
Published in Transactions on Machine Learning Research (04/2026)

ActionEQA: Action Interface for Embodied Question Answer-
ing

Tianwei Bao*1, Qineng Wang*1, Kangrui Wang1, Mingkai Deng2, Guangyi Liu5, Jiayuan Mao3,
Larry Birnbaum1, Zhiting Hu4, Eric P. Xing2,5, Zhaoran Wang1, Manling Li1

1Northwestern University 2Carnegie Mellon University 3Massachusetts Institute of Technology
4University of California, San Diego 5Mohamed bin Zayed University of Artificial Intelligence
{tianweibao, qinengw, kangrui.wang}@u.northwestern.edu, mingkai.deng@cs.cmu.edu, jiayuanm@mit.edu
{l-birnbaum, zhaoran.wang, manling.li}@northwestern.edu, {guangyi.liu, eric.xing}@mbzuai.ac.ae, zhh019@ucsd.edu
* Equal contribution.

Reviewed on OpenReview: https: // openreview. net/ forum? id= HY2ruqdMt4

Abstract

While Vision-Language Models (VLMs) are increasingly integral to embodied intelligence,
a significant action understanding bottleneck persists in translating high-level semantic
instructions into precise low-level physical actions. However, current benchmarks for embodied
agents primarily focus on high-level perception and planning, failing to capture the depth
and nature of this semantic-to-physical gap. To address this, we introduce ActionEQA, the
first Embodied Question Answering (EQA) benchmark designed to methodically evaluate the
ability of VLMs to bridge this critical yet underexplored semantic-physical divide. Grounded
in real-world robotics data, ActionEQA thoroughly analyzes VLMs’ grasp of the action
interface using a dual-tier design: (1) a Three-Tiered Action Hierarchy for pinpointing the
depth at which VLMs’ action reasoning collapses. (2) Bidirectional Reasoning Tasks for
testing whether VLMs struggle more to predict action outcomes or infer the actions that
led to them. Our key findings reveal: (1) The primary bottleneck in action understanding
occurs at the mid-level, arising from the challenge of grounding compositional language in
3D physical geometry. (2) VLMs are more adept at inferring past actions than predicting
their future outcomes. (3) Richer visual inputs require greater spatial reasoning from VLMs
to map actions to physical geometry. (4) Within the action hierarchy, model failures shift
from predominantly perceptual errors at the high level to flawed geometric and physical
reasoning at the low level.

1 Introduction

Vision-Language Models (VLMs) (Anthropic, 2025; Comanici et al., 2025; OpenAI, 2025c; Bai et al., 2025b;
Zhu et al., 2025) have shown remarkable capabilities in visual perception and high-level planning, suggesting
strong potential for embodied intelligence (Driess et al., 2023; Zitkovich et al., 2023; Bousmalis et al., 2023;
Li et al., 2023). Yet, a critical gap remains: do VLMs truly understand actions and possess the ability to
bridge the semantic-to-physical gap between abstract plans and concrete execution? The central challenge lies
in translating semantic-level instructions, such as “Close the fridge”, into precise, physical-level commands,
such as 7-degree-of-freedom (7DoF) action vectors representing desired state changes (Brohan et al., 2022;
2023; O’Neill et al., 2024; Kim et al., 2024; Black et al., 2024). Despite its importance, the interface between
language and control remains poorly understood and insufficiently evaluated.

Existing benchmarks for embodied agents primarily focus on perception, task completion rates, or language-
guided manipulation (Majumdar et al., 2024; Das et al., 2018; Yu et al., 2019; Zheng et al., 2022; Gong
et al., 2023; Li et al., 2024a; Yang et al., 2025c). This approach treats the agent’s reasoning as a black box,
overlooking the hierarchical nature of action itself and making it impossible to diagnose where, along the
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Figure 1: ActionEQA assesses the full action hierarchy, from high-level goal-oriented commands to low-level
motor commands, through bidirectional action reasoning tasks: State Prediction, which predicts the visual
outcome of an action, and Action Inference, which infers the action that caused a visual change.

semantic-to-physical gap, a model's understanding fails. While recent end-to-end Vision-Language-Action
(VLA) models (Brohan et al., 2022; Zitkovich et al., 2023; Black et al., 2024; Intelligence et al., 2025) attempt
to address this gap directly, their internal reasoning processes are often opaque, making it di�cult to interpret
failures and know how to generalize from them. Thus, a �ne-grained tool is pressingly needed to help us
diagnose model de�ciencies in reasoning actions at di�erent abstractions.

To tackle this fundamental problem, we introduce ActionEQA, the �rst action-centric diagnostic EQA
benchmark designed to systematically dissect the semantic-to-physical gap in VLMs. Built entirely on
real-world robotics data to ground our analysis in physical complexity, ActionEQA serves as a diagnostic
tool through two core design principles. First, it evaluates VLMs across a Three-Tiered Action Hierarchy,
from high-level semantic actions, to mid-level motion trend descriptions, and down to low-level motor
commands, to precisely locate where VLMs' action reasoning falters. Second, it employs a Bidirectional
Reasoning Framework to probe VLMs' grasp of action-based cause and e�ect by testing both forward
state prediction and backward action explanation abilities.

Our comprehensive evaluation of 34 leading VLMs with ActionEQA reveals a signi�cant gap between model
and human performance (58:4% vs. 95:6%) and provides several critical insights into the semantic-to-physical
gap:
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Figure 2: Representative Question-Answering (QA) samples from the six main categories of ActionEQA

Figure 3: ActionEQA data statistics.

1. A surprising mid-level bottleneck in the action hierarchy is driven by rotational commands.
Rather than a simple abstract-to-concrete performance decline along the action hierarchy, VLMs struggle
most with mid-level semantic motion descriptions, particularly rotational actions (e.g., Tilt clockwise
around X-axis, Rotate clockwise around Z-axis), highlighting the grounding of compositional language into
3D spatial transformations as a key challenge currently faced by VLMs.

2. VLMs consistently demonstrate a higher aptitude for Action Inference over State Prediction.
They �nd it easier to explain what action caused an observed outcome than to predict the future outcome
of a given action, underscoring a fundamental weakness in predictive physical reasoning.

3. The Egocentric view dominates in single-view settings. Camera perspective plays a crucial role
in bidirectional action understanding. The egocentric (�rst-person) viewpoint consistently outperforms
the exocentric (third-person) viewpoint, with the performance gap reaching a notable 23.8% on high-level
inference tasks.

4. The nature of model failures shifts with the action hierarchy. At the high level, errors are
predominantly perceptual. As actions become more granular, the failure source shifts to �awed geometric
and physical reasoning, which accounts for the majority of errors at the low level.
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Figure 4: The ActionEQA benchmark curation pipeline.

2 ActionEQA Benchmark

2.1 A Uni�ed Framework for Evaluating Bidirectional Multi-Level Action Understanding

A pivotal challenge for embodied agents powered by foundation models is bridging the semantic-to-physical
gap: translating abstract goals (the �what�) into the precise motor commands required for physical interaction
(the �how�). Existing benchmarks often fail to pinpoint where a model's understanding breaks down across
this full spectrum of action. To address this, we introduce ActionEQA, the �rst action-centric EQA
benchmark designed to systematically analyze this gap using real-world robotics data. ActionEQA serves
as a diagnostic tool built on two core principles: a three-tiered action hierarchy that localizes failures at
speci�c levels of abstraction, from high-level semantics to low-level physics, and a bidirectional reasoning
framework that tests action-based cause and e�ect understanding by requiring both forward predictive and
backward inferential reasoning. ActionEQA thus provides a comprehensive tool for evaluating how well
existing VLMs bridge this critical divide to function as embodied agents.

Three-Tiered Action Hierarchy. To analyze a model's capabilities at di�erent levels of abstraction, we
decompose actions into a three-tiered hierarchy. The High-Level Actionahigh

t represents the task's intent
or �what,� expressed as a natural language goal (e.g., �Close the Microwave�). The Mid-Level Actionamid

t
describes the �semantic how,� providing a language-based description of motion (e.g., �Move along positive
X direction, rotate clockwise around Z-axis�). Finally, the Low-Level Action alow

t de�nes the �physical
how� through a raw 7-DoF end-e�ector command vector, alow

t = [� x; � y; � z; � roll; � pitch; � yaw; � gripper],
which speci�es the precise physical state change.

Bidirectional Reasoning. A model's understanding of the action-outcome relationship is incomplete if it
cannot reason about this connection from both forward and backward perspectives. We therefore introduce
a bidirectional evaluation composed of two complementary reasoning tasks. The �rst is State Prediction,
which assesses forward-looking capabilities by asking: �Given an initial statest and an action at , what is the
resulting state st+1 ?� This task directly tests the model's grasp of an action's consequences. The second is
Action Inference, which evaluates backward-looking, explanatory ability by asking: �Given an initial state st

and a �nal state st+1 , what action at was taken?� Together, these tasks provide a holistic assessment of a
model's ability to understand the bidirectional nature of action-based cause and e�ect.

EQA Task Formulation. By applying our bidirectional reasoning framework across the three-tiered action
hierarchy, we formulate the six unique action reasoning tasks that comprise the ActionEQA benchmark,
as illustrated in Figure 1. Together, these tasks provide a comprehensive evaluation of a VLM's ability to
reason about the intricate interplay between actions and their physical outcomes. Detailed examples for each
task category are presented in Figure 2.

2.2 Curation of ActionEQA

ActionEQA is built exclusively using data from three large-scale, in-the-wild robotics manipulation datasets:
DROID (Khazatsky et al., 2024), BridgeData V2 (Walke et al., 2023), and RT-1 (Brohan et al., 2022). The
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(a) (b)

Figure 5: (a) Overall performance of 5 representative models vs. human across six main categories of
ActionEQA. (b) Overall performance of the �ve top-performing open-source and proprietary models.

creation of our benchmark follows a �ve-stage pipeline, as illustrated in Figure 4. The �rst stage involves
extracting the Raw Episodes from DROID, BridgeData V2, and RT-1 datasets. These episodes then go
through Key Frame Pairs Selection to �lter out low-quality data such as episodes with bad lighting,
blurry images, a missing gripper, or trivial motion. The third stage is Ground-Truth Action Extraction,
where the natural language task description, such as �Put the potato on the plate,� is extracted from the raw
episode data to be used as the high-level ground-truth action̂ahigh

t . In this same stage, aligning with common
practice in recent vision-language-action model literature (Brohan et al., 2022; 2023; O'Neill et al., 2024;
Belkhale et al., 2024; Kim et al., 2024), the raw 7-DoF end-e�ector states atSt+1 and St are used through
subtraction to generate the ground-truth low-level action alow

t . This is represented by a 7-dimensional vector
[� x; � y; � z; � roll; � pitch; � yaw; � g] = [�p; � � ; � g] 2 R7 describing desired state changes, which provides
a simple, �xed-size regression target suitable for end-to-end learning. Then, we used 14 customized mid-level
action labels to translate those low-level actions into their corresponding mid-level actionŝamid

t . The fourth
stage is Distractor Actions Generation, which involves creating distractor actions for the high, mid,
and low action levels based on the ground-truth actions. High-level distractorsahigh;dis

t are generated using
QVQ-72B (Qwen Team, 2024) followed by human veri�cation, mid-level distractors amid;dis

t are generated by
randomly selecting three combinations of related mid-level action labels, and low-level distractorsalow;dis

t are
generated using techniques like opposite directions, dominant axis removal, and wrong axis. The average
Ambiguity Score of 1.15/5.00 and the average Plausibility Score of 4.55/5.00 detailed in Appendix C.4 con�rm
the exceptional quality of the distractors in ActionEQA. The �nal stage is QA Generation, where the
ground-truth and distractor actions are used to create multiple-choice questions for State Prediction and
Action Inference tasks. A more detailed breakdown of the curation process and dataset statistics is available
in the appendix B.

3 Experiments

In this section, we begin by conducting an extensive evaluation of the semantic-to-physical gap in VLMs
using the ActionEQA benchmark in Section 3.2, which reveal three key insights: a surprising bottleneck
at the mid-level of the action hierarchy, a pronounced asymmetry in bidirectional reasoning capabilities,
and a signi�cant performance gap between both VLMs and humans, as well as between proprietary and
open-weights models. Following this, we delve into more detailed analyses that explore the underlying factors
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Type Model
DROID BridgeData V2 RT-1 Overall

Perf.H-SP M-SP L-SP H-AI M-AI L-AI Avg. H-SP M-SP L-SP H-AI M-AI L-AI Avg. H-SP H-AI Avg.

O
p

en
-W

ei
gh

ts

Gemma-3-27B 45.9 34.4 29.5 51.3 26.0 32.6 36.663.9 31.3 35.8 71.4 24.5 40.4 44.6 54.2 61.1 57.7 40.5
Gemma-3-12B 39.1 29.3 26.1 48.4 24.1 49.2 36.0 56.034.0 40.6 52.3 16.2 43.2 40.4 44.7 53.7 49.2 38.2
Gemma-3-4B 27.8 25.5 27.7 45.3 29.0 40.5 32.6 28.4 29.2 24.9 50.9 23.5 38.2 32.6 31.9 42.3 37.1 32.5
GLM-4.5V Œ 35.4 39.3 37.5 53.0 30.3 43.1 39.8 74.1 40.9 50.2 54.5 29.2 48.8 49.6 70.8 65.2 68.0 46.2
GLM-4.1V 35.1 20.6 16.3 39.1 23.7 40.7 29.365.4 29.0 40.4 50.7 35.3 40.7 43.6 50.3 59.3 54.8 37.2
GLM-4V 26.3 23.6 24.4 49.9 25.8 50.4 33.4 40.3 24.4 27.4 49.9 18.3 49.3 34.9 38.2 53.7 46.0 34.7
ERNIE-4.5-VL-28B 43.3 30.1 24.8 41.6 30.5 31.6 33.7 51.2 33.3 32.2 44.6 31.9 27.6 36.8 55.7 48.3 52.0 36.0
Llama-4-Scout-17B-16E 30.9 32.8 28.1 37.4 30.5 50.4 35.0 41.3 28.8 28.8 44.5 31.354.2 38.2 33.5 46.5 40.0 36.7
Llama-4-Mav-17B-128E 34.0 27.9 32.8 42.8 26.4 60.3 37.4 49.4 35.6 40.2 43.5 26.5 61.8 42.8 39.8 47.7 43.8 40.2
InternVL3-14B Œ 46.5 26.7 28.5 59.5 27.2 45.0 38.9 58.5 27.9 38.163.7 32.5 46.8 44.6 62.9 59.3 61.1 42.2
InternVL3-8B 39.1 29.7 30.5 46.5 25.4 35.0 34.4 49.6 26.0 37.0 62.639.0 38.4 42.1 49.0 60.9 55.0 38.8
InternVL3-2B 30.3 29.5 27.5 41.1 28.2 22.3 29.8 33.1 35.6 30.6 51.4 29.4 27.8 34.7 31.0 51.7 41.4 32.5
InternVL2.5-8B-MPO 34.8 22.8 26.5 45.3 26.0 30.7 31.0 61.6 23.1 39.3 59.7 30.8 33.2 41.361.1 59.3 60.2 37.2
InternVL2.5-2B-MPO 24.9 23.6 25.1 30.6 18.6 18.6 23.6 25.4 24.4 28.5 42.4 17.6 24.6 27.2 27.2 30.8 29.0 25.2
InternVL2.5-8B 30.3 27.3 28.9 47.9 29.9 37.3 33.6 55.8 24.0 37.0 58.2 33.1 43.3 41.9 54.1 59.8 57.0 38.7
InternVL2.5-2B 26.9 23.6 25.1 30.6 17.8 21.4 24.2 35.1 24.4 27.6 44.8 22.7 24.8 29.9 25.6 33.2 29.4 26.5
Qwen3-VL-8B-Ins 40.5 29.9 32.0 56.7 28.4 33.1 36.8 41.4 32.0 29.9 58.3 33.3 32.6 37.9 47.778.0 62.9 38.9
Qwen2.5-VL-72B-Ins 38.8 32.0 27.3 41.1 28.6 46.4 35.7 52.6 31.7 33.1 49.8 21.8 46.4 39.2 41.376.0 58.7 38.9
Qwen2.5-VL-32B-Ins 32.0 27.1 31.2 33.1 33.1 45.3 33.6 50.5 30.4 37.9 42.5 21.7 45.8 38.1 50.6 71.0 60.8 38.2
Qwen2.5-VL-7B-Ins 35.4 25.9 23.8 36.0 29.9 45.9 32.8 46.1 26.7 27.4 39.734.8 45.2 36.7 51.5 72.1 61.8 37.2
Qwen2.5-VL-3B-Ins 23.5 23.6 25.1 37.1 27.8 36.2 28.9 24.3 24.4 23.1 36.0 32.2 36.7 29.5 25.0 63.1 44.1 30.7
Qwen2-VL-7B-Ins 36.0 24.2 25.0 43.6 27.2 35.5 31.9 54.3 30.1 29.0 45.1 31.0 31.0 36.8 36.9 60.7 48.8 34.8
Qwen2-VL-2B-Ins 24.6 23.6 27.3 32.3 28.8 20.4 26.2 25.9 24.4 23.7 35.3 24.7 19.3 25.6 27.4 40.5 34.0 26.4
Ovis2.5-9B Œ 42.8 29.5 29.5 61.5 28.6 55.1 41.2 49.2 21.9 30.8 63.5 32.2 54.1 42.0 57.7 66.362.0 42.4
Ovis2.5-2B 38.2 25.1 28.1 59.8 20.2 26.6 38.0 37.8 32.2 33.6 62.8 12.0 29.7 34.7 31.5 57.5 44.5 33.3
MiniCPM-V-4.5 34.8 34.6 32.0 56.9 23.9 51.6 39.0 36.5 22.4 33.3 59.9 30.7 55.4 39.7 44.1 57.7 50.9 39.8

P
ro

pr
ie

ta
ry

Gemini-2.5-Pro Œ 52.7 44.6 48.9 70.3 42.5 73.9 55.5 75.6 42.2 51.8 77.1 44.4 71.3 60.4 68.8 77.8 73.3 58.4
Gemini-2.5-Flash Œ 43.3 33.2 40.3 68.6 33.5 50.9 45.0 68.9 27.9 33.6 70.8 33.1 49.5 47.3 69.2 71.0 70.1 46.9
Gemini-2.5-Flash-Lite 45.0 24.6 31.6 58.9 30.5 56.5 41.2 54.0 25.8 39.3 64.0 24.5 58.6 44.4 57.5 61.8 59.7 43.2
Gemini-2.0-Flash 47.6 24.8 32.6 56.7 29.0 58.041.5 69.6 24.7 34.7 64.3 31.8 59.747.5 70.6 68.1 69.4 45.5
GPT-4.1 Œ 50.7 30.3 36.3 62.9 30.9 35.7 41.1 80.4 48.4 46.8 71.6 26.0 34.0 51.2 66.5 71.4 69.0 46.4
o4-mini 38.0 29.5 34.0 52.1 31.5 30.1 35.9 48.3 26.7 29.2 52.236.0 30.9 37.2 59.3 65.4 62.4 38.2
Claude-Opus-4 27.8 31.0 29.5 44.2 28.6 71.9 38.8 44.0 32.9 35.8 52.2 24.874.2 44.0 42.3 57.1 49.7 42.3
Claude-Sonnet-4 28.3 27.1 26.3 39.9 24.965.3 35.3 51.1 35.4 42.7 41.6 25.7 67.4 44.0 43.6 43.4 43.5 40.0

Human Performance 95.7 91.2 96.7 92.9 95.3 92.6 94.1 99.6 97.7 97.3 99.4 95.7 93.7 97.2 96.4 96.0 96.2 95.6

Table 1: This table shows how accurately models handle bidirectional reasoning of State Prediction (SP) and Action Inference
(AI) with High-Level, Mid-Level, and Low-Level Actions across three di�erent datasets (H-, M-, L-). Overall Performance
(Overall Perf.) of each model is calculated using the hierarchical averaging method introduced in Section 3. Color highlights
identify the top three performing models for each metric (column), ranked separately within the Open-Weight and Proprietary
models. Open-Weight (1st, 2nd, 3rd): , , . Proprietary (1st, 2nd, 3rd): , , .

contributing to these gaps. Speci�cally, we investigate how the richness of perceptual information a�ects
reasoning by varying the number of exocentric camera views in Section 3.3, and we examine the impact of
di�erent camera perspectives by comparing egocentric, exocentric, and fused viewpoints in Section 3.4.

3.1 Experimental Setup

We evaluated a diverse suite of 34 state-of-the-art VLMs, comprising 26 open-weights models from eight
families�Gemma-3 (Team et al., 2025), GLM (Hong et al., 2025; Wang et al., 2024c), ERNIE-4.5-VL (Baidu
ERNIE Team, 2025), Llama-4 (Meta, 2025), InternVL (Zhu et al., 2025; Wang et al., 2024d; Chen et al.,
2024), QwenVL (Bai et al., 2025b; Yang et al., 2025a), MiniCPM-V (Yu et al., 2025), and Ovis 2.5 (Lu
et al., 2025)�and 8 proprietary models from OpenAI (OpenAI, 2025a;c), Google (Comanici et al., 2025), and
Anthropic (Anthropic, 2025), with a full list provided in Table 20. To ensure deterministic results, all models
were con�gured with a temperature of 0 and evaluated under the zero-shot setting. We used accuracy as
our primary metric and calculated overall performance using a hierarchical averaging method detailed in
Appendix C.2 to ensure each of the six action-centric reasoning tasks contributes equally to the �nal score.
Further details on image resolutions are available in Sections 3.3 and 3.4. For the human evaluation, we
recruited two trained annotators to answer ActionEQA questions using our custom Gradio-based annotation
interface, ensuring that they received exactly the same visual context and instructions as the VLMs. We
measured inter-annotator agreement (IAA) using a uniformly strati�ed subset of 120 questions across six
QA settings, independently annotated by both annotators. The resulting raw agreement rate = 95.8% and
Cohen's Kappa (� = 0:944) indicate near-perfect agreement. Full details are in Appendix C.3.
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Ovis2.5-9B InternVL3-14B Qwen2.5-VL-72B GLM-4.5V Gemini-2.5-Flash

QA 1V 2V 3V 4V 1V 2V 3V 4V 1V 2V 3V 4V 1V 2V 3V 4V 1V 2V 3V 4V

H-SP 49.2�3:1 55.2�3:1 52.1�3:1 48.6�3:1 58.5�3:1 62.8�3:0 65.6�3:0 63.0�3:0 52.6�3:1 65.1�3:0 55.6�3:1 44.9�3:1 74.1�2:7 71.8�2:8 71.9�2:8 73.6�2:8 68.9�2:9 68.9�2:9 63.1�3:0 62.9�3:0

H-AI 63.5�3:0 58.5�3:1 60.8�3:1 64.5�3:0 63.7�3:0 70.0�2:9 72.9�2:8 75.0�2:7 49.8�3:1 54.7�3:1 63.8�3:0 67.7�2:9 54.5�3:1 56.9�3:1 58.5�3:1 62.4�3:0 70.8�2:8 68.4�2:9 56.4�3:1 56.8�3:1

M-SP 21.9�3:9 20.5�3:8 18.7�3:7 19.0�3:7 27.9�4:2 31.7�4:4 32.9�4:4 35.8�4:5 31.7�4:4 39.0�4:6 37.2�4:5 33.3�4:4 40.9�4:6 41.8�4:6 34.7�4:5 39.3�4:6 27.9�4:2 29.0�4:3 29.9�4:3 27.9�4:2

M-AI 32.2 �3:1 33.0�3:1 34.0�3:1 35.6�3:1 32.5�3:1 31.7�3:1 35.7�3:1 35.4�3:1 21.8�2:7 27.0�2:9 31.7�3:1 34.6�3:1 29.2�3:0 29.7�3:0 28.0�3:0 30.1�3:0 33.1�3:1 33.6�3:1 28.2�3:0 27.6�2:9

L-SP 30.8�4:3 35.2�4:5 32.0�4:4 34.0�4:4 38.1�4:5 34.5�4:4 35.2�4:5 43.2�4:6 33.1�4:4 41.1�4:6 41.8�4:6 32.6�4:4 50.2�4:7 53.4�4:7 52.5�4:7 56.6�4:6 33.6�4:4 32.6�4:4 33.6�4:4 32.4�4:4

L-AI 54.1 �3:1 56.1�3:1 58.5�3:1 60.2�3:0 46.8�3:1 46.6�3:1 47.7�3:1 46.5�3:1 46.4�3:1 52.6�3:1 57.7�3:1 59.0�3:0 48.8�3:1 53.0�3:1 52.7�3:1 51.5�3:1 49.5�3:1 48.5�3:1 48.4�3:1 45.0�3:1

Avg 42.0 �1:4 43.1 �1:4 42.7 �1:4 43.7 �1:4 44.6 �1:4 46.2 �1:4 48.3 �1:4 49.8 �1:4 39.2 �1:4 46.6 �1:4 48.0 �1:4 45.4 �1:4 49.6 �1:4 51.1 �1:4 49.7 �1:4 52.3 �1:4 47.3 �1:4 46.8 �1:4 43.3 �1:4 42.1 �1:4

Table 2: Ablation study on the impact of the number of exocentric views using BridgeData V2. Each model
is evaluated with 1, 2, 3, and 4 exocentric views (1V-4V). For each model and task row, the highest score is
highlighted in Light gray to indicate the optimal number of views. Values represent accuracy percentages�
95% Wald Con�dence Intervals.

(a) (b)

Figure 6: (a) Overall performance of �ve representative VLMs across four exocentric view con�gurations
using BridgeData V2. (b) Breakdown of average normalized error rates by view con�guration on Bridge V2.

3.2 Semantic-Physical Gap in Action Reasoning

The Unexpected Mid-Level Bottleneck in the Action Hierarchy. Contrary to the expectation of a
monotonic performance decline from abstract to concrete actions, our analysis pinpoints a surprising and
signi�cant bottleneck at the mid-level of the action hierarchy. As evidenced in Table 1, while VLMs demonstrate
strong high-level goal-oriented reasoning and regain some footing at low-level kinematic interpretation, their
performance plummets when tasked with understanding mid-level semantic motion descriptions.
We statistically veri�ed this V-shaped performance trend across all 34 evaluated models in Appendix C.11.
Paired t-tests con�rm that mid-level accuracy is signi�cantly lower than both high-level ( p < 0:001, mean di�.
+18:93%) and low-level (p < 0:001, mean di�. +8 :66%) performance. This trend is further exempli�ed by
the top-performing model Gemini-2.5-Pro, which scores 70.4% on high-level tasks and 61.5% on low-level
tasks. However, its performance drops sharply to just 43.4% on mid-level tasks. This indicates that the
primary challenge lies not in understanding the ultimate goal (the �what�) or the �nal physical command
(the �physical how�), but in the crucial intermediate step of grounding compositional language motion (the
�semantic how�) such as �Move along positive X-axis, Rotate clockwise around Z-axis� into the geometry of
physical movement. This grounding of semantic motion appears to be a core, unresolved challenge for current
VLMs.

VLMs Exhibit Asymmetric Aptitude in Bidirectional Action Reasoning. Our bidirectional
framework reveals a striking asymmetry in how VLMs reason about cause and e�ect of actions. Across
the board, VLMs consistently demonstrate a higher aptitude for Action Inference than for
State Prediction. This capability gap is statistically signi�cant across the 34 evaluated models ( p < 0:001,
paired t-test), with Action Inference outperforming State Prediction by an average margin of 4.31% (see
Appendix C.12). In other words, VLMs �nd it easier to interpret a �nished action by inferring its preceding
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Egocentric View Exocentric View Egocentric + Exocentric View

State Prediction Action Inference State Prediction Action Inference State Prediction Action Inference

Model H M L H M L H M L H M L H M L H M L

Gemini-2.5-Pro 60.3�5:1 42.4�4:3 43.6�4:3 85.6�3:7 45.4�4:4 77.4�3:0 52.7�5:2 44.6�4:3 48.9�4:4 70.3�4:8 42.5�4:4 73.9�3:2 60.1�5:1 42.8�4:3 44.2�4:3 85.0�3:7 41.7�4:4 72.7�3:2

Gemini-2.5-Flash 63.7�5:0 42.6�4:3 42.8�4:3 78.5�4:3 42.7�4:4 58.4�3:6 43.3�5:2 33.2�4:1 40.3�4:3 68.6�4:8 33.5�4:2 50.9�3:6 58.6�5:1 41.5�4:3 41.1�4:3 83.3�3:9 36.4�4:3 52.8�3:6

GLM-4.5V 57.8�5:2 36.5�4:2 36.7�4:2 80.7�4:1 41.1�4:4 49.6�3:6 35.4�5:0 39.3�4:3 37.5�4:2 53.0�5:2 30.3�4:1 43.1�3:6 54.1�5:2 39.3�4:3 32.6�4:1 79.9�4:2 35.4�4:2 49.1�3:6

Gemma-3-27B 51.3�5:2 35.6�4:2 33.0�4:1 78.8�4:3 32.7�4:2 34.2�3:4 45.9�5:2 34.4�4:1 29.5�4:0 51.3�5:2 26.0�3:9 32.6�3:4 42.8�5:2 35.8�4:2 34.6�4:1 68.6�4:8 29.0�4:0 35.1�3:4

InternVL3-14B 54.7�5:2 29.9�4:0 28.5�3:9 80.2�4:2 33.9�4:2 42.8�3:6 46.5�5:2 26.7�3:9 28.5�3:9 59.5�5:1 27.2�3:9 45.0�3:6 45.6�5:2 27.9�3:9 26.1�3:8 76.5�4:4 32.3�4:1 48.5�3:6

Qwen2.5-VL-7B 44.5�5:2 28.1�3:9 28.5�3:9 78.2�4:3 27.2�3:9 46.9�3:6 35.4�5:0 25.9�3:8 23.8�3:7 36.0�5:0 29.9�4:1 45.9�3:6 30.6�4:8 25.7�3:8 23.6�3:7 68.6�4:8 27.6�3:9 52.3�3:6

Average 55.4 �5:2 35.9 �4:2 35.5 �4:2 80.3 �4:1 37.2 �4:3 51.6 �3:6 43.2 �5:2 34.0 �4:1 34.8 �4:1 56.5 �5:2 31.6 �4:1 48.6 �3:6 48.6 �5:2 35.5 �4:2 33.7 �4:1 77.0 �4:3 33.7 �4:2 51.8 �3:6

Table 3: Ablation study comparing model performance across Egocentric, Exocentric, and Combined View
con�gurations on the DROID dataset. Values include � 95% Wald Con�dence Intervals. H/M/L denote
High/Mid/Low-Level action reasoning tasks. Light gray highlights the optimal view con�guration for each
model and task.

Viewpoint Performance (%) Performance Comparison

Task Action Level Egocentric Exocentric Combined Best Single View Combined vs. Best

State Prediction
High-Level 55.4 43.2 48.6 Egocentric (+12.2) -6.8 (Degradation)
Mid-Level 35.9 34.0 35.5 Egocentric (+1.9) -0.4 (Degradation)
Low-Level 35.5 34.8 33.7 Egocentric (+0.7) -1.8 (Degradation)

Action Inference
High-Level 80.3 56.5 77.0 Egocentric (+23.8) -3.3 (Degradation)
Mid-Level 37.2 31.6 33.7 Egocentric (+5.6) -3.5 (Degradation)
Low-Level 51.6 48.6 51.8 Egocentric (+3.0) +0.2 (Marginal Gain)

Table 4: Key insights into performance changes for Egocentric, Exocentric, and Combined views from Table 3.

causes than to anticipate the visual consequences of an intended action. This pattern is exempli�ed by the
top-performing model, Gemini-2.5-Pro, which achieves an average score of 63.7% across all Action Inference
tasks, yet only scores 53.2% on State Prediction tasks. This substantial gap underscores a fundamental
weakness in their ability to perform predictive action reasoning concerning physical dynamics, which currently
lags far behind their explanatory and retrospective capabilities.

Performance Landscape of VLMs on Action Reasoning. Our evaluation reveals a profound gap
between current VLM capabilities and human performance in action understanding. As shown in
Table 1 and Figure 5a, the top-performing model, Gemini-2.5-Pro, achieves an overall score of 58.4%, which,
while leading the pack, falls dramatically short of the 95.6% accuracy demonstrated by human evaluators. This
substantial 37.2% gap underscores the immense challenge that nuanced, real-world physical reasoning poses
to even the most advanced systems. Within this performance landscape, a clear divide also emerges between
proprietary and open-weights models. As illustrated in Figure 5b, the top of the leaderboard is dominated by
proprietary models, with Gemini-2.5-Pro (58.4%), Gemini-2.5-Flash (46.9%), and GPT-4.1 (46.4%) setting the
benchmark. While the leading open-weights models such as GLM-4.5V (46.2%) deliver competitive results, the
overall trend suggests that the architectural and data-scaling advantages of proprietary VLMs currently
provide a distinct edge in bridging the formidable semantic-to-physical gap in multi-level
bidirectional action reasoning tasks.

3.3 The Impact of Multiple Views on VLMs

Richer Views Do Not Guarantee Better Performance. To investigate how perceptual richness a�ects
the semantic-to-physical gap, we conducted an ablation study varying the number of exocentric camera
views from one to four using the BridgeData V2 dataset, which is well-suited for multi-exocentric-view
analysis. Our experiment revealed that VLMs respond to additional visual data in highly distinct ways. As
shown in Figure 6a, while a model like InternVL-14B demonstrates monotonic improvement with more views,
more advanced reasoning models such as Gemini-2.5-Flash show a consistent decline in overall performance.
This suggests a counterintuitive �nding: providing richer visual information does not consistently
lead to better performance and may, in some cases, introduce a reconciliation overhead that hinders the
action reasoning capabilities of VLMs. To isolate models' reasoning capabilities from potential visual data
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(a) High-Level Action Errors (b) Mid-Level Action Errors (c) Low-Level Action Errors

Figure 7: Error categorization of VLMs across high-level, mid-level, and low-level action reasoning tasks. As
actions become more granular, failures shift from primarily Perceptual Grounding Errors to Reasoning Errors.

inconsistencies, we conducted an additional controlled ablation using synchronized and recti�ed DROID
stereo pairs in Appendix C.5. This experiment provides further empirical evidence of degraded performance
in advanced reasoning models like Gemini-2.5-Pro when exposed to multi-view inputs. A deeper analysis,
detailed in Table 2, reveals this variation is strongly tied to the nature of the reasoning task. On one
hand, Action Inference tasks tend to bene�t from richer perceptual input. For instance, models
like Qwen2.5-VL-72B and GLM-4.5V show steady gains on these tasks as more views are added. This
suggests that for retrospective reasoning, more visual data provides more complete evidence, helping the
model to disambiguate a past event. In stark contrast, State Prediction tasks exhibit a much more
fragile relationship with additional views. This fragility largely explains the complex and sometimes
negative performance trends observed in our experiment. For example, the performance of top models like
GLM-4.5V and Gemini-2.5-Flash on high-level State Prediction tasks peaks with just a single camera view
before declining. This divergence suggests that while more visual data helps clarify a completed action, it
can complicate the process of forecasting a future state. We hypothesize that predicting an outcome requires
precise geometric and physical reasoning, and that attempting to reconcile and project forward from multiple,
slightly inconsistent perspectives imposes a signi�cant cognitive overhead.

Rotation Poses the Primary Challenge for Mid-Level Actions Understanding. Building upon
our discovery of a performance bottleneck at the mid-level of the action hierarchy, we conducted a more
granular analysis to examine how error rates for speci�c mid-level action types�translation, rotation, and
gripper actions�are a�ected by the number of exocentric views. As depicted in Figure 6b, the average
normalized error rates indicate that rotational actions represent the most formidable challenge for
VLMs within the mid-level setting. Across all tested exocentric viewpoint con�gurations, rotational
actions consistently yielded the highest error percentages, ranging from 38.22% to 39.76%. We con�rmed
this �nding via a paired t-test in Appendix C.13, showing that rotational errors are signi�cantly more
frequent than translational errors (p = 0 :013, mean di�. +3 :27%) with a very large e�ect size Cohen's
d = 2 :04. In sharp contrast, gripper actions proved to be the least ambiguous, consistently showing the lowest
error rates (decreasing from 25.89% with one view to 24.28% with four views), suggesting that additional
perspectives are indeed bene�cial for resolving simple binary states. However, both translation and rotation
error rates showed no signi�cant and consistent improvement with the addition of more views. Instead,
their error rates �uctuated and even slightly increased overall as more views were added. This divergence
suggests that while richer visual input helps clarify the discrete states of a gripper, it struggles to resolve the
intricate geometric reasoning required for 3D translation and, most notably, rotation. This further emphasizes
that the core di�culty in grounding compositional language descriptions of continuous spatial
transformations into robust physical understanding.
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Figure 8: Six representative error examples illustrating Perceptual Grounding Errors and Reasoning Errors.

3.4 The Dominance of the Egocentric Perspective

Egocentric Perspective Dominates in Single-View Scenarios. To comprehensively understand the
impact of camera perspective on action understanding, we conducted an ablation study investigating the
e�cacy of egocentric versus exocentric viewpoints, and their combination, in bidirectional reasoning tasks.
This analysis was performed exclusively on the DROID dataset, as it is the only dataset in our benchmark
that provides both camera perspectives. The average performance across representative VLMs under these
various view settings is summarized in Table 3, with key insights highlighted in Table 4. Our �ndings reveal
a clear advantage for the egocentric view in single-view scenarios. When only one viewpoint is available,
the egocentric perspective unequivocal ly outperforms the exocentric view across al l action levels
for both State Prediction and Action Inference tasks. We statistically validated this dominance using
a two-proportion Z-test in Appendix C.14, con�rming that the egocentric advantage is signi�cant for both
State Prediction (p = 0 :014) and Action Inference (p < 0:001). For the State Prediction task, the egocentric
view demonstrated a signi�cant advantage, particularly on high-level actions with a 12.2% margin. The
dominance of the egocentric view is even more pronounced in the Action Inference task, where its lead on
high-level actions is substantial at 23.8%. This robust performance across all metrics underscores that the
�rst-person, egocentric perspective provides a more informative and e�ective viewpoint for understanding
cause-and-e�ect relationships in action reasoning tasks when visual input is limited to a single stream.

Egocentric and Exocentric Fusion Leads to A Clash of Perspectives. Contrary to the intuitive
expectation that fused visual information would improve understanding, our analysis shows that current VLMs
do not generally bene�t from a combined egocentric and exocentric view. As highlighted in Table 4, providing
ostensibly richer visual information through view fusion leads to a consistent degradation in
performance in almost al l scenarios when compared to using the superior egocentric view alone.
For the State Prediction task, the drop is most severe for high-level actions, with a 6.8% margin compared
to the egocentric-only baseline. A similar trend is observed in the Action Inference task, where performance
with the fused view on high-level and mid-level inference declines by 3.3% and 3.5%, respectively. This
pattern suggests that current VLMs struggle to properly reconcile and integrate information from distinct
�rst-person and third-person viewpoints. Rather than creating synergy, the combined input appears to
introduce con�icting noise that prevents models from e�ectively bridging the semantic-to-physical gap. This
reinforces the notion that e�ective embodied intelligence requires not just more data, but a principled
approach to integrating diverse sensory inputs to avoid overwhelming the model's reasoning capacity.
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4 Qualitative Error Analysis

Our quantitative �ndings indicate a reasoning bottleneck. To further validate this observation, we conducted a
qualitative error analysis of the top-performing model, Gemini-2.5-Pro. Speci�cally, we randomly sampled 50
error cases for each action level within both the State Prediction and Action Inference tasks. Our qualitative
analysis reveals an empirical shift in the nature of failures across the action hierarchy, from predominantly
perceptual errors at the high level to geometric and physical reasoning errors at the low level. The distribution
of these errors across the three action levels is illustrated in Figure 7, and a detailed error taxonomy with
representative examples is provided in Table 33.

General Error Trends. A qualitative analysis of 150 sampled error cases reveals a clear and systematic
shift in the challenges faced by VLMs across the three tiers of the action hierarchy. Across all levels, errors
can be broadly categorized into two main types: Perceptual Grounding Errors and Reasoning Errors. At the
high-level setting, perceptual errors are clearly dominant over reasoning errors (59.0% vs. 41.0%), meaning
VLMs usually understand the logic of the goal but misidentify the objects involved. This balance gradually
inverts as we move towards more granular action representations. At the low-level, reasoning errors become
the majority of failures (56.0% vs. 44.0%), which indicates that the primary bottleneck at the low level is not
a lack of visual information, but rather a de�ciency in how models think about 3D spatial transformations
and coordinate systems.

Perceptual Grounding Errors. This category encompasses failures where the model misinterprets the
visual information present in the scene. These errors are not about faulty reasoning but about an incorrect
�seeing� of the world, and they manifest in several ways. The �rst row of Figure 8 includes some of the most
classical examples of Perceptual Grounding Errors we discovered through analysis of the model's internal
reasoning process. For instance, the model might su�er from Dynamics Hallucination, where it fails to
understand principles like object occlusion; when a previously hidden chocolate bar becomes visible, the model
hallucinates a �placing� action rather than recognizing it was simply revealed. Similarly, Action Outcomes
Hallucination occurs when the model invents a visual outcome that isn't there, such as misinterpreting a
shadow as a �wet mark� to satisfy the command to �wipe the plate.� Furthermore, Dynamic Perception
Errors can corrupt the model's basic object identi�cation during physical interactions. In a notable case, a
robot holding an orange was perceived as holding both an orange and a banana, simply because the gripper's
color resembled a banana, leading to a completely �awed understanding of the scene.

Reasoning Errors. This class of errors arises not from misperception, but from �awed logic, incorrect
inferences, or a poor understanding of physical or temporal dynamics. As demonstrated in the second row of
Figure 8, these failures can sometimes be subtle. For example, a model might commit an Action Speci�city
Error, a type of commonsense failure where it correctly identi�es the objects involved but describes the
action with a label that is factually true but unhelpfully imprecise. Another common commonsense failure is
Postconditions Overinference, where the model makes rigid assumptions about the outcome of an action,
such as insisting that a �move� command must conclude with the object being released, even if the visual
evidence only shows it being held in a new location. Finally, Temporal Reasoning Errors reveal a fundamental
confusion about the sequence of events. In these cases, the model may correctly identify the change in the
scene but incorrectly infer the direction of time, leading it to mistake the initial state for the �nal one and
consequently deduce the exact opposite of the action that occurred, such as believing an apple was placed
into a bowl when it was actually picked up.

5 Related Work

Benchmarks for Embodied Agents. Prior benchmarks have been vital for advancing embodied AI.
One line of work, Embodied Question Answering (EQA) (Das et al., 2018; Gordon et al., 2018; Anderson
et al., 2018; Yu et al., 2019; Ku et al., 2020; Ma et al., 2022; Tan et al., 2023; Majumdar et al., 2024; Zhao
et al., 2025b; Li et al., 2025; Jiang et al., 2025), focuses on navigation and visual perception. Another
prominent category centers on language-guided manipulation (Zheng et al., 2022; Mees et al., 2022; Liu et al.,
2023; Zhao et al., 2025a; Yang et al., 2025c; Yin et al., 2025) evaluating high-level reasoning and robotic
skills. While essential, these benchmarks are primarily designed to measure task completion, often treating
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Benchmark SP AI HL-QA ML-QA LL-QA Multi-Views Real Scenes

EQA (Das et al., 2018) 3 7 3 7 7 7 7
MT-EQA (Yu et al., 2019) 3 7 3 7 7 7 7
VLMbench (Zheng et al., 2022) 3 7 3 7 3 3 7
ARNOLD (Gong et al., 2023) 3 7 3 7 7 3 7
OpenEQA (Majumdar et al., 2024) 3 7 3 7 7 7 3
VisualAgentBench (Liu et al., 2024) 3 7 3 7 7 3 7
Embodied Agent Interface (Li et al., 2024a) 3 7 3 7 7 7 7
EmbodiedBench (Yang et al., 2025c) 3 7 3 7 3 3 7
ManipBench (Zhao et al., 2025a) 3 3 3 7 3 7 3
WorldPredictionBench (Chen et al., 2025a) 3 7 3 7 7 7 3
WM-ABench (Gao et al., 2025) 3 7 3 3 7 3 7

ActionEQA 3 3 3 3 3 3 3

Table 5: Comparison of ActionEQA with prior work on evaluating embodied agents. SP denotes State
Prediction; AI denotes Action Inference; HL, ML, and LL denote high-, mid-, and low-level actions.

the agent's reasoning process as a black box. They can tell us if an agent succeeded, but not provide a
�ne-grained diagnosis of why or where it failed in the critical translation from a semantic goal to a physical
action. This lack of granularity makes it di�cult to dissect an agent's understanding across the action
hierarchy. ActionEQA is designed to �ll this diagnostic void, providing a systematic framework to dissect
the semantic-to-physical gap at every level of the action hierarchy.

VLMs as Embodied Agents. VLMs now serve as the central reasoning core for embodied agents (Jiang
et al., 2022; Driess et al., 2023; Stone et al., 2023; O'Neill et al., 2024; Chen et al., 2025b), yet bridging the
semantic-to-physical gap remains a primary challenge. The �eld has seen a rapid paradigm shift, moving from
earlier approaches that decomposed goals into interpretable mid-level skills (Huang et al., 2022a; Ahn et al.,
2022; Huang et al., 2022c) to modern end-to-end models (Brohan et al., 2022; 2023; Belkhale et al., 2024; Kim
et al., 2024; Black et al., 2024; Schakkal et al., 2025) that directly generate low-level motor commands. While
this end-to-end approach has increased agent capabilities, it has come at the cost of interpretability, rendering
their internal reasoning increasingly opaque. This growing opacity creates a critical need for diagnostic tools.

6 Conclusion

We introduce ActionEQA, a new action-centric diagnostic benchmark grounded in real-world robotics
data to evaluate the semantic-to-physical gap in VLMs. By leveraging a three-tiered action hierarchy and
a bidirectional reasoning framework, ActionEQA comprehensively evaluates VLMs' ability to translate
abstract goals into precise physical actions and pinpoints their failures in understanding action-based cause
and e�ect. Our analysis of 34 VLMs reveals that the primary challenge is not a simple decline from abstract to
concrete reasoning, but a distinct bottleneck at the mid-level of the action hierarchy to ground compositional
language into 3D spatial transformations. We also �nd that VLMs are much better at inferring past actions
but struggle to predict future outcomes, exposing a core weakness in their predictive physical reasoning.
Furthermore, we show the bottleneck is often reasoning, not just perception. Richer visual input can impose a
reasoning burden and degrade performance, with egocentric views proving dominant in single-view scenarios.
These �ndings challenge the notion that perception is the main obstacle for embodied agents. Instead, they
demonstrate a core de�cit in spatial, physical, and predictive reasoning. We posit ActionEQA as a valuable
tool to guide the development of next-generation VLMs that can bridge the gap from semantic understanding
to physical execution in embodied agents.
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A Extended Related Work

The pursuit of general-purpose robots has been signi�cantly advanced by the integration of Vision-Language
Models (VLMs) (Anthropic, 2025; OpenAI, 2025c; Comanici et al., 2025; Yang et al., 2025a; Zhu et al.,
2025) as the reasoning core for embodied agents (Jiang et al., 2022; Huang et al., 2023; Li et al., 2024b;
Huang et al., 2024). Research in this area has evolved from models that generate high-level textual plans
for separate execution, such as PaLM-E (Driess et al., 2023), to end-to-end Vision-Language-Action (VLA)
models (Zhen et al., 2024; Black et al., 2024; Team et al., 2024; Belkhale et al., 2024; Intelligence et al.,
2025), which directly map multimodal inputs to low-level motor commands. More recent work has explored
hierarchical policies like RT-H (Belkhale et al., 2024), which introduces language-based intermediate action
representations, and generalist policies (Team et al., 2024; Black et al., 2024), which leverage massive datasets
like Open X-Embodiment (O'Neill et al., 2024) to create adaptable, foundational models. While these models
demonstrate remarkable capabilities in perception and planning, a critical challenge remains in their ability
to precisely ground semantic instructions in physical actions. Our work, ActionEQA, directly addresses this
by providing a framework to systematically analyze this �semantic-to-physical gap�, moving beyond simple
task success to diagnose how and why these powerful agents succeed or fail at the action interface.

Existing benchmarks have been instrumental in driving this progress, but they often evaluate agents from a
�black box� perspective, focusing on high-level outcomes. Benchmarks like EQA (Das et al., 2018; Majumdar
et al., 2024) focus on navigation and question-answering, while others like CALVIN (Mees et al., 2022),
VLMBench (Zheng et al., 2022), and ARNOLD (Gong et al., 2023) evaluate an agent's ability to complete
long-horizon, compositional, or language-guided manipulation tasks. While some, like ManipBench (Zhao
et al., 2025a) and EmbodiedBench (Yang et al., 2025c), probe low-level physical reasoning and comprehensive
capabilities, they do not o�er a systematic way to pinpoint failures within the action-generation process.
ActionEQA introduces a novel, diagnostic approach. By structuring evaluation across a Three-Tiered
Action Hierarchy (high, mid, low) and employing Bidirectional Reasoning Tasks, our benchmark
is uniquely designed to dissect the agent's understanding at di�erent levels of abstraction, identifying the
speci�c �cli�� where semantic understanding fails to translate into correct physical grounding.

The translation of intent to motion in embodied agents is inherently hierarchical. At the highest level, LLMs
are increasingly used for Task and Motion Planning (TAMP), decomposing complex commands into
symbolic sub-goals (Kaelbling & Lozano-Pérez, 2011; Ahn et al., 2022; Huang et al., 2022a;b; Wang et al.,
2024b). At the lowest level, imitation learning techniques like Behavior Cloning (Chen et al., 2021; Reed et al.,
2022; Baker et al., 2022; Chi et al., 2023) and, more recently, Di�usion Policies (Chi et al., 2023; Ze et al.,
2024) have proven highly e�ective at generating precise, continuous motor commands from observations. The
crucial and most challenging link is the intermediate level, where abstract plans are grounded into semantic
skills�a key bottleneck our work identi�es. The performance degradation at the mid-level in ActionEQA
highlights the importance of hierarchical architectures like RT-H that explicitly model this intermediate layer.
By focusing on this critical interface, our benchmark provides a targeted tool for evaluating and fostering the
development of models that can truly bridge the gap from high-level reasoning to precise, real-world action.
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Figure 9: The ActionEQA benchmark adopts a standard coordinate system centered at the robot's base
frame. The positive X-axis (red arrow) points State Prediction, the positive Y-axis (green arrow) points
left, and the positive Z-axis (blue arrow) points upward.
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B ActionEQA Benchmark Curation Details

This section provides a comprehensive breakdown of the 5-stage data curation pipeline for the ActionEQA
benchmark, as illustrated in Figure 4 in the main paper. Our methodology is designed to systematically
process large-scale, in-the-wild robotics data into high-quality, diagnostically valuable question-answering
pairs. The �nal benchmark consists of 8,795 questions derived from three foundational datasets: DROID,
BridgeData V2, and RT-1.

B.1 Datasets Selection

Our benchmark, ActionEQA, is constructed entirely from large-scale, real-world robotics datasets to
ensure that our analysis is grounded in the complexities of real-world physical interactions. We speci�cally
selected three prominent datasets�DROID, BridgeData V2, and RT-1�for their scale, diversity, and detailed
action-state logging, which are essential for our �ne-grained, multi-level evaluation framework. Below, we
detail the characteristics of each dataset.

B.1.1 BridgeData V2

BridgeData V2 (Walke et al., 2023) is a large-scale dataset designed to facilitate research in generalizable
robotic manipulation skills. It comprises approximately 60,000 trajectories collected across 24 distinct
environments, featuring a wide array of tasks such as pick-and-place, pushing, folding, and sweeping. Each
trajectory is accompanied by a natural language instruction, which we utilize for the high-level action
de�nitions in our benchmark.
The demonstrations were collected on a 6-DoF WidowX 250 robot arm. The dataset provides detailed
7-dimensional state vectors for the end-e�ector at each timestep, which includes its 6D Cartesian pose (x, y, z,
roll, pitch, yaw) and a value for the gripper state. For the purpose of ActionEQA, we derive the low-level
action vector by calculating the di�erence between the robot's end-e�ector state at consecutive timesteps (st+1

and st ). This method of calculating relative changes in pose and gripper status aligns seamlessly with the
low-level action formulation used in ActionEQA. The dataset's richness in environmental and task diversity
provides a solid foundation for testing a model's ability to generalize across di�erent scenarios. Furthermore,
BridgeData V2 o�ers multiple camera views, including a primary over-the-shoulder view and other randomized
RGB camera perspectives, which supports our multi-view analysis experiments in Section 3.3.

The Raw Data Schema of the BridgeData V2 Dataset

BridgeData V2 = {
"episode_metadata": {

"episode_id": <tf.Tensor: shape=(), dtype=int32, numpy=38>, # Unique episode identifier
"file_path": <tf.Tensor: shape=(), dtype=string>, # The file path where the original episode data is stored.
"has_language": <tf.Tensor: shape=(), dtype=bool, numpy=True>, # Availability of language instruction
"has_image_0": <tf.Tensor: shape=(), dtype=bool, numpy=True>, # Availability of the first camera view.
"has_image_1": <tf.Tensor: shape=(), dtype=bool, numpy=True>, # Availability of the second camera view.
"has_image_2": <tf.Tensor: shape=(), dtype=bool, numpy=True>, # Availability of the third camera view.
"has_image_3": <tf.Tensor: shape=(), dtype=bool, numpy=True> # Availability of the fourth camera view.

},
"steps": <_VariantDataset element_spec={

"is_first": TensorSpec(shape=(), dtype=tf.bool, name=None), # If this is the first step of the episode.
"is_last": TensorSpec(shape=(), dtype=tf.bool, name=None), # If this is the last step of the episode.
"is_terminal": TensorSpec(shape=(), dtype=tf.bool, name=None), # If the episode terminated at this step.
"discount": TensorSpec(shape=(), dtype=tf.float32, name=None), # Discount factor for this step
"reward": TensorSpec(shape=(), dtype=tf.float32, name=None), # Reward associated with this step
"action": TensorSpec(shape=(7,), dtype=tf.float32, name=None), # [�x, �y, �z, �roll, �pitch, �yaw, �gripper]
"observation": {

"state": TensorSpec(shape=(7,), dtype=tf.float32, name=None), # [x, y, z, roll, pitch, yaw, gripper]
"image_0": TensorSpec(shape=(256, 256, 3), dtype=tf.uint8, name=None), # Image from the first camera view.
"image_1": TensorSpec(shape=(256, 256, 3), dtype=tf.uint8, name=None), # Image from the second camera view.
"image_2": TensorSpec(shape=(256, 256, 3), dtype=tf.uint8, name=None), # Image from the third camera view.
"image_3": TensorSpec(shape=(256, 256, 3), dtype=tf.uint8, name=None) # Image from the fourth camera view.

},
"language_instruction": TensorSpec(shape=(), dtype=tf.string, name=None), # Natural language instruction
"language_embedding": TensorSpec(shape=(512,), dtype=tf.float32, name=None) # Natural language embedding.

}>
}

Figure 10: The data structure of a raw episode in the BridgeData V2 dataset
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B.1.2 DROID

The Distributed Robot Interaction Dataset (DROID) (Khazatsky et al., 2024) is an another large-scale,
�in-the-wild� manipulation dataset known for its exceptional diversity in scenes, tasks, and lighting conditions.
It contains over 76,000 successful demonstration trajectories, amounting to 350 hours of interaction data,
collected across 564 unique scenes by 50 di�erent data collectors. This extensive variation makes DROID an
ideal source for evaluating the robustness and generalization capabilities of VLMs.
The data was collected using a standardized hardware setup consisting of a 7-DoF Franka Panda robotic arm.
The dataset provides detailed 7-dimensional state vectors for the end-e�ector in the �observation� dictionary,
recording its 6D Cartesian pose and gripper position at each timestep. To form the basis of our low-level
action hierarchy, we calculate thealow vector by subtracting the end-e�ector state at timestep t from the
state at timestep t + 1. This resulting 7-dimensional vector represents the end-e�ector's motion and gripper
state change:

alow = [�x; �y; �z; �roll; �pitch; �yaw; �g]

where (� x; � y; � z) denotes the translational displacement, (� roll; � pitch; � yaw) represents the rotational
change, and �g speci�es the change in gripper state.
A key feature of the DROID dataset for ActionEQA is its camera con�guration. Each data collection setup
includes two exocentric (third-person) stereo cameras and one egocentric (�rst-person) wrist-mounted camera.
This provides the multi-perspective visual data necessary for our analysis of how di�erent camera viewpoints
a�ect a VLM's action understanding, as detailed in Section 3.4 of the main paper.

The Raw Data Schema of the DROID Dataset

DROID = {
"episode_metadata": {

"recording_folderpath": tf.Text, # path to the folder of recordings
"file_path": tf.Text, # path to the original data file
},

"steps": {
...
"language_instruction": tf.Text, # language instruction
"language_instruction_2": tf.Text, # alternative language instruction
"language_instruction_3": tf.Text, # alternative language instruction
"observation": {

"gripper_position": tf.Tensor(1, dtype=float64), # gripper position state
"cartesian_position": tf.Tensor(6, dtype=float64), # robot Cartesian state
"joint_position": tf.Tensor(7, dtype=float64), # joint position state
"wrist_image_left": tf.Image(180, 320, 3, dtype=uint8), # wrist camera RGB left viewpoint
"exterior_image_1_left": tf.Image(180, 320, 3, dtype=uint8), # exterior camera 1 left viewpoint
"exterior_image_2_left": tf.Image(180, 320, 3, dtype=uint8), # exterior camera 2 left viewpoint

},
"action_dict": {

"gripper_position": tf.Tensor(1, dtype=float64), # commanded gripper position
"gripper_velocity": tf.Tensor(1, dtype=float64), # commanded gripper velocity
"cartesian_position": tf.Tensor(6, dtype=float64), # commanded Cartesian position
"cartesian_velocity": tf.Tensor(6, dtype=float64), # commanded Cartesian velocity
"joint_position": tf.Tensor(7, dtype=float64), # commanded joint position

"joint_velocity": tf.Tensor(7, dtype=float64), # commanded joint velocity
},

...
},

}

Figure 11: The data structure of a raw episode in the DROID dataset

B.1.3 RT-1

The Robotics Transformer 1 (RT-1) dataset (Brohan et al., 2022) was collected to train a large-scale,
multi-task transformer model for robotics. It contains over 130,000 episodes spanning more than 700 distinct
task instructions, collected by a �eet of 13 Everyday Robots mobile manipulators over 17 months. The sheer
scale and task diversity of the RT-1 dataset make it an invaluable resource for assessing the limits of current
VLMs.
The robots used for collection are mobile manipulators, each equipped with a 7-DoF arm and a mobile base.
Consequently, the action space in RT-1 is a combination of 7 dimensions for arm movement and 3 dimensions
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for base movement (x, y, yaw). ActionEQA's core objective is to dissect the semantic-to-physical gap in arm
manipulation. The concurrent movement of the mobile base introduces confounding variables that make it
di�cult to isolate and analyze the arm's action at a granular level. For instance, a change in the visual scene
could be due to the arm, the base, or both, creating ambiguity for our mid-level and low-level reasoning tasks.
To prevent this confusion and maximize the quality and focus of the ActionEQA benchmark, we exclusively
utilize the RT-1 data to construct our high-level State Prediction and Action Inference tasks. These high-level
tasks, de�ned by natural language goals, are less sensitive to the speci�c motor commands, allowing us to
leverage the dataset's vast task diversity without compromising the integrity of our �ne-grained analysis.
The data was collected in real-world o�ce kitchen environments, adding another layer of realistic complexity
to the high-level evaluation.

The Raw Data Schema of the RT-1 Dataset

RT-1 = {
"aspects": {

"has_aspects": tf.Tensor(False, dtype=bool),
"success": tf.Tensor(False, dtype=bool),
"already_success": tf.Tensor(False, dtype=bool),
"feasible": tf.Tensor(False, dtype=bool),
"undesirable": tf.Tensor(False, dtype=bool),

},

"attributes": {
"collection_mode": tf.Tensor(0, dtype=int64),
"collection_mode_name": tf.Tensor(b"UNSPECIFIED_COLLECTION_MODE", dtype=string),
"data_type": tf.Tensor(0, dtype=int64),
"data_type_name": tf.Tensor(b"UNSPECIFIED_DATA_TYPE", dtype=string),
"env": tf.Tensor(0, dtype=int64),
"env_name": tf.Tensor(b"UNSPECIFIED_ENV_TYPE", dtype=string),
"location": tf.Tensor(0, dtype=int64),
"location_name": tf.Tensor(b"UNSPECIFIED_LOCATION", dtype=string),
"objects_family": tf.Tensor(0, dtype=int64),
"objects_family_name": tf.Tensor(b"UNSPECIFIED_OBJECTS_FAMILY", dtype=string),
"task_family": tf.Tensor(0, dtype=int64),
"task_family_name": tf.Tensor(b"UNSPECIFIED_TASK_FAMILY", dtype=string),

},

"steps": tf.data.DatasetSpec({
"action": {

"base_displacement_vector": tf.TensorSpec((2,), tf.float32),
"base_displacement_vertical_rotation": tf.TensorSpec((1,), tf.float32),
"rotation_delta": tf.TensorSpec((3,), tf.float32),
"world_vector": tf.TensorSpec((3,), tf.float32),
"gripper_closedness_action": tf.TensorSpec((1,), tf.float32),
"terminate_episode": tf.TensorSpec((3,), tf.int32),

},

"observation": {
"image": tf.TensorSpec((256, 320, 3), tf.uint8),
"natural_language_instruction": tf.TensorSpec((), tf.string),
"natural_language_embedding": tf.TensorSpec((512,), tf.float32),
"base_pose_tool_reached": tf.TensorSpec((7,), tf.float32),
"vector_to_go": tf.TensorSpec((3,), tf.float32),
"rotation_delta_to_go": tf.TensorSpec((3,), tf.float32),
"src_rotation": tf.TensorSpec((4,), tf.float32),
"orientation_start": tf.TensorSpec((4,), tf.float32),
"orientation_box": tf.TensorSpec((2, 3), tf.float32),
"robot_orientation_positions_box":tf.TensorSpec((3, 3), tf.float32),
"workspace_bounds": tf.TensorSpec((3, 3), tf.float32),
"height_to_bottom": tf.TensorSpec((1,), tf.float32),
"gripper_closed": tf.TensorSpec((1,), tf.float32),
"gripper_closedness_commanded": tf.TensorSpec((1,), tf.float32),

},
...

})
}

Figure 12: The data structure of a raw episode in the RT-1 dataset
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B.2 Stage 1 & 2: Raw Episode Extraction and Key Frame Pair Selection

The curation process begins by extracting raw trajectory episodes from the source datasets. Each episode
contains sequences of state images and corresponding 7-Degree-of-Freedom (7DoF) end-e�ector state vectors.
From these raw sequences, we perform a rigorous key frame pair selection to ensure that every data point
used in ActionEQA is of high quality and represents a meaningful physical interaction.
This selection stage �lters out low-quality or uninformative data using several key heuristics:

ˆ Visual Quality Filtering: We automatically discard any image pairs ( st , st+1 ) that exhibit
signi�cant motion blur, poor or inconsistent lighting, or visual obstruction of the robot's end-e�ector.
This step ensures that the benchmark fairly assesses a model's reasoning capabilities without being
confounded by corrupted visual input.

ˆ Trivial Action Filtering: To focus the benchmark on substantial and clearly discernible robot
actions, we �lter out �trivial motions� by enforcing thresholds on the 7DoF action vector. A frame
pair is selected only if the action is signi�cant enough to cause a visually meaningful change. Due to
variations in camera proximity to the action in the source datasets, we established dataset-speci�c
thresholds. For a frame pair to be selected, at least two dimensions of its 7DoF action vector
must exceed their corresponding thresholds. This prevents the selection of frames with minor,
uni-dimensional adjustments and favors more complex, multi-dimensional movements.

The thresholds for translational movements (in meters), rotational movements (in degrees), and
gripper action (normalized) are de�ned as follows:

� BridgeData V2: [0 :1m; 0:1m; 0:1m; 18� ; 18� ; 18� ; 0:2] � Used for this dataset as the cameras
are generally positioned closer to the manipulation scene.

� DROID: [0 :18m; 0:18m; 0:18m; 18� ; 18� ; 18� ; 0:2] � A higher translational threshold is used for
this dataset because the cameras are typically positioned further from the scene, requiring a
larger movement to be visually signi�cant.

This dual-threshold, multi-dimensional �ltering approach guarantees that every selected (st ; at ; st+1 )
triplet represents an unambiguous and interpretable change in the physical environment, forming a
solid basis for generating meaningful questions.

B.3 Stage 3: Ground-Truth Action Extraction

After curating a high-quality set of key frame pairs, the next stage is to establish the ground-truth action
representations across all three levels of our action hierarchy. This creates the multi-level ground truth
necessary for ActionEQA's �ne-grained diagnostic evaluation.

ˆ High-Level Action ( ahigh
t ): The ground-truth high-level action is extracted directly from the

natural language task description provided in the source datasets (e.g., �Put the lemon on the plate�).
This captures the �what,� or the overall semantic intent of the robot's action. A list of representative
high-level actions can be found in Table 7.

ˆ Low-Level Action ( alow
t ): This is the raw 7-DoF command vector, which de�nes the �physical

how.� It is generated by subtracting the end-e�ector state at st from the state at st+1 , resulting in a
vector: [�x; �y; �z; �roll; �pitch; �yaw; �gripper].

ˆ Mid-Level Action ( amid
t ): To represent the �semantic how,� we translate the numerical low-level

action (alow
t ) into a structured, language-based description. This is achieved by mapping the low-level

vector to a prede�ned set of 14 customized mid-level action labels. As detailed in Table 6,
these labels describe fundamental motion primitives, such as �Move along positive X direction� or
�Tilt clockwise around Y-axis,� providing a compositional description of the end-e�ector's movement.

B.4 Stage 4: Distractor Action Generation

A critical step in creating a challenging benchmark is the generation of plausible but incorrect �distractor�
options for our multiple-choice questions. To ensure the distractors are relevant and require nuanced reasoning
to di�erentiate from the correct answer, we employ distinct strategies for each level of the action hierarchy.
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Motion Type Action (+) Action (-)

Translational Motions
X-axis Move along positive X direction Move along negative X direction
Y-axis Move along positive Y direction Move along negative Y direction
Z-axis Move along positive Z direction Move along negative Z direction

Rotational Motions
Roll Tilt clockwise around X-axis Tilt counterclockwise around X-axis
Pitch Tilt downward around Y-axis Tilt upward around Y-axis
Yaw Rotate counterclockwise around Z-axis Rotate clockwise around Z-axis

Gripper Actuation
Gripper Open gripper Close gripper

Table 6: The 14 mid-level action labels, organized into 7 opposing pairs. The (+) and (-) columns correspond
to actions treated as positive and negative directions in this work, respectively.

Data Source Unique High-Level Actions

DROID pick, place, put, remove, take
Bridge V2 flip, fold, move, pick, put
RT-1 move, pick, place

Table 7: Unique high-level actions for each data source in ActionEQA.

High-Level Distractors. For high-level actions, we employ a sophisticated prompt-based strategy to
generate distractors that are both plausible and subtly incorrect. We use a powerful vision-language model,
Qwen-QVQ-72B, which is provided with the initial image ( st ), the �nal image ( st+1 ), and the ground-truth
action description (ahigh

t ). As detailed in the prompt illustrated in Figure 26, the model is instructed to
generate three alternative actions. These distractors are designed to be stylistically consistent with the
ground truth while introducing a variety of speci�c, challenging errors. These errors include applying the
correct action to the wrong object, using the correct object but performing the wrong action, or describing a
plausible alternative outcome that did not actually occur. The resulting options are then reviewed by humans
to con�rm they are valid, challenging, and unambiguously incorrect.

Mid-Level Distractors. To generate challenging mid-level distractors, we �rst identify the set of ground-
truth mid-level action labels that describe the robot's movement. We then generate all possible combinations
of these identi�ed action labels. For example, if the ground-truth action is �Move along positive X direction,
Move along positive Y direction, and Rotate counterclockwise around Z-axis,� this involves three distinct
motion components: translation in X, translation in Y, and yaw (rotation around Z). This results in a total
of 23 = 8 possible combinations of these three movements. From this pool of combinations, we randomly
select three, ensuring they are not identical to the ground-truth action. This method creates distractors that
are highly relevant to the correct action but require a precise understanding of the combined movements to
correctly identify as incorrect.

Low-Level Distractors. Numerical distractors for the low-level are generated using heuristic techniques
designed to test a model's grasp of physical transformations. These techniques include inverting the signs of
the dominant motion axis (opposite direction), removing the dominant axis, or permuting the axis values
(wrong axis).

B.5 Stage 5: QA Generation and Human Veri�cation

In the �nal stage, the ground-truth action and the three generated distractors are assembled into multiple-
choice questions for our two bidirectional reasoning tasks: State Prediction and Action Inference.
This automated generation is followed by a comprehensive �nal review process:

ˆ Format Consistency: Ensuring all questions and answers adhere to a standardized format.
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ˆ QA Tagging: Categorizing each question based on the action level and reasoning type.

ˆ Human Veri�cation: The most critical step is a meticulous human review of every single question-
answer pair. Our annotators check each question for correctness, clarity, ambiguity, and overall
fairness. This crucial step catches subtle errors that automated methods might miss and guarantees
that the �nal 8,795 questions in the ActionEQA benchmark are of the highest possible quality,
ready for robust model evaluation.

B.6 Dataset Statistics

Statistic DROID BridgeData V2 RT-1 Total

Questions 2953 4732 1110 8795
Unique Images 8026 14;146 4144 26;213
Unique Episodes 367 1707 555 2629

Table 8: A breakdown of curation statistics for the benchmark across the three data sources.

QA Type
DROID BridgeData V2 RT-1

SP AI SP AI SP AI

High-Level 353 353 983 983 555 555
Mid-Level 509 489 438 890 N/A N/A
Low-Level 509 740 438 1000 N/A N/A

Total 2953 4732 1110

Table 9: A detailed breakdown of the question types for each data source in the ActionEQA.

As illustrated in Figure 3 and Table 8, the �nal ActionEQA benchmark comprises a total of 8,795 high-
quality, multiple-choice questions curated from 2,629 unique episodes and 26,213 images. These questions are
systematically distributed across three real-world robotics datasets, two bidirectional reasoning settings, and
three levels of the action hierarchy.

The questions are sourced from three distinct datasets to ensure diversity in tasks, environments, and
hardware. As detailed in Table 8, BridgeData V2 is the largest contributor with 4,732 questions, followed by
DROID with 2,953 questions, and RT-1 with 1,110 questions.

Structurally, the benchmark is designed to evaluate two complementary reasoning abilities. Action Inference,
which requires backward-looking reasoning, is the more prevalent setting with 5,010 questions. State
Prediction, which assesses State Prediction-looking predictive capabilities, accounts for the remaining
3,785 questions. These settings are applied across the action hierarchy to form our six core evaluation
categories: High-Level State Prediction (H-SP: 1,891), Mid-Level State Prediction (M-SP: 947), Low-Level
State Prediction (L-SP: 947), High-Level Action Inference (H-AI: 1,891), Mid-Level Action Inference (M-AI:
1,379), and Low-Level Action Inference (L-AI: 1,740). Table 9 o�ers a more detailed breakdown of these
question types within each data source.
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B.7 Action Distributions

B.7.1 High-Level Actions
To better understand the semantic diversity of high-level QAs in ActionEQA, we analyze the distribution
of high-level goal-oriented actions across our curated dataset. Table 10 presents the aggregate frequency
of high-level action verbs. The distribution re�ects the nature of general-purpose robotic manipulation,
which is heavily centered around object rearrangement. Consequently, the fundamental primitives put
(44:98%), pick (21:09%), and place (16:62%) constitute the vast majority (82:69%) of the dataset. More
specialized interactions such as fold and �ip appear less frequently, representing long-horizon or non-prehensile
manipulation tasks.

We further break down these distributions by data source in Table 11 to highlight dataset-speci�c characteristics.
This comparison reveals signi�cant lexical bias inherent to each source dataset. For instance, while BridgeData
V2 heavily favors the verb put (73:9%), RT-1 exclusively utilizes place (44:9%) and pick (32:2%) for similar
rearrangement tasks, with zero instances of put. DROID demonstrates the most balanced vocabulary, uniquely
contributing actions like remove (14:3%) and take (8:5%). Additionally, task-speci�c actions are localized;
fold and �ip are unique to BridgeData V2, re�ecting its inclusion of cloth manipulation episodes. This
variance underscores the importance of evaluating VLMs across multiple data sources to ensure robustness to
synonymous phrasing and diverse task semantics.

Action Count Percentage (%)

put 1954 44.98
pick 916 21.09
place 722 16.62
move 400 9.21

remove 144 3.31
fold 92 2.12
take 86 1.98
�ip 30 0.69

Total 4344 100.00

Table 10: Combined distribution of high-level actions across all datasets.

Action DROID BridgeData V2 RT-1

put 49.7% 73.9% 0.0%
pick 16.2% 15.9% 32.2%
place 10.7% 0.0% 44.9%
move 0.6% 4.1% 23.0%

remove 14.3% 0.0% 0.0%
fold 0.0% 4.7% 0.0%
take 8.5% 0.0% 0.0%
�ip 0.0% 1.5% 0.0%

Table 11: High-level action distribution comparison across datasets.
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B.7.2 Mid-Level Actions
While high-level actions describe the goal, mid-level actions in ActionEQA capture the language-based
kinematic changes required to achieve them. As shown in Table 12, our benchmark maintains a remarkably
balanced distribution across the three fundamental components of manipulation: Translation (35:87%),
Rotation (34:00%), and Gripper actuation (30:14%). This balance is crucial for a diagnostic benchmark,
ensuring that a model's performance score re�ects a comprehensive understanding of all physical articulation
types rather than being dominated by simple translational movements.

Table 13 o�ers a comparative analysis between mid-level QAs derived from the DROID and BridgeData
V2 datasets. Interestingly, while the complexity of samples is consistent across datasets, their kinematic
signatures di�er signi�cantly. DROID is notably rotation-heavy (46 :02%), re�ecting the complex 7-DoF
manipulation tasks often found in that dataset. In contrast, BridgeData V2 is translation-heavy (45:03%),
likely due to the wider spatial range of its collected trajectories. This divergence ensures that ActionEQA
tests a model's ability to ground language into di�erent physical embodiments and workspace constraints.

A granular breakdown of the speci�c motion primitives is provided in Table 14. Vertical movement (Z-axis)
accounts for 15:82% of all actions, and Z-axis rotation (Yaw) accounts for 18:2% of all actions. This prevalence
aligns with the standard top-down grasping approach common in robotic manipulation, where the agent
must orient the gripper (Yaw) and lower it (Negative Z) to interact with objects. Furthermore, we observe a
signi�cant skew in gripper actuation, with Close Gripper (21 :78%) appearing more frequently than Open
Gripper (8:35%). This asymmetry is characteristic of manipulation datasets, where the critical, reasoned
action is often the active grasping of an object, while release actions are less frequent or less visually distinct
in collected trajectories.

Action Type Count Percentage (%)

Translation 1821 35.87
Rotation 1726 34.00
Gripper 1530 30.14

Total 5077 100.00

Table 12: Distribution of mid-level action types in ActionEQA.

DROID BridgeData V2
Action Type Count % Avg/Sample Count % Avg/Sample

Translation 526 23.90 0.53 1295 45.03 0.98
Rotation 1013 46.02 1.02 713 24.79 0.54
Gripper 662 30.08 0.66 868 30.18 0.65

Total 2201 100.00 2.21 2876 100.00 2.17

Table 13: Comparison of mid-level action distributions between DROID and BridgeData V2 datasets.
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Type Action Count Percentage (%)

Translation Z+ (Positive Z) 464 9.14
Y+ (Positive Y) 425 8.37
Z- (Negative Z) 339 6.68
Y- (Negative Y) 315 6.20
X+ (Positive X) 147 2.90
X- (Negative X) 131 2.58

Rotation Yaw- (CW around Z) 466 9.18
Yaw+ (CCW around Z) 458 9.02
Roll+ (CW around X) 265 5.22

Pitch+ (Down around Y) 236 4.65
Pitch- (Up around Y) 172 3.39

Roll- (CCW around X) 129 2.54

Gripper Gripper- (Close) 1106 21.78
Gripper+ (Open) 424 8.35

Total 5077 100.00

Table 14: Distribution of mid-level actions across all datasets in ActionEQA.
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B.7.3 Low-Level Actions
At the lowest level of the hierarchy, ActionEQA evaluates the precise physical execution of commands. We
analyze the distribution of these actions using 7-DoF vectors [�x; � y; � z; � roll; � pitch; � yaw; � gripper].
To quantify the magnitude of these actions, we compute the Euclidean norm for translation in meters and
rotation in degrees, and the absolute change for gripper actuation measured as a continuous value from 0 to 1.

Table 15 and Table 16 provide a detailed statistical summary of these magnitudes across low-level QAs derived
from the DROID and BridgeData V2 datasets. A key observation is that the actions in our benchmark
represent substantial physical movements rather than trivial micro-adjustments. The average translational
movement is 16:0 cm for DROID and 12:2 cm for BridgeData V2, con�rming that the benchmark evaluates
meaningful state transitions.

The comparison between datasets reveals distinct physical characteristics. DROID consistently exhibits larger
action magnitudes across both translation (� = 0 :1603 m) and rotation (� = 28:07� ) compared to BridgeData
V2 (� = 0 :1218 m and� = 20:99� , respectively). This di�erence is likely attributable to the hardware
disparities. DROID utilizes a Franka Emika Panda arm with a larger workspace, whereas BridgeData V2
employs a smaller WidowX 250 robot. The high standard deviations observed in both datasets indicate a
high degree of variance in the evaluation data, which ensures that models are tested on a diverse range of
spatial orientations. The distribution of these magnitudes is further visualized in Figure 13.

Dataset Magnitude Type Mean Std Median Q25 Q75 Min Max

DROID Translation (m) 0.1603 0.0757 0.1554 0.0983 0.2103 0.0014 0.4160
Rotation (°) 28.0662 18.9103 22.1797 19.2778 27.8144 3.8514 126.5623
Gripper 0.3715 0.3406 0.2600 0.0000 0.7004 0.0000 1.0000

BridgeData V2 Translation (m) 0.1218 0.0502 0.1189 0.0901 0.1459 0.0074 0.3173
Rotation (°) 20.9946 12.8826 19.3699 11.7905 25.5753 1.6132 96.7925
Gripper 0.3484 0.2908 0.3600 0.0010 0.5065 0.0000 0.9574

Table 15: Low-Level Action Magnitude Statistics across Datasets

Dataset Translation (m) Rotation (°) Gripper

DROID 0.1603 ± 0.0757 28.07 ± 18.91 0.3715 ± 0.3406
BridgeData V2 0.1218 ± 0.0502 20.99 ± 12.88 0.3484 ± 0.2908

Table 16: Low-Level Action Magnitude Summary (Mean ± Std)

Figure 13: Distribution of low-level action magnitudes across DROID and BridgeData V2 datasets.
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B.8 Answer Key Distribution

To validate the fairness of ActionEQA, we conducted a rigorous statistical analysis of the ground-truth
answer key distribution across the entire benchmark.

As demonstrated in Table 17, the distribution of the four answer options across the full dataset is highly
uniform. Each option appears as the correct answer approximately 25% of the time, with deviations ranging
from only -0.22% to +0.36%. A Chi-square goodness-of-�t test yields a statistic of� 2 = 0 :66 (p = 0 :88),
indicating no statistically signi�cant deviation from a perfectly uniform distribution. This con�rms that there
is no global position bias that a model could exploit.

To ensure that biases do not exist at the source level, we analyzed the three constituent datasets independently.
As shown in Table 18, BridgeData V2 (p = 0 :66), DROID ( p = 0 :74), and RT-1 (p = 0 :57) all exhibit
uniform answer distributions. This consistency indicates that our distractor generation and shu�ing protocols
remained robust across di�erent data collection procedures and environments.

Finally, Table 19 provides a detailed breakdown across all 14 evaluation settings, splitting the data by source,
bidirectional task type (State Prediction vs. Action Inference), and hierarchy level (High/Mid/Low). While
minor �uctuations exist due to smaller sample sizes in speci�c sub-categories, there are no systematic patterns
favoring any speci�c answer position.

Collectively, these results con�rm that ActionEQA is free from answer position artifacts. Consequently,
model performance on this benchmark can be attributed to genuine visual-action reasoning rather than the
exploitation of dataset imbalances.

Answer Key Count Percentage (%) Expected Deviation

A 2190 24.90 2198.8 -8.8
B 2179 24.78 2198.8 -19.8
C 2230 25.36 2198.8 +31.2
D 2196 24.97 2198.8 -2.8

Total 8795 100.00

Table 17: Overall answer key distribution across all datasets. Chi-square test: �2 = 0:66, p = 0:8826.

Dataset A (%) B (%) C (%) D (%) � 2 (p-value)

BridgeData V2 24.9 24.5 25.7 24.9 1.61 (0.6565)
DROID 24.6 25.8 24.6 25.0 1.24 (0.7443)

RT-1 25.9 23.2 25.8 25.0 2.03 (0.5664)

Table 18: Answer key distribution by dataset (percentages and chi-square test results).
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Dataset Task Type A (%) B (%) C (%) D (%) n

BridgeData V2 High-SP 24.0 25.2 27.0 23.8 983
BridgeData V2 Mid-SP 24.4 26.5 24.7 24.4 438
BridgeData V2 Low-SP 26.9 24.7 22.4 26.0 438
BridgeData V2 High-AI 25.7 23.7 26.8 23.8 983
BridgeData V2 Mid-AI 23.1 25.5 27.2 24.2 890
BridgeData V2 Low-AI 25.6 22.6 24.2 27.6 1000

DROID High-SP 24.4 27.8 25.2 22.7 353
DROID Mid-SP 23.6 24.6 27.3 24.6 509
DROID Low-SP 24.4 27.3 25.7 22.6 509
DROID High-AI 25.5 24.1 23.8 26.6 353
DROID Mid-AI 28.0 27.0 21.7 23.3 489
DROID Low-AI 22.8 24.9 23.9 28.4 740

RT-1 High-SP 26.8 24.1 23.8 25.2 555
RT-1 High-AI 25.0 22.3 27.7 24.9 555

Table 19: Detailed answer key distribution for all dataset variants.
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C Additional Experimental Details

Company Model Name Release Date O�cial Name Evaluation Pipeline

Open-Weights Models

Google
Gemma-3-27b-it 2025-03 google/gemma-3-27b-it Gemini API
Gemma-3-12b-it 2025-03 google/gemma-3-12b-it Gemini API
Gemma-3-4b-it 2025-03 google/gemma-3-4b-it Gemini API

Zhipu AI
GLM-4.5V 2025-08 GLM-4.5V Zhipu Foundation Model Open Platform API
GLM-4.1V-Thinking 2025-07 GLM-4.1V-Thinking-FlashX Zhipu Foundation Model Open Platform API
GLM-4V 2024-08 GLM-4V-Plus-0111 Zhipu Foundation Model Open Platform API

Baidu ERNIE-4.5-VL-28B-A3B-PT 2025-06 baidu/ERNIE-4.5-VL-28B-A3B-PT ModelScope API

Meta
Llama-4-Scout-17B-16E-Ins 2025-04 meta-llama/Llama-4-Scout-17B-16E-Instruct ModelScope API
Llama-4-Mav-17B-128E-Ins 2025-04 meta-llama/Llama-4-Mav-17B-128E-Instruct ModelScope API

Shanghai AI Lab

InternVL3-14B 2025-04 OpenGVLab/InternVL3-14B Hugging Face Transformers
InternVL3-8B 2025-04 OpenGVLab/InternVL3-8B Hugging Face Transformers
InternVL3-2B 2025-04 OpenGVLab/InternVL3-2B Hugging Face Transformers
InternVL2.5-8B-MPO 2025-04 OpenGVLab/InternVL2.5-8B-MPO Hugging Face Transformers
InternVL2.5-2B-MPO 2025-04 OpenGVLab/InternVL2.5-2B-MPO Hugging Face Transformers
InternVL2.5-8B 2024-12 OpenGVLab/InternVL2.5-8B Hugging Face Transformers
InternVL2.5-2B 2024-12 OpenGVLab/InternVL2.5-2B Hugging Face Transformers

Alibaba

Qwen3-VL-8B-Ins 2025-10 Qwen/Qwen3-VL-8B-Instruct Hugging Face Transformers
Qwen2.5-VL-72B-Ins 2025-01 Qwen/Qwen2.5-VL-72B-Instruct ModelScope API
Qwen2.5-VL-32B-Ins 2025-01 Qwen/Qwen2.5-VL-32B-Instruct ModelScope API
Qwen2.5-VL-7B-Ins 2025-01 Qwen/Qwen2.5-VL-7B-Instruct Hugging Face Transformers
Qwen2.5-VL-3B-Ins 2025-01 Qwen/Qwen2.5-VL-3B-Instruct Hugging Face Transformers
Qwen2-VL-7B-Ins 2024-08 Qwen/Qwen2-VL-7B-Instruct Hugging Face Transformers
Qwen2-VL-2B-Ins 2024-08 Qwen/Qwen2-VL-2B-Instruct Hugging Face Transformers

AIDC
Ovis2.5-9B 2025-08 AIDC-AI/Ovis2.5-9B Hugging Face Transformers
Ovis2.5-2B 2025-08 AIDC-AI/Ovis2.5-2B Hugging Face Transformers

OpenBMB MiniCPM-V-4.5 2025-08 openbmb/MiniCPM-V-4.5 Hugging Face Transformers

Proprietary Models

OpenAI
o4-mini 2025-04 o4-mini-2025-04-16 OpenAI API
GPT-4.1 2025-04 gpt-4.1-2025-04-14 OpenAI API

Google

Gemini-2.5-Pro 2025-06 gemini-2.5-pro Gemini API
Gemini-2.5-Flash 2025-06 gemini-2.5-flash Gemini API
Gemini-2.5-Flash-Lite 2025-06 gemini-2.5-flash-lite Gemini API
Gemini-2.0-Flash 2025-02 gemini-2.0-flash Gemini API

Anthropic
Claude-Opus-4 2025-05 claude-opus-4-20250514 Anthropic API
Claude-Sonnet-4 2025-05 claude-sonnet-4-20250514 Anthropic API

Table 20: Details of Vision Language Models (VLMs) assessed on ActionEQA

C.1 Evaluated Vision-Language Models

To comprehensively assess the capabilities of contemporary vision-language models (VLMs), we evaluated a
diverse set of 34 leading open-source and proprietary models on our new ActionEQA benchmark. This
evaluation provides a thorough analysis of the challenges posed by ActionEQA and establishes a baseline
for future research aimed at improving di�erent levels of action understanding in embodied agents.

Open-Source Models. We evaluated 14 series of prominent open-source VLMs, covering a range of
architectures and parameter scales. This set includes: Gemma 3 (27B, 12B, 4B) (Team et al., 2025),
GLM-4.5V (Hong et al., 2025), GLM-4.1V-Thinking (Hong et al., 2025), GLM-4V-9B (Wang et al., 2024c;
GLM et al., 2024), ERNIE-4.5-VL-28B-A3B-PT (Baidu ERNIE Team, 2025), Llama-4Scout-17B-16f-Ins &
Llama-4-Maverick-17B-128e-Ins (Meta, 2025), InternVL3 (14B, 8B, 2B) (Zhu et al., 2025), InternVL2.5-MPO
(8B, 2B) (Wang et al., 2024d), InternVL2.5 (8B, 2B) (Chen et al., 2024), Qwen3-VL (8B) (Yang et al.,
2025a), Qwen2.5-VL (72B, 32B, 7B, 3B) (Bai et al., 2025a), Qwen2-VL (7B, 2B) (Wang et al., 2024a), ,
MiniCPM-V-4.5 (Yu et al., 2025; Yao et al., 2025) ,and Ovis2.5 (9B, 2B) (Lu et al., 2025).

Proprietary Models. For a comparative perspective against closed-source counterparts, we benchmarked
eight state-of-the-art proprietary models: Google's Gemini-2.5-Pro, Gemini-2.5-Flash, Gemini-2.5-Flash-Lite,
and Gemini-2.0-Flash (Comanici et al., 2025); OpenAI's GPT-4.1 (OpenAI, 2025a) and o4-mini (OpenAI,
2025c;b); and Anthropic's Claude-Sonnet-4 and Claude-Opus-4 (Anthropic, 2025). These models, all accessible
via API, represent the forefront of commercially available multimodal foundation models.

Evaluated Model Con�gurations. The speci�c model versions and the evaluation inference pipeline for
each model are detailed in Table 20. Vision input was processed using the default settings provided by each
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model's o�cial implementation. To guarantee reproducibility, all models were con�gured with a temperature
of 0 and evaluated under the zero-shot setting, with a maximum output length of 2048 tokens. Open-weights
models smaller than 14B were evaluated via Hugging Face Transformers on two Linux workstations, with
each machine con�gured with an NVIDIA 4090 (24 GB) GPU.

C.2 Evaluation Protocol

The primary metric for evaluation is accuracy. Each question is considered correct only if the model's response
exactly matches the ground-truth answer. These accuracy scores form the basis for our overall performance
calculation. To ensure a balanced assessment, we compute the overall performance using a hierarchical
averaging method. We de�neM as the set of all unique metric types (e.g.,M = fH-SP, M-SP, . . . g). For
each metric type m 2 M , we denoteDm as the set of all its reported accuracy scores, whereSm;i is the i -th
score within that set.
Our calculation begins by �nding the average score for each metric type,�Sm , by summing its reported
accuracy scores and dividing by the count of those scores, jDm j.

�Sm =
1

jD m j

jD m jX

i=1

Sm;i (1)

Next, the �nal overall performance, Poverall , is calculated as the arithmetic mean of the average scores for
each of the jMj unique metric types.

Poverall =
1

jMj

X

m2M

�Sm (2)

This approach guarantees that each fundamental skill category contributes equally to the �nal score.

C.3 Human Performance Evaluation

To establish a clear upper bound for performance and to contextualize our model evaluations, we conducted
a thorough human performance evaluation on the ActionEQA benchmark. We recruited two professional
annotators and assigned them disjoint subsets of the question-answering items, such that each annotator
completed half of the items with no overlap. The evaluation was administered through our custom-built,
intuitive user interface developed with Gradio, as demonstrated in Figures 14, 15, 16, 17, 18, 19. Critically,
to ensure a direct and equitable comparison, the human annotators received the exact same visual inputs,
instructions, and multiple-choice options as the VLMs.

To verify the reliability and consistency of human judgments on our benchmark, we calculated the Inter-
Annotator Agreement (IAA). For this analysis, we randomly sampled 20 items from each of the six distinct QA
categories, creating a representative subset of 120 items. Both annotators completed this subset independently
to allow for a direct comparison of their responses.

Our primary metric was Raw Percentage Agreement, which calculates the proportion of items where
both annotators chose the identical answer (Lombard et al., 2002). On the 120-item subset, the annotators
achieved a high raw agreement rate of 95.8%. To assess the statistical stability of this �nding, we computed
a 95% con�dence interval (CI) using the bootstrap percentile method. This procedure involved generating
1,000 bootstrap resamples from the 120 items and calculating the agreement for each, yielding a narrow 95%
CI of [92.5%, 98.3%], con�rming the robustness of the agreement score.

Furthermore, to account for the possibility of agreement occurring by chance in a multiple-choice format, we
also computed Cohen's Kappa ( � ) (Cohen, 1960). Given the four-option question structure, the probability
of chance agreementPe is 0.25. With an observed agreementPo of 0.958, the resulting Cohen's Kappa was
� = 0 :944. According to established interpretive scales, this value signi�es �almost perfect� agreement (Landis
& Koch, 1977). To further ensure that no speci�c level of the action hierarchy introduced undue ambiguity,
we decomposed the agreement analysis by action tier, as detailed in Table 21. Taken together, these strong
agreement metrics underscore the unambiguous nature of the tasks within the ActionEQA benchmark.
They also validate that the aggregated human performance reported in the main paper serves as a reliable
and meaningful ceiling for evaluating model capabilities.
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Action Level Raw Agreement 95% CI Cohen's Kappa (�)

High-Level 97.5% [92:5%; 100:0%] 0.967
Mid-Level 97.5% [92:5%; 100:0%] 0.967
Low-Level 92.5% [85:0%; 97:5%] 0.900

Overall 95.8% [92:5%; 98:3%] 0.944

Table 21: Breakdown of Inter-Annotator Agreement (IAA) across the three tiers of the action hierarchy.
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Figure 14: Example of a High-Level State Prediction task on our customized Gradio-based annotation
interface for evaluating human performance. In this interface, annotators are presented with a current state
image, a high-level goal-oriented action, and four candidate images representing possible next states. Their
task is to select the image that best matches the most likely next state.
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