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ERQA+: An Enhanced Benchmark on Embodied Reasoning
BAAI FlagEval Team

TL;DR: We introduce ERQA+, a new embodied reasoning benchmark that complements ERQA (from Gemini
Robotics Team) in multiple aspects:

e Egocentric scenes: ERQA+ is specifically adapted to embodied perspectives by focusing on egocentric
scenes.

e Reduced contamination: ERQA+ was completely newly created by manual annotation over recent
robotic videos, rather than reusing samples from earlier VQA datasets or benchmarks.

o Extended taxonomy: ERQA+ has been collected with a more fine-grained taxonomy to cover additional
embodied reasoning skills.

e Question types: ERQA+ comprises multiple question types, and also increases the number of options
for those formed as multiple-choice questions.

e Difficulty: the creation of ERQA+ includes multiple stages of data filtering to exclude trivial or easy
samples.

Abstract

Embodied reasoning capabilities from modern vision-language models are crucial for em-
bodied intelligence. We introduce ERQA+ , a new benchmark for embodied reasoning that
addressed a few limitations from ERQA, an earlier benchmark that directly motivates this
work. We attach links to the benchmark, evaluation code, and other potential updates on
this website: https://flageval-baai.github.io/ERQA-Plus-page/

1 Introduction

1.1 Embodied intelligence in the LLM era

The rapid development of large language models (LLMs) and vision-language models (VLMs) (OpenAl, 2025b;
Gemini Team, 2025) has brought a paradigm shift in embodied intelligence, enabling robotic agents to per-
ceive, reason, and act in the physical world with better generalization. Modern VLMs have demonstrated
remarkable general-purpose capabilities in visual recognition and semantic understanding due to pre-training
on large-scale image and text data. Recent advances in embodied Al either directly include explicit VLM com-
ponents to borrow their strong generalization power for perception, reasoning, and planning (Gemini Robotics
Team, 2025b;a; Cheang et al., 2025), or derive Vision-Language-Action (VLA) models from VLMs to translate
high-level language instructions directly into precise, context-aware physical actions (Kim et al., 2024; Black
et al., 2024; Physical Intelligence, 2025; Shukor et al., 2025).

That said, key properties relevant to embodied intelligence remain challenging, including but not limited to spa-
tial reasoning, task planning, navigation, etc. An earlier benchmark RoboVQA (Sermanet et al., 2024) focuses
on interactive, long-horizon scenarios, but the unbounded output space makes it very difficult to faithfully
evaluate. To measure progress specifically in embodied reasoning, Gemini Robotics Team (2025b) introduce
a benchmark named Embodied Reasoning Question Answering, known as ERQA in short. ERQA specifically
focuses on capabilities likely required by an embodied agent that perceives and interacts with the physical
world. Figure 1 (top) shows three examples from ERQA. They may require a VLM to recognize or track objects
across different video frames, or to infer the spatial relationship with other objects in the scene.

1.2 Why ERQA+

ERQA makes a useful start on benchmarking embodied reasoning. However, it has clear limitations given that
it is not serving as an ordinary general-purpose visual question-answering (VQA) benchmark. Specifically:

1. ERQA is formed by 400 problems in a simple multiple-choice question answering (MCQA) format, with
each problem having no more than four options only. Many questions only involve as few as two options,
typically Yes-No questions, making random guess easier.
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Trajectory Reasoning

Approximtely which colored
trajectory should the zipper follow
to begin zipping up the suitcase?

A. Blue
B. Purple
C. Green
D. Red

ERQA examples

Action Reasoning

Spatial Reasoning

How should the person move the
wrench so that it is ready to rotate
the hex screw closest to it?

A. Forward and right
B. Up and left

C. Forward and left

D. None of the above

ERQA+ examples

There are 4 sinks in the picture.
Which arrow points to the one that
is closest to the viewer?

A. Cyan

B. Blue

C. Red

D. None of the arrows

Perception
Counting

Spatial Reasoning
Relative shape

Planning
Navigation

Based on the image, please tell
me how many boaoks in the shelf
compartment (red-boxed area)
are clearly taller than the white
book the right robotic arm is
pushing?

Answer: 10

Rank by the estimated distance to
the robot (camera) from the
closest to the furthest.

Answer: C,D,E,B,A

From A to C via B, which actions
should be performed in order?
A. Go straight

B. Turn left

C. Turn right

D. Turn around

E. Face the basketball hoop
direction

Answer:EA,B,A

Spatial Reasoning
Multi-view matching

L 2
~

Answer: C,B,D,A

Which points in the second image correspond to A, B, C, and D in the firstimage, respectively?

Figure 1: Examples from the ERQA (above; all are multiple-choice questions with four or less options) and

ERQA+ (below; with more diverse and more difficult problem types).
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2. ERQA is mostly derived from image datasets covering general scenes (e.g., street view), with only a few
of them taken from an embodied or ego-centric viewpoint. Using samples or exact images from much
earlier datasets also leaves potential risk of evaluation data contamination.

3. ERQA is guided by a rather coarse-grained taxonomy, with categories including: spatial reasoning, action
reasoning, trajectory reasoning, state estimation, task reasoning, multi-view reasoning, pointing, and
other.

To address this need, we introduce ERQA+ , our newly collected benchmark that inherits the original inten-
tion of ERQA, but with some new properties that make it more relevant to embodied reasoning and more
challenging:

e The annotation of ERQA+ is based on manually selected video frame(s), using videos sampled from a
diverse set of recent robotic datasets that guarantee an egocentric viewpoint that naturally appears as
input to an embodied agent.

e ERQA+ is collected with the guidance from a more detailed and crafted taxonomy of embodied reasoning
(Section 2.1).

e ERQA+ by design contains new types of prompts or questions, while disallowing multiple-choice questions
that have very few options to choose from, making it difficult for guessing.

e The collection process of ERQA+ introduces new mechanisms for difficulty filtering, leaving out the easiest
guestions that are relatively trivial to measure embodied reasoning on more modern VLMs.

As shown in Figure 1 (examples on the bottom half), the examples have richer visual scenes but still captured
in egocentric viewpoints. The problems are generally more difficult for random guessing as the solution space
becomes combinatorially larger.

2 The ERQA+ Benchmark

2.1 Taxonomy

The collection of ERQA+ is guided by a slightly more detailed taxonomy, with four coarse categories and 11
fine-grained categories:

e Spatial reasoning: covering a wide range of capabilities that needs 2D or 3D relationship understanding:
with subcategories Dynamic for reasoning on potential movements or traces, multi-view matching from
simultaneous multiple viewpoints, understanding of relative shape, relative distance, or relative direction
among a number of objects or places

e Perception: measuring how good a model is at object and scene recognition, state and activity understand-
ing, and a combinatorial variant of counting

¢ Planning: including goal decomposition and navigation, reflecting reasoning capabilities in different stages

e Prediction: with only one subcategory (future prediction) measuring capabilities in prediction future
events, mostly counterfactual

2.2 Benchmark Statistics

The current release of ERQA+ contains 800 QA pairs, distributed according to Figure 2. The types of questions
also pass beyond the simplest one-in-four or one-in-two multiple-choice questions, with additional types in-
troduced such as sorting, matching, integer-valued counting, composite-judgment that sequentially combines
multiple smaller yes-no questions, and also a few open-form questions. The statistics are shown in Table 1.
During evaluation, different question types will also be attached with different formatting prompt template,
specified in Appendix B.1.

In the next section, we will briefly describe how ERQA+ has been collected and post-processed.
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State & Activity Understanding
Goal Decampositon 92

Object & Scene Recogrition
18

Statistics Number tevigten
Total Questions 800 - s epnon
Multiple-choice 283 (35.4%) e ~
Sorting 214 (26.8%)
Matching 101 (12.6%) Sty (S
Counting 121 (15.1%) [——
Composite-judgment 64 (8.0%) T
Open 17 (2.1%) e e once
Table 1: Question type of ERQA+. Figure 2: Distribution of task categories.

3 Data Collection

Our benchmark is annotated on manually selected frames from egocentric videos, followed by multiple stages
of quality review and filtering. We briefly illustrate the entire process in Figure 3, and describes more details
in the following subsections.

3.1 Data sources of egocentric videos

We sample videos from 8 publicly available embodied datasets: AgiBot World (AgiBot-World-Contributors
et al., 2025), DROID (Khazatsky et al., 2024), Ego-Exo4D (Grauman et al., 2024), EgoLife (Yang et al., 2025),
EgoDex (Hoque et al., 2025), RoboMind (Wu et al., 2024), BDRBench-20 (Li et al., 2024), and Egocentric-
10K (Al, 2025). These datasets cover a wide range of environments such as houses, offices, kitchens, super-
markets, and factories. The videos feature diverse activities such as cooking, cleaning, repairing, and object
manipulation, providing a rich source of embodied interactions for our benchmark.

3.2 Question annotation

All question-answer pairs are manually labeled to ensure their quality and correctness. The construction of
each QA pair usually follows a uniform sequence of steps:

1. Determine the category of the question and select a certain frame or several frames from the video that
are suitable for the question.

2. Write the questions and answers, and make necessary annotations on the selected frame(s).

3. Test the question using six small MLLMs to ensure that it is not a simple visual recognition or can be
answered without pictures.

The questions are categorized into the following types: multiple-choice questions, ordering questions, match-
ing questions, true/false questions, and numerical problems. Each type of question contains one or more
subcategories to evaluate different aspects of the model’s capabilities. More details about the annotations
and interfaces are presented in the Appendix A.

In the third step, we chose six small MLLMs, phi-4-multimodal-instruct (Microsoft, 2025), gwen2.5-vI-32b-
instruct (Qwen Team, 2025), qwen-2.5-vl-7b-instruct (Qwen Team, 2025), glm-4.5v (GLM-V Team, 2025),
mistral-small-3.2-24b-instruct (Mistral Al Team, 2025) and gpt-4.1-mini (OpenAl, 2025a) for preliminary de-
tection of the questions. Through the responses of these six models, we ensure that the answers to all
guestions must be derived through reasoning based on the content of the images. In order to make the data
more challenging at the same time, we require that at least two of these six models give incorrect answers.
After the data collection is completed, there will be two rounds of review to recheck the category, expression,
correctness of the answers and difficulty.



éFlagEval

Difficulty control
by small VLMs

checked by
human

Frame capue & |:> QA pain |:{>
Picture annotate
[

Question Question
design Templates
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Category-specific
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checked by
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GPT-4.1-Nano

Data Filtering & Sampling

Figure 3: The completion process of data collection, annotation, filtering and sampling.

3.3 Filtering

After multiple rounds of quality review, we also conduct additional filtering schemes in this work to exclude
samples that might have been too easy or relatively trivial, henceforth possessing less value for the purpose
of evaluation.

LLM-based filtering Similar to many earlier VQA benchmarks, many questions from the initial set we collect
might be correctly answered based on just commonsense knowledge encoded in text, even without the need
to check the image. We prompt a strong LLM (GPT-5-mini) with the textual questions only, and exclude those
that can be correctly guessed.

Sparse caption + LLM filtering Some questions left out from the first step may still be trivial or technically
easy as the only dependency would be a simple object recognition. We adopt an “LLM plus perception” filter
that first transcribes significant objects or scenes using a strong VLM (Gemini 2.5 Pro), and then attach them
with the textual question.

Category-specific filtering We design specific filtering schemes for a few categories. For instance, we found
that the target answer for initial questions collected under the category of counting heavily bias towards zero
or one. For such questions, we only keep those that are sufficiently challenging.

Difficulty filtering We exclude questions that can be answered by all of the smaller and weaker models we
evaluated earlier in preliminary trials, including GPT-4.1-nano, Gemini-2.0-Lite, Qwen3-VL-8B.

Category-specific hard sampling The final filtering stage involves targeted down-sampling for several cate-
gories that might have overrepresented in the data. We specifically reduce the number of counting problems,
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multi-view matching problems, and relative shape ordering problems, as we have collected more than intended
proportions of those subsets probably due to the relatively easier annotation cost.

4 Results

4.1 Evaluated models

We evaluate the most typical VLMs on ERQA+ , including the frontier proprietary models like Gemini 2.5 Pro
(more recently Gemini 3 Pro) and the GPT-5 family, open-weight models like Qwen3-VL-235B-A22B, along
with a few smaller VLMs such as Qwen3-VL-8B, Gemma3-12B, and Phi-4-multimodal.

4.2 Experimental results

We show results from all evaluated VLMs on our ERQA+ benchmark in Table 2. Compared with ERQA where
the metrics are rather close among different models, our new ERQA+ benchmark clearly enlarges the gap
between smaller models and larger models. The overall metrics are 10%-25% lower, showing that ERQA+ is
also more challenging.

Model ERQA+ ERQA
Perception Planning Prediction Spatial Reasoning  All All
Gemini-3-Pro-preview 53.5 49.0 74.0 59.1 57.3 66.0
Gemini-2.5-Pro 33.6 37.0 54.0 33.3 35.1 | 57.3
Gemini-2.5-Flash 32.3 22.0 48.0 26.6 28.9 | 53.3
GPT-5 424 38.0 56.0 46.7 450 | 59.3
GPT-5-Mini 34.1 22.0 40.0 39.3 35.8 | 53.8
Qwen3-VL-235b-a22b 33.2 34.0 48.0 32.8 340 | 495
GPT-5-Nano 18.9 12.0 18.0 21.2 19.3 | 458
Qwen3-VL-8B 23.5 14.0 32.0 21.0 21.5 | 41.8
Gemma3-12b 15.7 8.0 14.0 13.9 13.6 | 36.8
Phi-4-Multimodal 18.4 11.0 14.0 14.3 15.0 | 36.0

Table 2: Performance comparison of various vision-language models on ERQA and ERQA+.

Frontier models such as Gemini 3 Pro and GPT-5 are showing stronger performance on many aspects of
embodied reasoning. As shown in Table 3, Gemini 3 Pro (Preview) is showing very good performance on
multi-view matching, state & activity understanding, and future prediction.

| L1 Category | L2 Category | Correct [ Total | Accuracy (%) |
Overall Total 458 800 | 57.25
Perception Total 116 217 | 53.50
Perception Counting 45 107 | 42.10
Perception State & Activity Understanding | 60 92 65.20
Perception Object & Scene Recognition 11 18 61.10
Planning Total 49 100 | 49.00
Planning Goal Decomposition 41 77 53.20
Planning Navigation 8 23 34.80
Spatial Reasoning | Total 256 433 | 59.10
Spatial Reasoning | Dynamic 39 62 62.90
Spatial Reasoning | Relative distance 39 103 | 37.90
Spatial Reasoning | Relative direction 27 49 55.10
Spatial Reasoning | Multi-view matching 88 106 | 83.00
Spatial Reasoning | Relative shape 63 113 | 55.80
Prediction Total 37 50 74.00
Prediction Future prediction 37 50 75.60

Table 3: Detailed results on Gemini-3-Pro-Preview

Some other findings:
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Larger VLMs are stronger in recognition and prediction Models at the frontier, such as GPT-5 and the very
recently announced Gemini 3 Pro (Preview), are showing superior capabilities across multiple dimensions
of embodied reasoning. On the other side of the table, it is shown to be very difficult for smaller VLMs
to accurately identify the objects marked on the picture. Figure 4 shows an example on which the smaller
GPT-5-Nano model makes many errors on perception or relational understanding, while GPT-5 has nailed it.

Question

GPT 5 Reasoning Trace

GPT 5 Nano Reasoning Trace

In the first image, which points in
the second image correspond to A,
B, C, and D respectively?

Answer: D,C,B,A

In the first image, point A is on the left side
near the window, with B on the couch
backrest, C by the suitcase wheel, and D
on the top right corner of the bag. So,
point D corresponds to the window
location in the second image.

So, I've determined that the first image's
point A corresponds to point D in the
second image. For point B, which is on the
couch in the firstimage, it corresponds to
point Cin the second image. Point C from
the firstimage is near the wheel, but |
can't find a specific corresponding dot on a
wheelin the second image. Point B in the
second image is near the top left corner of
the bag, potentially close to the wheel
area. Lastly, point D in the first image
aligns with point A in the second.

I'll conclude that the mapping is as follows:
A correspondstoD,BtoC,Cto B,and D to
A. So, the final answer is:

Final Answer: D, C, B, A

| need to determine the correct mapping
of points A, B, C, and D across both images.
In the first image, A is near the left window
frame, while D is at the couch, yetin the
second image, D is by the window frame
on the right. It's a bit confusing! When |
look closely at the positions, it seems that
A might correspond to B in the second
image, while D might align in other ways. |
think | need to solidify the mappings—
perhapsinorder: D, A, B, C for clarity?

In the first image, D is at the back of the
sofa, while in the second image, there's
also a D labelin the same area. But the
task requires me to specify how A, B, C,
and D correspond between the two
images. Notably, | see C near the suitcase
wheel in the first image, while B appears
near the left side of the suitcase in the
second. After analyzing the positions, my
best guess for the final answer is:

Final Answer: B, A, D, C.

Figure 4: Example on the superiority of larger models (GPT-5) versus a smaller VLM (GPT-5-Nano)

Relative spatial relationships remains a challenge We notice that even the strongest models are still making
errors on spatial understanding, especially those formatted with our new question types (e.g., sorting). As one
may notice in Figure 5, models are still giving superficial claims about relative distance judging from the 2D
image of a 3D scene. Identifying the 3D relative spatial relationships of objects on 2D images remains a
considerable challenge in the current reasoning paradigm.

Question

Gemini 3 Reasoning Trace

GPT 5 Reasoning Trace

Which point among ABCDE is

closest to the left gripper?

Answer: B

**Point A** is positioned just above the
main body of the left gripper. The vertical
distance on the 2D image plane between
the top of the left gripper and Point Ais
relatively small.

**Point E** is much higher up and further
away on the wall.

**Point B** is further to the rightand
deeper into the background than Point A.
**Points Cand D** are on the right side of
the image, much closer to the right gripper
than the left one.

**Conclusion**: Comparing the proximity
of all labeled points to the left gripper,
Point A is the nearest both in terms of 2D
pixel distance and physical location within
the scene's layout (being on the left side
behind the arm).

Final Answer: A

Comparing the 2D distances from the left
gripper to each labeled point:

- Ais on the plant pot near the left side,
close to the left gripper.

-Band C are higher and more
central/right, farther away.

- D is near the right chair, closest to the
right gripper.

- E is far upper-left.

Thus, A is the closest to the left gripper.
Final Answer: A

Figure 5: An example that none of the evaluated models can answer correctly.
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5 Conclusion

We introduce ERQA+ , a new benchmark on embodied reasoning that addresses several limitations from an-
other earlier benchmark ERQA. Our evaluation results show magnified gaps between smaller models and
larger models, while also showing a bigger room for improvement in embodied reasoning. We hope this re-
source could help future development of embodied vision-language models with improved spatial reasoning,
planning, and event understanding capabilities as targets.
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A.1 Annotation guideline

The annotation guideline contains detailed guidance on the specific steps from loading a robotic video to the
end result of annotated questions and video frames. During the annotation process, an additional interface is
also provided to instantly test a candidate data sample on weaker or smaller VLMs to get a sense of potential
question difficulty.

Specific guidelines:

1. Video upload: The video annotation tool operates as a browser-based frontend utility (See Figure 6).
For initial configuration, users are required to input a username in the upper-right corner of the interface.
This identifier is persisted locally, thereby eliminating the need for repetitive input in subsequent sessions.
To import one or more target videos, users can either click the 'Upload Video’ button or directly drag and
drop the files into the designated gray area. To identify specific frames for annotation, users can navigate
the video by dragging the progress bar or pressing the spacebar to toggle playback.

2. Annotation: Annotation is performed on paused frames using the left-side panel. Users first specify the
target category (question type and sub-class). The tool supports four distinct annotation modes: point,
rectangle, arrow, and text label, each allowing for adjustments in color and line width. Furthermore, the
tool supports error correction via undo operations or by clearing the entire canvas. Subsequently, users
are required to input the corresponding prompt and answer for the current frame. Pressing the 'S’ key
saves the annotation, which is then immediately displayed in the annotation log on the right-hand panel.
For scenarios involving multi-frame prompts, the text input (question and answer) must be provided only
on the initial frame of the sequence.

3. Preliminary trial: By clicking the central 'Multi-model QA’ button, users are redirected to a dedicated
frontend interface. Here, users copy the text prompt and drag the corresponding image from the anno-
tation log into the input field. Clicking the 'Run Six Models’ button triggers concurrent inference across
six multimodal large models. Finally, clicking 'Download JSON’ exports the results into a JSON file, which
serves as the requisite input for the tool’s JSON File’ module.

4. Expected result: Upon completion of all annotation tasks, clicking the 'Finish All Annotations’ button
in the bottom-left corner triggers the download of a ZIP archive, which include "uploaded_data.json"
(the raw user input), "annotation_summary.json" (aggregated annotation results), an "images directory"
(housing all relevant image files), and a "README.md" file.

A.2 Interfaces

Figure 6 shows the screenshot of the interface for video frame extraction and question annotation. Figure 7
show the interface for preliminary trials on smaller VLMs during annotation.

B Evaluation Details

B.1 Evaluation prompts

To simplify answer parsing, we add specific prompt suffices after different types of problems:

e Open-form: **Finalize your output with:** ‘Final Answer:;, followed by a string representing the correct answer.

e Multiple-choice questions: **Finalize your output with:** ‘Final Answer:, followed by a letter or a comma-
separated list of letters which means the option of correct answer. **Format example:** ‘Final Answer: A’

e Matching: **Finalize your output with:** ‘Final Answer:’, followed by a comma-separated list. **Format exam-
ple:** ‘Final Answer: A, B, C, D, E'

e Ordering: **Finalize your output with:** ‘Final Answer:', followed by a comma-separated list. **Format exam-
ple:** ‘Final Answer: A, B, C, D, E'

e Counting: **Finalize your output with:** ‘Final Answer:; followed by a number. **Format example:** ‘Final
Answer: 123°

e Composite-judgment: **Finalize your output with:** ‘Final Answer:, followed by a comma-separated list com-
posed of 0 or 1.**Format example:**'Final Answer:[1,1,0]"

For more details, please check our GitHub repository referred in the project website.
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Ctrl + C: Clear current canvas
S: Save annotations for the current frame
Z: Undo current annotation
Ctrl + D: Delete all videos

1

Figure 6: The interface of the annotation tool

Multi-Model Vision Comparator

Enter a prompt, drag in up to 10 images, and compare responses from 6 models.

Prompt

Compare the images from before and after the task. How many items did the robotic arm put away?

Drag & drop images here, or |

Run 6 Models

Configuration
Configure retry behavior for model request failures. When a request fails, tem will automatically retry and display a retry button on each model card.

Max Retries: Base Delay (ms): Max Delay (ms): Backoff Factor:

3 1000 10000 2

Update Config Reset

microsoft/phi-4-multimodal-instruct

Copy qwen/qwen2.5-vl-32b-instruct qwen/qwen-2.5-vl-7b-instruct

Figure 7: The interface of the tool for preliminary MLLM trials to examine the difficulty of samples during
data annotation
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