state of the second target. In both cases,
the policy fails to causally track task progress from the current scene and instead
relies on rigid temporal assumptions learned from demonstrations.

Together, these physical stress tests show that the failures revealed by BeT-
TER are not simulation artifacts. Even when low-level motions are reachable,
the policy breaks down under causal interventions that require semantic ver-
ification and sequential state tracking. This provides real-world evidence that
current VLA policies can exhibit strong execution competence while lacking ro-
bust embodied reasoning.

7 Conclusion

In this work, we unmask the “illusion of embodied reasoning” in state-of-the-
art VLAs through BeTTER, a diagnostic benchmark that isolates high-level
cognitive breakdowns from low-level execution failures. Across controlled causal
interventions, we show that strong benchmark performance often hides shortcut-
driven behavior: current VLAs exhibit semantic feature collapse, behavioral iner-
tia, and causal state-tracking failures once familiar correlations are broken. Our
analysis traces these failures to two coupled sources. Architectural constraints
required for real-time control, such as capacity compression and myopic percep-
tual downsampling, weaken the semantic representations needed for grounding
and planning. Meanwhile, behavioral cloning can amplify non-causal correlations
into reliable action shortcuts under static training distributions, without requir-
ing the policy to learn causal task structure. This explains why standard bench-
marks can appear saturated while out-of-distribution evaluations and BeTTER
interventions reveal severe brittleness. Finally, real-world stress tests confirm
that these reasoning failures persist in physical deployment rather than arising
from simulation artifacts. Together, our findings provide a diagnostic lens for
distinguishing genuine embodied reasoning from superficial behavioral compe-
tence, and highlight the need for future VLA paradigms to preserve semantic
and causal state representations while maintaining efficient continuous control.
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