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Abstract. Effective Human-Robot Collaboration (HRC) requires robots
to accurately infer human intents under partial observations. However,
existing benchmarks mostly rely on idealized views, overlooking the spa-
tiotemporal incompleteness such as low-angle truncation and dynamic
occlusions inherent in real-world quadruped robot perception. Further-
more, current evaluations lack diagnostic transparency, failing to distin-
guish whether Vision-Language Models (VLMs) perform reliable com-
pensatory reasoning or merely hallucinate based on statistical biases
when visual features are degraded. To bridge these dual gaps, we in-
troduce CoT-HRC, a large-scale benchmark built in Habitat 3.0 that
couples simulated robot-centric views with explicit hierarchical Chain-
of-Thought (CoT) annotations. We propose a diagnostic protocol featur-
ing the Step-wise Consistency Assessment (SCAr) to penalize spurious
accuracy by enforcing intermediate logical consistency, and the Condi-
tional Reasoning Accuracy (CRA) to explicitly decouple models’ un-
derlying reasoning capabilities from visual perception failures. Exten-
sive experiments across state-of-the-art VLMs reveal that while current
models inherently possess strong physical commonsense, their reason-
ing chains are severely disrupted by the dynamic geometric constraints
of egocentric views. Our fine-grained ablations further highlight criti-
cal bottlenecks in temporal aggregation and the compensatory role of
semantic priors, establishing CoT-HRC as a vital stepping stone for ro-
bust embodied intent inference.The full benchmark is publicly available
at https://github. com/Thus-cx/CoT-HRC.

Keywords: Human Intent Inference - HRC - Robot Egocentric View -
VLM

1 Introduction

Embodied Al is shifting from isolated physical interaction toward complex social
collaboration. Safe and efficient Human-Robot Collaboration (HRC) requires
robots to infer intents under partial observability [36]. Recently, Vision-Language
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Models (VLMs) have emerged as a crucial pathway for such embodied reasoning
tasks [25].

However, transitioning to real-world deployment reveals two significant gaps.
First is the visual perception gap. In decentralized HRC, robots interleave
task execution with brief observations to infer intents. While current evaluations
assume unobstructed views [7,/12], real-world quadruped robots face low-angle,
highly dynamic egocentric perspectives. This causes severe spatiotemporal in-
completeness such as torso occlusions and target truncation [1], breaking tradi-
tional fine-grained perception paradigms [34].

Second is the semantic reasoning gap. Current benchmarks predominantly
use end-to-end black-box schemes. Given fragmented visuals, VLMs easily hallu-
cinate via language priors [10] or exploit statistical biases [22]. Lacking interme-
diate reasoning chains, these benchmarks lack diagnostic transparency, obscuring
the true mechanisms behind model successes or failures [13].

To bridge these gaps, we propose CoT-HRC, a large-scale benchmark for
human intent inference from constrained robot perspectives. Unlike datasets
assuming ideal observations, we integrate realistic egocentric views with explicit
logical attribution. This transparency provides a novel platform to investigate
VLM abductive reasoning under incomplete spatiotemporal information.

Regarding implementation, we simulate the low-angle, occluded views of
quadruped robots in Habitat to construct a partial observability dataset. Con-
currently, we leverage privileged simulator data to automatically generate hier-
archical CoT annotations, progressing from spatial anchoring to the final intent.
For diagnostic evaluation, we replace opaque end-to-end testing with a Step-by-
Step Reasoning QA protocol. By introducing metrics like Reasoning Consistency
(SCAR) and Conditional Reasoning Accuracy (CRA), we penalize spurious sta-
tistical biases, effectively decoupling visual perception failures from cognitive
reasoning deficiencies.

The main contributions of this paper are summarized as follows:

(1) Dataset Construction: We build a large-scale HRC dataset in Habi-
tat 3.0 that explicitly simulates the low-angle view and dynamic spatiotemporal
incompleteness inherent to quadruped robots, addressing the realistic visual per-
ception gap.

(2) Benchmark & Metrics: We introduce a step-by-step reasoning QA
protocol based on hierarchical CoT annotations. We propose the Reasoning Con-
sistency (SCAR) and Conditional Reasoning Accuracy (CRA) to quantitatively
decouple visual perception failures from logical reasoning capabilities.

(3) Experimental Insights: Extensive evaluations reveal that while VLMs
possess strong physical commonsense, their performance severely degrades under
egocentric views primarily due to visual truncation rather than reasoning deficits.
Ablations further highlight critical bottlenecks in temporal aggregation and the
importance of semantic priors.
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2 Related Work

Visual Human Intent Inference. Current methods generally fall into two
paradigms. Bottom-up approaches focus on fine-grained visual features, such as
poses, interaction bounding boxes, or contact points [8,/14,18,|30]. Top-down
approaches leverage the commonsense priors of LLMs/VLMs for semantic-level
abductive reasoning over long-horizon trajectories [3,(15}[24L27,39]. However,
both fail under the highly dynamic, low-angle egocentric views of real-world
robots. Bottom-up methods degrade sharply without clear hand-object bound-
aries |130], while top-down VLMs are prone to visual hallucinations or exploiting
statistical biases when foundational visual cues are occluded [13,27].

Benchmarks for Embodied AI. While traditional datasets like Charades
[33] and ActivityNet [4] lack interactive embodied perspectives, simulation plat-
forms |11}171[29//31,/32] have spurred embodied benchmarks like BEHAVIOR-1K.
Multi-view datasets like LEMMA [16] and Ego-Ex04D [12| capture collaboration
but rely on ideal, unobstructed human-worn cameras. Although HARPER [1]
and PARTNR [5] introduce quadruped perspectives or multi-agent planning,
they lack the diagnostic intermediate reasoning labels required to evaluate VLM
cognitive consistency under partial observability.

VLMs in Embodied AI. Recent VLMs [2,21,23,[37] and embodied mod-
els |9,28] show immense potential by aligning visual features with LLM semantic
spaces. However, their strong performance heavily relies on idealized pre-training
data such as HowTol00M [26] featuring clear targets. When confronted with the
dynamic occlusions of robot-centric views, these models frequently fabricate vi-
sual elements rather than performing rigorous reasoning [13}/15,22]. CoT-HRC
addresses this by enforcing a reasoning constraint chain to strictly evaluate log-
ical consistency and strip away false accuracy.

3 Problem Formulation

In the aforementioned long-horizon collaborative task scenarios, robots and hu-
mans typically execute their respective sub-tasks asynchronously. The robot does
not observe the human continuously throughout; instead, after its own task com-
pletes, it intermittently observes the human to determine the next action. As-
suming the human executes sub-task £, the execution time of this task on the
timeline is [ts¢art, tend)- The moment the robot begins observation is defined as
tops. Due to asynchronous collaboration, the placement of ¢, is random. As-
suming the visual input obtained by the robot is an Observation Window with
a duration of At(0 < At < teng — tops), denoted as W = [tobs, tops + At]. Since
the duration of W is usually less than the execution time of the sub-task, the
robot sometimes misses the initial state or key interaction frames of the human’s
actions, which presents sparse partial observability.

To accurately evaluate the capabilities of VLMs in realistic HRC, this sec-
tion first formalizes the task hierarchy in collaborative scenarios, the practical
observation constraints of robots, and the process of step-by-step human intent
inference.
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Fig. 1: Overview of the CoT-HRC benchmark dataset pipeline. (A) Multi-view data
capture comparing ideal top-down and third-person views with the highly constrained
robot egocentric view (Ego). (B) The underlying state engine in Habitat 3.0 used
to extract objective, privileged physical ground truth during sub-task execution. (C)
Our automated annotation framework, generating explicit hierarchical CoT labels and
quantitative difficulty levels based on dynamic physical constraints.

3.1 Hierarchical Task and Intent Modeling

In complex HRC scenarios, tasks usually exhibit long-sequence characteristics.
We define the overall collaborative goal as the global collaborative task G. G
typically consists of a sub-task sequence S = s, s9,...,8,. A sub-task s;(i =
1,2,...,n) serves as an independent behavioral unit constituting the global collab-
orative task. We generally model sub-tasks as state-change or location-transfer
processes. State changes involve variations in state values, such as cleanliness
(is_clean) or fullness (is_ filled). Location transfers generally encompass the
Search/Collect-Transit-Drop_ off/Use steps. For example, “storing the apple in
the refrigerator” constitutes a complete sub-task. In the context of this paper,
human intent Z strictly refers to the sub-task the human is currently executing.
The core objective of the robot’s inference of human intent is to deduce the
currently executing sub-task s; based on the observation video. Each sub-task
consists of an underlying atomic action sequence A = ay,ao, ..., a,,, where the
atomic action a;(i = 1,2,...,m) represents low-level physical actions like navi-
gate, pick up and so on.

3.2 Modeling Robot Egocentric Observation

Unlike traditional video understanding tasks that possess complete and clear
third-person or first-person perspectives, realistic quadruped robots face both
temporal and spatial observation constraints.
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Local Observation in the Temporal Dimension. In the aforementioned
long-horizon HRC scenarios, humans and robots usually execute their respective
sub-tasks asynchronously. The robot’s behavior abstracts into two alternating
phases: the Execution Phase and the Observation Phase. The robot does not
continuously observe the human. Instead, after finishing its own task, it inter-
mittently observes the human to decide its next action. Suppose the human
executes sub-task sy, and the task’s execution interval on the timeline is [tssqr,
tend]- The robot begins observing at time ¢, with an observation duration of
At, resulting in the robot’s observation video clip W being [tops, tops + At]. Due
to the uncertainty of the observation start time ¢,,5 and the observation duration
At, the video clip W often misses the initial state or key frames of the human’s
action.

Local Observation in the Spatial Dimension. The realistic robot ego-
centric view of quadruped robots features a significant low-angle view, and the
robot’s turning actions when tracking and observing the human also suffer from
delays or spatial restrictions. Therefore, when the robot observes from a close
distance or turns slowly, the human torso, furniture, and other elements create
severe dynamic physical occlusion, causing critical interaction actions or objects
to disappear in WW. More severely, the Humanoid completely moves out of the
frame in certain frames.

3.3 Modeling Step-by-Step Intent Inference

Under the aforementioned Observation Window W with incomplete spatiotem-
poral information, traditional end-to-end intent inference models f(W)—Z easily
fail. To evaluate whether the model reasons based on actual observations, we in-
troduce hierarchical CoT as an evaluation method and diagnostic probe. Under
this evaluation setup, given a restricted observation W, the tested model must
output the following intermediate reasoning chain states to verify the consistency
of its reasoning process: 1) Spatial Region Recognition Sj,.: The final region
where the human stops; 2) Held Object Status Recognition Sop;: Whether the
human holds an object; 3) Target Furniture Speculation Sy,,: The furniture the
human most likely interacts with; 4) Furniture’s Affordance S,¢s: The semantic
attributes of that furniture; 5) Final Intent Z: The final abductive reasoning
combining the aforementioned cues.

By introducing the aforementioned hierarchical CoT, we provide a formal
foundation for designing quantitative evaluation metrics later.

4 The CoT-HRC Benchmark

We introduce CoT-HRC, a large-scale embodied collaboration dataset designed
to bridge the visual perception gap and the semantic reasoning gap. To ensure
the physical authenticity of the data and the rigorous logic of the tasks, we build
a controllable procedural generation pipeline based on the Habitat 3.0 simulation
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platform [29]. Unlike previous datasets that only focus on third-person perspec-
tives or single action labels, CoT-HRC uniquely integrates realistic quadruped
robot perception characteristics and procedural CoT reasoning. By simulating
the low-angle view and dynamic noise of robots in realistic HRC, we recreate
the perception challenges of the realistic robot egocentric view and utilize the
simulator’s underlying information to generate explicit logical attribution paths,
providing a reliable benchmark to evaluate models’ reasoning abilities under
partial observability.

4.1 Simulation Environment and Task Scenarios

Simulation Platform We choose Habitat 3.0 [29] as the underlying simulation
platform. Compared to other simulators and earlier versions of Habitat [31],
Habitat 3.0 [29] features Humanoids with realistic kinematic properties, enabling
us to generate realistic continuous human action streams, such as walking and
turning, rather than simple rigid-body displacements. For scenes, we utilize high-
fidelity indoor scene assets to ensure the complexity and authenticity of the visual
background.

Task Scenario Setup. To simulate realistic daily HRC, we adopt the Rear-
range task from the PARTNR [27] framework. Given that complex long-horizon
activities inherently decompose into sequential state-changes and object trans-
fers, Rearrange serves as a fundamental atomic primitive for evaluating embodied
collaboration. This setup features two independent agents: a Humanoid and a
Spot robot. To mirror decentralized collaboration, both agents execute sub-tasks
in parallel without real-time state synchronization. Consequently, Spot’s behav-
ior alternates between an Execution Phase and an Observation Phase. After
completing its own sub-task, the robot switches to observation, autonomously
searching for and tracking the human. Through these brief visual observations,
Spot attempts to infer the human’s current intent to plan its next action. The
videos in our dataset are collected exclusively during this Observation Phase.

4.2 Multi-View Configuration

We synchronously sample task execution videos from three perspectives as shown
in Fig. the Spot egocentric view (Vyopot), the tracking third-person view
(Vthird), and the global top-down view (Vgoq). Specifically, Vinirq uses the Hu-
manoid’s third_rgb_ sensor to perfectly observe human-object interactions. Mean-
while, Vgoq utilizes a 15m-high overhead camera to capture room layouts and
agent trajectories.

As the core of CoT-HRC, V, 40 authentically replicates a quadruped robot’s
spatial constraints. We utilize Spot’s 0.4m-high jaw camera, which naturally
shakes during movement. To enrich the diversity of perceptual perspectives, we
also introduce alternative robot configurations at sensor heights of 1.5 meters and
0.8 meters, which further substantiates the intrinsic necessity and challenging na-
ture of our primary low-angle viewpoint, as elaborated alongside comprehensive
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Fig. 2: Visual examples of the CoT-HRC benchmark across diverse simu-
lated indoor environments. For each task scenario, we synchronously capture video
streams from three perspectives: the constrained 0.4m robot egocentric view (Top row),
the unobstructed third-person tracking view (Middle row), and the global top-down
view (Bottom row). Compared to the ideal perspectives, the egocentric view inherently
suffers from severe field-of-view truncation and dynamic torso occlusions, highlighting
the realistic perception challenges.

experimental evaluations in Appendix [J] Furthermore, we replace perfect hard-
coded tracking with a dynamic algorithm featuring delays, Field-of-View (FoV)
truncation, and close-proximity blockages. This objectively reproduces the jitter
and spatial offsets inherent to realistic egocentric perception.

To simulate temporal incompleteness, we extract Observation Windows W
from the full sub-task video. A sub-task spans four timestamps: start g, pick-up
t1, target arrival to, and completion t3. These define the Search [to,t1], Transit
[t1,t2], and Drop off/Use [t2,ts] phases.

This benchmark primarily focuses on the occlusion-prone Transit phase. We
design two Observation Window strategies: 1) Accumulative Window: To
evaluate reasoning as information progressively increases, we fix the start point
at t; and truncate the video using a proportion p. The window is defined as:
Weaee(p) = [t1,t1 + p - L], where L = t3 — ¢;. In this benchmark, we extract
slices for p € {0.3,0.6,0.9}. 2) Fixed-length Phase Window: To analyze
intent exposure across different action stages while keeping observation duration
constant, we maintain a window length of [ = 0.3L and slide it along the timeline
to extract four key phases: Pre-transit (spanning the picking action context,
Wyre = [max(to,t1 — 0.15 - L), max(to,t1 — 0.15 - L) + 0.3L]); Mid-transit 1
(first half of the transit phase, Win;a1 = [t1+0.30- L, ¢ +0.60- L]); Mid-transit
2 (second half of the transit phase before substantive interaction, Wyig2 =
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[t1 +0.60 - L,t; +0.90 - L]); and Post-transit (adjoining the final interaction
execution, Wpost = [t3 — 0.30 - L, t3]).

4.3 Difficulty Quantification and Mapping

Beyond intent ground truth, evaluating visual models requires clarifying the
physical observation difficulty of current video frames. This benchmark quanti-
tatively models partial observability based on the relative positional relationship
between the robot and the human in three-dimensional space.

Given a video slice with a time window of N frames, p¥, p/’ € R? represent
the 2D projection coordinates of the robot and human on the ground plane at
time ¢, with distance d; = ||p? — pF||o. Let v, vl € R? be their respective
forward vectors. We define instantaneous physical index functions across four
dimensions to capture the truncation and loss of visual features:

Torso Occlusion [,..;: Measures whether the human turns their back to
the robot, causing the torso to occlude front-facing interaction objects or tar-
gets. Based on human anatomical operational spatial distribution, the occlusion
judgment triggers when the dot product of their relative orientation and position
is less than a specific view frustum threshold:

R H
Hocqt =1 (Vg{ . L 7d P < —03) (1)
t

Here, the condition less than -0.3 corresponds to a dynamic physical occlusion
sector of approximately 145° behind the human.

FoV Truncation I,;:: Measures whether the robot maintains the human
within its core receptive field. Based on a 90° horizontal field of view of the
camera, the boundary deviation threshold is set to cos(45°) = 0.707:

H _ R
Loty =1 <v5 2P < 0.707) (2)
t

An angle deviation greater than 45 degrees between the human and robot means
the human falls outside the robot’s field of view.

Proximity Blind Zone I,,.,;;: Measures frame spillover caused by the
quadruped robot’s low-angle view. Based on geometric derivations of the 0.4m
camera height and vertical field of view, when the distance is too close, parts of
the Humanoid exceed the frame edges:

Lpros.t = I(d; < 0.75m) (3)

High-frequency View Jitter I nqkc,:: Measures instantaneous frame blur
caused by the robot’s kinematic tracking, defined as an instantaneous angular
velocity wft > 0.8 rad/s.

To obtain the overall degradation level of macroscopic video clips, we perform
discrete integration of the above instantaneous index functions over time to
calculate the temporal proportions of each condition, denoted as R = { Rocc, Ryis
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Table 1: Comparison of CoT-HRC with mainstream datasets. Unlike previous bench-
marks relying on ideal perspectives or lacking diagnostic labels, CoT-HRC uniquely
features realistic robot-centric constraints and hierarchical CoT annotations.

Dataset Environment Viewpoint HRC Focus Dynamic Occlusion Annotation Type
Charades |33| Real Third-person X Low Action Class
BEHAVIOR-1K |20] Sim Ideal Ego / Global X Low Task State
Ego-Exo4D |12 Real Human-Ego & Third v Low Action / Goal
PARTNR (27| Sim Global / Ego v Low High-level Plan
HARPER |1] Real Robot-Ego v High Action / Pose
CoT-HRC (Ours) Sim Robot-Ego (0.4m) v High Hierarchical CoT

Rprox, Rshake }- Finally, we project the continuous degradation rate matrix R
into three discrete difficulty levels:

Hard, if Roce > 0.6V Ryp > 0.5V Rppow > 0.6
D = { FEasy, if Roce < 0.25 ARy < 0.15 A Rproz < 0.2 A Rspake < 0.05
Medium, otherwise

(4)
Here, Fasy, Medium, and Hard respectively represent the physical observa-
tion difficulty of the video.

4.4 Dataset Statistics and Feature Analysis

Built on Habitat 3.0 [29], CoT-HRC contains approximately 40 hours of contin-
uous HRC videos covering diverse household tasks. By segmenting these videos
via underlying state machines, we extract over 3,000 independent sub-task clips.
Utilizing the dynamic Observation Window (Sec. , we further derive tens of
thousands of truncated slices across varying temporal phases, each automatically
annotated with logically progressive CoT ground truths.

While existing benchmarks advance perception capabilities, they mostly over-
look real-world robot observation constraints according to Tab. [} As illustrated
in Fig. [[A, datasets like Ego-Exo4D use high, stable human-worn cameras, leav-
ing targets clearly visible. Conversely, CoT-HRC natively simulates a 0.4m low-
angle quadruped view, inducing severe dynamic torso occlusions and FoV trunca-
tions. Furthermore, unlike HARPER and PARTNR, CoT-HRC uniquely equips
heavily truncated visual inputs with multi-step logical attributions (Fig. [[C).
This fills a critical gap in diagnosing VLM reasoning under partial observability.

5 Evaluation Methodology

To objectively evaluate the realistic reasoning capability of VLMs under in-
complete spatiotemporal information and partial observability, this benchmark
devises a step-by-step evaluation methodology and proposes a set of quantitative
evaluation metrics based on structured outputs.
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5.1 Step-by-Step QA Protocol

Traditional end-to-end evaluations obscure whether VLM failures stem from vi-
sual perception loss or deficient physical commonsense. To address this black-
box issue, we introduce a Step-by-Step Reasoning QA protocol. Aligned with
the annotations in Sec. this method decouples intent inference into a multi-
step chain by sequentially prompting the model with progressive questions: 1)
Target Zone Anchoring: What is the final target zone that the Humanoid
in the video is approaching?; 2) Held Object Identification: If an object
is being held, can the category of the object be determined?; 3) Target Fur-
niture Identification: Which piece of furniture within the target zone is the
Humanoid most likely to interact with?; 4) Affordance Extraction: What is
the functional affordance of this piece of furniture?; and 5) Intent Inference:
Based on the analysis of the preceding steps, output the final Intent Triplet
(Action, Object, Target).

For rigorous evaluation, responses are constrained to a restricted vocabu-
lary, including an unknown option for severe occlusions. Recording predictions
hierarchically provides a transparent basis for diagnosing cognitive breakpoints.

5.2 Evaluation Metrics

To quantitatively evaluate the structured JSON outputs from the step-by-step
reasoning QA, we adopt a soft-matching mechanism combined with functional
commonsense for basic elements and propose a set of commonsense-aware met-
rics.

Base Perception Metrics. We evaluate each reasoning node independently
(AcCareas AcCstatus, Accopj, Accayy). For furniture (AcCiurn func), targets are
mapped into broad functional groups such as surface or storage to prevent penal-
izing functionally equivalent predictions. Finally, macro-intent (Accmacro intent)
requires jointly predicting the target region and affordance, prioritizing the over-
arching goal over heavily occluded objects.

Step-wise Consistency Assessment. To ensure the intent prediction is
grounded in a valid logical foundation, we introduce Reasoning Consistency
SCApR. Tt requires the model to correctly predict the action affordance sup-
ported by either the correct functional furniture or the correct spatial area:

SCAR = Accaps N (AcCiurn func V AcCarea) (5)

We also report Full-chain Consistency SC A, a strict upper-bound metric re-
quiring SCAR A Accop;.

Conditional Reasoning Accuracy. A core challenge in egocentric evalua-
tion is distinguishing whether a failure stems from physical occlusion or deficient
cognitive reasoning. To decouple perception from reasoning, we introduce C RA,
defined as the probability of correctly inferring the macro-intent given successful
perception of the prerequisite area and object:

CRA = P(Accmacro_intent = True | Accarea = True A Accop; = True)  (6)
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This metric isolates and evaluates the model’s pure abductive reasoning abil-
ity when visual prerequisites are met.

6 Experiments and Analysis

6.1 Experimental Setup

Evaluated Models. To establish comprehensive baselines across diverse archi-
tectures, we evaluate six VLMs: Qwen2-VL-7B-Instruct 35|, InternVL2.5-8B [6],
LLaVA-NeXT-Video-7B [38], LLaVA-OneVision (Qwen2-7B) [19], GPT-40 and
Gemini-2.5-pro. All are tested strictly zero-shot to assess generalization against
unseen egocentric occlusions without task-specific fine-tuning.
Implementation Details. We uniformly sample 8 frames per video slice to
fit VLM context windows, setting the decoding temperature to 0 for reproducibil-
ity. Dual-view inputs are spatially downsampled to prevent out-of-memory errors
while maintaining temporal alignment. All experiments run on NVIDIA GPUs.

6.2 Main Results: The Viewpoint Bottleneck

Table |2| presents the quantitative results across Egocentric (Ego), Third-person
(Third), and Dual-View (Dual) which inputs the videos from the third-person
view and top-down view.

Our quantitative evaluation grid reveals several critical insights regarding
how current vision-language models navigate severe visual degradation under
embodied view constraints.

The Impact of Physical Occlusion. Our results demonstrate a clear per-
formance gap across different viewpoints. For highly capable models like In-
ternVL and Qwen2-VL, we observe a consistent performance hierarchy. For in-
stance, InternVL drops from 59.6% SC AR under the dual-view Oracle setting
to 44.8% under the egocentric view. This highlights the severe challenge posed
by low-angle truncation and dynamic torso occlusion, supporting our primary
hypothesis that physical occlusion severely disrupts the spatial reasoning chain.

Architecture Sensitivity. Interestingly, LLaVA-family models exhibit un-
expected performance drops under the Oracle view compared to their egocentric
performance. This likely stems from a severe spatial domain gap: the downsam-
pled, overhead Oracle view diverges significantly from the human-centric, first-
person datasets these models were heavily optimized on during visual-language
pre-training. Thus, simply providing more multi-view visual information does
not guarantee better intent reasoning if the underlying vision encoder lacks ro-
bust cross-view generalization.

Human Baseline and Proprietary Models. To establish the absolute
performance upper bound for this task, a human baseline study was conducted
to yield an average intent accuracy of 83.7%=+1.7%. Furthermore, extended eval-
uations on advanced proprietary models including GPT-40 and Gemini-2.5-Pro
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Table 2: Zero-shot intent anticipation performance of state-of-the-art VLMs on the
CoT-HRC benchmark. We report results across three distinct viewpoints: Egocentric
(Ego), Third-person (Third), and Dual-view Oracle (Oracle). Metrics include compo-
nent accuracies, the macro-intent accuracy (Intent), the Conditional Reasoning Ac-
curacy (CRA), and the Reasoning Consistency (SCARg). All values are in percentages
(%). Parentheses indicate C RA values calculated with a valid sample size of < 5.

Viewpoint Model ‘Area Status Obj Furn Aff‘Intent CRA‘SCAR
InternVL2.5-8B 51.6 37.7 3.1 41.5 52.9] 31.6 66.7 | 44.8

Fgo Qwen2-VL-7B-Instruct | 54.9 49.5 1.4 20.2 50.4| 27.1 (50.0)| 34.1
LLaVA-OneVision-7B | 60.3 57.6 8.7 33.0 37.9| 249 43.3 | 334
LLaVA-NeXT-Video-7B| 27.8 21.7 0.4 12.1 72.9| 189 (0.0)| 25.3
GPT-40 61.2 727 14.0 51.6 72.3| 47.7 80.0 | 62.9
Gemini-2.5-pro 59.4 73.4 195 49.3 61.4] 42.2 73.1 | 54.3
InternVL2.5-8B 61.0 64.8 10.5 43.1 56.5| 38.8 88.6 | 52.4

Third Qwen2-VL-7B-Instruct | 63.5 69.3 7.6 27.6 51.3] 33.0 63.0| 41.5
LLaVA-OneVision-7B | 65.0 90.1 22.6 36.6 30.7| 20.2 25.0 | 27.6
LLaVA-NeXT-Video-7B| 29.8 31.2 0.2 14.6 76.9| 189 (0.0)| 26.0
GPT-40 67.9 95.2 26.8 55.0 71.5| 50.2 76.7 | 62.8
Gemini-2.5-pro 66.8 96.8 34.9 56.4 71.3| 47.5 74.6 | 63.6
InternVL2.5-8B 59.4 62.5 8.5 43.9 64.3] 453 95.8 | 59.6

Dual Qwen2-VL-7B-Instruct | 60.3 66.6 7.6 24.9 56.3| 35.2 64.0 | 41.7
LLaVA-OneVision-7B | 60.3 92.4 184 31.1 30.0/ 179 31.8 | 23.6
LLaVA-NeXT-Video-7B| 22.2 150 0.0 11.9 71.8| 14.4 (0.0)| 21.7
GPT-40 70.2 95.2 27.3 52.5 72.0] 52.3 73.6 | 64.2
Gemini-2.5-pro 70.2 959 34.4 56.9 71.5| 50.2 76.8 | 65.6

demonstrate that although their absolute reasoning accuracy improves, cross-
view integration remains a persistent bottleneck, as detailed alongside complete
datasets and comprehensive error analysis in Appendix [F]

Sim-to-Real Fidelity. To ensure the view bottleneck observed in simulation
authentically reflects real-world constraints, we conducted physical pilot studies
using a Unitree quadruped robot. Evaluations across 60 real-world clips strictly
corroborate our simulation findings, confirming that the severe egocentric per-
formance degradation persists in reality. Furthermore, to validate the dataset’s
practical utility for model adaptation, fine-tuning Qwen2-VL-7B on 1,000 sam-
pled instances yielded significant zero-shot capability gains, e.g., SCAg surged
from 34.1% to 68.6%. Detailed real-world experimental setups and complete
evaluation tables are provided in Appendix [G] and Appendix [H]

6.3 Temporal Dynamics

To analyze VLM performance across different action stages and observation
lengths, we conduct a temporal analysis using Qwen2-VL (Fig. [3]).

Impact of Physical Phases. Fig.[3h illustrates SCA i across four sequential
action phases. Following initial state captures in the pre-transit phase, perfor-
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Fig. 3: Temporal dynamics of intent anticipation. (a) Reasoning consistency (SCAR)
across four sequential action phases. (b) The impact of accumulative observation video
length (p) on reasoning performance. Both evaluations are conducted using Qwen2-
VL-7B-Instruct.

mance generally drops during the transit (30%-60%) phase. This decline occurs
because active human movement introduces severe dynamic occlusions and mo-
tion blur, corrupting target visual features. Performance rebounds during the
post-transit phase when the target furniture becomes visible, highlighting that
intent anticipation is strictly constrained by instantaneous spatial relationships.

Attention Dilution in Long Observations. Fig. Bp evaluates perfor-
mance as the observation window progressively accumulates (p = 30% to 90%).
While longer videos intuitively provide more context, data reveals a monotonic
SCAFR decay. For instance, Third-person SCAg drops from 28.0% (p = 30%) to
14.1% (p = 90%). This indicates VLMs struggle to robustly aggregate extended
temporal cues. Redundant frames and background shifts dilute attention, caus-
ing models to lose focus on critical fine-grained features necessary for logical
reasoning.

6.4 Disentangling Perception and Reasoning

To investigate whether model failures stem from deficient physical common-
sense or mere visual breakdown, we introduce an annotated egocentric set-
ting (Ego_ ann) where bounding boxes explicitly highlight active objects. Using
Qwen2-VL, we compare Object Perception (Accep;), coupled Macro-Intent, and
Conditional Reasoning Accuracy (CRA).

As shown in Fig. [fh, with explicit bounding boxes, low-level object percep-
tion (Accop;) reaches 30%-40%. However, the end-to-end Macro-Intent remains
relatively low (12.1%-25.4%) because the target furniture remains severely oc-
cluded by the human torso, preventing complete logical deduction. Crucially,
when isolating reasoning capability via CRA (intent accuracy given successful
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Fig. 4: Diagnostic ablation studies on the CoT-HRC benchmark using Qwen2-VL.
(a) Disentangling visual perception (Accop;) and cognitive reasoning (CRA) under the
Ego_ann setting across different temporal phases. (b) Ablation results evaluating the
impacts of temporal inputs (1-frame vs. 8-frame), generalized semantic instructions,
and spatial difficulty levels under the Ego raw setting.

area and object perception), performance surges to 43.8%-60.0%. This gap pro-
vides a key diagnostic insight: VLMs inherently possess the required physical
commonsense. Their poor HRC performance is predominantly a visual percep-
tion failure; low-angle occlusions sever prerequisite visual links, fundamentally
preventing models from triggering latent reasoning chains.

6.5 Ablation Studies and Further Analysis

We further evaluate temporal and semantic ablations, visualized in Fig. b.

Temporal Aggregation vs. Single Frame. Comparing the 8-frame input
(Ego_raw) to a single final-frame baseline (Ego_raw_last_frame) reveals an
unexpected SCAg drop (34.1% vs. 41.3%). This exposes inadequate temporal
aggregation: rather than modeling causality, models are distracted by early re-
dundant frames and motion blur, making the single final frame yield a higher
signal-to-noise ratio.

Compensating Vision with Semantic Priors. Introducing a generalized
language instruction (e.g., “help me tidy up the room”) significantly improves
SCAR to 47.3% (Ego_raw_with_instruction). This abstract instruction acts as
a top-down constraint, effectively narrowing the affordance search space when
bottom-up visual features are severely truncated.

Difficulty Levels & Priors. Under Ego raw, Medium difficulty (39.4%)
surprisingly outperforms Fasy (34.1%), reflecting a perceptual trade-off: dis-
tant Fasy frames avoid truncation but suffer severe resolution loss, while closer
Medium frames offer clearer details despite minor occlusions. Introducing se-
mantic priors resolves this resolution bottleneck via language reasoning, restor-
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ing strict monotonic degradation (Easy > Medium > Hard) and confirming
geometric constraints as the ultimate bottleneck.

7 Discussion

While CoT-HRC serves as a rigorous diagnostic framework, transitioning to
open-world Human-Robot Collaboration (HRC) introduces limitations that chart
future research directions.

Sim-to-Real Generalization. Although real-world pilots validate our simu-
lated constraints, the large-scale benchmark relies on synthetic Habitat 3.0 en-
vironments. Scaling explicitly annotated real-world datasets remains crucial to
fully close the sim-to-real gap and ensure robust physical deployment.

Task and Intent Diversity. While the Rearrange task acts as a rigorous
atomic primitive, future intent taxonomies should expand beyond spatial object-
transfers to encompass nuanced social gestures, articulated manipulations, and
complex tool usage.

Algorithmic Innovations. Having exposed critical perception-reasoning bot-
tlenecks under partial observability, developing novel models or learning methods
to resolve cross-view integration and temporal aggregation remains an open fron-
tier. Addressing these algorithmic limitations will catalyze the community’s shift
toward robust reasoning paradigms tailored for real-world physical constraints.

8 Conclusion

We introduced CoT-HRC, a benchmark evaluating human intent inference un-
der constrained robot egocentric views. By coupling simulated spatiotemporal
incompleteness with deterministic, hierarchical CoT annotations, our proposed
diagnostic metrics (SCAgr and CRA) quantitatively disentangle visual percep-
tion failures from inherent cognitive deficiencies.

Extensive experiments reveal that while state-of-the-art VLMs possess ro-
bust physical commonsense, their performance is severely bottlenecked by dy-
namic occlusions and inadequate temporal aggregation. Ultimately, CoT-HRC
establishes a definitive diagnosis of current cognitive boundaries under embodied
visual constraints, providing a vital stepping stone for robust, interaction-aware
embodied Al
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