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Abstract

Vision-Language Models (VLMs) have demon-
strated impressive performance when inte-
grated into robot manipulation pipelines, but
real-world evaluation of VLM capabilities on
downstream robotics tasks is both difficult and
expensive to scale. We propose that spatial
and temporal ordering tasks using images from
stereo and wrist cameras attached to real-world
robots are particularly well-suited for evaluat-
ing visual reasoning capabilities, as they assess
skills directly applicable to robots. We evalu-
ate VLM reasoning abilities on three questions:
ordering shuffled frames conditioned on a lan-
guage description of the task, ordering objects
depthwise based on distance from the camera,
and ordering objects from left-to-right in pixel
coordinates. The complexity of these tasks can
also be modulated by changing the size of the
set to sort. Our experiments show that several
state-of-the-art vision-language models strug-
gle on ordering tasks. To fix this, we propose
a scalable autonomous training data genera-
tion pipeline, and show that both supervised
finetuning and reinforcement-learning on the
generated data can significantly improve VLM
reasoning performance both on spatiotemporal
ordering tasks as well as downstream robotics
and visual reasoning tasks.

1 Introduction

Vision-Language Models (VLMs) have been
adapted for diverse roles in robot manipulation
pipelines as their capabilities have increased, serv-
ing as task planner components (Yang et al., 2025b),
reward models (Rocamonde et al., 2024), action
annotators (Hancock et al., 2026), and code pol-
icy generators (Liang et al., 2023). Effectively
performing these tasks requires sophisticated rea-
soning over large collections of images. Consider
using a VLM to predict task progress based on re-
cent observations; the VLM must be able to reason
about spatial relationships between objects both

within a frame and across frames—e.g., to measure
whether the gripper moved closer to a target object
to be grasped.

As a consequence, there is an urgent need to
study and improve the fundamental capabilities of
VLMs at spatiotemporal reasoning. While there
has been significant recent interest in this prob-
lem (Wang et al., 2025), much of it focuses on
general settings that do not capture the specific chal-
lenges that arise in robotics settings: (1) cluttered
scenes from robot-centric viewpoints, (2) reason-
ing about object relationships across time, and (3)
integrating information across multiple viewpoints.

We first conduct a systematic evaluation of mul-
tiple large VLMs on realistic spatiotemporal or-
dering tasks under a variety of settings, like hav-
ing access to computer vision model outputs or
having structured test-time compute. Our order-
ing problems are constructed from robot demon-
stration videos in the DROID dataset (Khazatsky
et al., 2024) (examples in Figure 1). Our results
indicate that leading VLMs underperform on our
dataset of real-world robotics images when com-
pared to previously reported results. To address
this performance gap, we present RoboReason,
a scalable data generation pipeline for generat-
ing spatiotemporal reasoning training data from
robot manipulation trajectories. We train much
smaller models on a small amount (700 samples)
of pipeline-generated data using Supervised Fine-
tuning (SFT) and Group Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024) and show that
model performance increases significantly, even
matching the performance of much larger models
on some tasks. We also train small models on larger
pipeline-generated training datasets of 8.8K sam-
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Figure 1: Examples of spatiotemporal ordering tasks in our dataset.

ples and find that model performance also improves
on downstream spatial and robotics reasoning tasks,
demonstrating the potential for our approach to
improve the efficacy of VLMs targeting robotics
tasks.

Our main findings are as follows:

* VLMs that perform well on existing spa-
tial reasoning benchmarks struggle on multi-
object ordering tasks in real-world robot
manipulation images. We evaluate state-of-
the-art embodied reasoning VLMs like Gemini
Robotics-ER 1.5, GPT-5, and Qwen3-VL-235B
on our tasks and discover that their performance
decreases sharply as we increase the number of
items to order. Additionally, GPT-5 and Gemini-
ER-1.5 are unable to achieve more than 80% ac-
curacy on the easiest base setting of ordering
two objects in any of our spatiotemporal tasks,
despite reporting higher results in several other
spatial reasoning benchmarks (Ray et al., 2024;
Tong et al., 2024; Team et al., 2025).

* VLMs improve their performance in spatial
ordering tasks with outputs from computer
vision models. We show that using a specialized
vision model to predict segmentation maps or
bounding boxes and then providing this informa-
tion to the VLM mostly improves its accuracy on
our left-to-right and depth-wise spatial ordering
tasks. These results suggest that VLMs strug-
gle with basic capabilities such as identifying
objects in cluttered environments, compared to
specialized vision models.

* VLMs do not improve performance on tempo-
ral ordering tasks when provided with struc-
tured test-time compute, but do improve per-
formance on spatial ordering tasks when pro-
vided with the same compute. We study if
explicitly structuring test-time compute by ap-
plying merge sort over VLM-generated pairwise
comparisons aids performance in high reasoning
settings. Our results show that merge sort per-
forms worse or at a comparable level to providing
all set elements to the VLM at once on temporal
ordering tasks, but does improve spatial ordering
performance. These results suggest that VLMs
successfully reason over more than two frames
to solve our temporal ordering tasks.

* Both reinforcement learning and supervised
finetuning (SFT) on pipeline-generated data
improve small model performance on down-
stream reasoning tasks. We scale our data
construction pipeline to construct 8857 train-
ing samples for each ordering task, and fine-
tune Qwen3VL-8B-Instruct on generated data.
We observe that training on generated data im-
proves performance on multiple downstream
tasks. However, no single approach improves
performance across all downstream tasks, and, in
some cases, performance degrades after training
on generated data.

* Reinforcement learning yields limited benefits
on temporal ordering but offers large boosts
on spatial ordering on training with a small set
of generated data. We perform reinforcement-
learning finetuning experiments on Qwen2-VL-



2B-Instruct and SmolVLM?2-2.2B-Instruct using
GRPO to maximize ordering performance on our
tasks can improve its performance. Performance
improves significantly on both 2D and depth spa-
tial ordering tasks (with Qwen2-VL outperform-
ing all larger VLMs on some tasks), while we
observe more limited performance improvements
on our temporal ordering task. Small model per-
formance also increases proportional to the size
of the RoboReason-generated training dataset.

Related work. While several large-scale robot
manipulation datasets have been released with as-
sociated robot camera images (O’Neill et al., 2024;
Khazatsky et al., 2024), attempts to utilize such
trajectories for evaluating VLM reasoning have fo-
cused on trajectory-specific spatial orientation and
robot-object interactions (Chen et al., 2025). Alter-
natively, most approaches to evaluation VLM spa-
tiotemporal reasoning use question-answer bench-
marks with high-resolution images and answer op-
tions (Hudson and Manning, 2019; Antol et al.,
2015; Wang et al., 2025), which means VLM rea-
soning results can be influenced by guesswork, se-
lection bias, and lack of visual noise or cluttered
scenes (Balepur et al., 2024; Zheng et al., 2024;
Song et al., 2025). Our approach instead leverages
tasks using real-world robot camera images and
trains models on multi-object spatiotemporal or-
dering tasks, decreasing the evaluation bias. We
discuss related work in detail in Appendix A.

2 RoboReason

Our pipeline comprises of methods to construct
three ordering tasks. In each task, the VLM is pro-
vided with a shuffled set of items alongside any
task-specific context, and is tasked with reproduc-
ing the original ordering of the items. We use the
pipeline task outputs as-is for our training experi-
ments, but our test set has been checked by humans.
We formalize the three ordering tasks as follows:

1. Temporal ordering: We assume we are pro-
vided with a set of video frames f1, fa, ..., fr
with associated timestamps 1, ta, . . ., t, and
a language description ! describing the task
being performed. After providing only the
frames and the language description to the
VLM, we ask the VLM to output a permu-
tation of the frames VLM (f1,..., fu;l) =
11,...,%p such thatt;, <, <--- <t .In
the canonical task setting, each video frame

comprises three images (left, right, and wrist
camera) stitched into a single image.

2. Depth ordering: This task provides a sin-
gle video frame f alongside a list of the
names of objects present in f specified via
their names. We denote the list of objects as
01,02, ...,0n, and their associated distances
from the camera dy, . . . , d,. The VLM is then
prompted to output a permutation of the ob-
jects VLM(01,...,0n; f) =i1,...,ip such
that dil < diz < < dzn

3. Left-to-right ordering: This task is con-
structed in a similar way as depth ordering,
except dy, . ..,d, now measure the distance
between the left edge of frame f and the cen-
troid of the object in 2D image space.

2.1 Data Generation Pipeline

Temporal Ordering. We randomly sample trajec-
tories from the DROID dataset (Khazatsky et al.,
2024) that have language annotations. We divide
each selected trajectory into 5 equal segments, and
select one frame at random from each segment. We
label the five images 1-5 after sorting in increas-
ing temporal order, and for the corresponding 3
image setting, we select images 1, 3 and 5. Ground
truth orderings are calculated using the timestamps
of the trajectory provided in the original DROID
trajectory. Recall that these are expert demonstra-
tion trajectories, so frames sampled from later in a
trajectory will typically exhibit higher task progres-
sion than those from earlier in the trajectory. It is
the ability to assess this robotics task progression
that our ordering task is designed to evaluate.
Depth Ordering: Using the trajectories sampled
for the temporal ordering task, we use the left cam-
era view of a randomly selected video frame from
each trajectory for the depth ordering task, since
the wrist camera view is often directly above an ob-
ject and does not show multiple objects at different
depths. We identify objects present in the image
with GPT-5, and construct bounding boxes using
GroundingDINO (Liu et al., 2025) for all identi-
fied objects. Then, we filter out all trajectories
where fewer than 5 objects with non-overlapping
intersection over union mask, bounding boxes, and
containment are visible in the scene. We impose
a mask intersection over union (IoU) threshold of
0.01, a bounding box IoU threshold of 0.3, and
a bounding box containment threshold of 0.5. If
more than 5 such objects are present in a trajectory,



we uniformly sample objects to initialize our set of
5 objects. For ground truth depth ordering, we gen-
erate depth maps for each image using Marigold
(Ke et al., 2025), a monocular depth estimation
model. We then generate segmentation masks of
each object using Grounded SAM 2 (Ren et al.,
2024) (using the GPT-5 generated object names),
and compute the mean depth of each object over
all pixels in the segmentation mask.

Left-to-Right Ordering: For our left-to-right
ordering task, we use the left-view camera images
from the depth task, each from a unique DROID
trajectory. For each image, similar to depth or-
dering above, we use the list of objects identified
by GPT-5, and infer object bounding boxes for
each with GroundingDINO. We first remove any
objects we classify as scene objects (objects with
widthppox > 0.7 X widthipsge). Then, we find
the largest cluster of objects lying along a similar
horizontal level, enforcing a maximum centroid y-
coordinate difference of 0.5. Finally, in this cluster,
we remove any objects that almost fully overlap
with another object, i.e., have bounding boxes with
10U > 0.7. If we have less than 5 valid objects at
this point, we discard the trajectory. The ground
truth left-to-right ordering is constructed for valid
trajectories using the x-coordinate of the centroid
of the bounding box encompassing each object.

For the left-to-right and depth datasets, once we
have filtered trajectories from the original temporal
dataset, we continue sampling trajectories until we
achieve the desired training set size.

2.2 Reinforcement Learning Finetuning

To examine if reinforcement learning can be used
as a viable method for improving model per-
formance on our spatiotemporal ordering tasks,
we train Qwen2-VL-2B-Instruct and SmolVLM?2-
2.2B-Instruct using GRPO (Shao et al., 2024)
on our three ordering tasks using data gener-
ated via our pipeline. We use the Kendall rank
correlation coefficient, defined as 7 = 1 —

2(number of discordant pairs)

- , between the LLM gener-

2
ated rank and the ground truth rank as a reward
function for all our tasks.

3 Experiments

We conduct two sets of experiments. First, we eval-
uate the spatiotemporal reasoning ability of cur-
rent state-of-the-art VLMs (Section 3.2). Second,
we evaluate our training data generation pipeline

by human validation of the pipeline outputs and
evaluating small VLMs finetuned on the pipeline-
generated data (Section 3.3).

Our experiments seek to answer the following
questions with respect to large VLM performance:

1. How does VLM spatiotemporal ability vary
across different reasoning levels?

2. Does structuring test-time compute by per-
forming pairwise comparisons and using
merge sort help improve model performance?

3. At what rate does model performance decline
as more objects/images are added to the or-
dering list, and how does this rate vary for
different models?

4. Does overlaying segmentation maps and
bounding boxes on images help improve VLM
spatiotemporal reasoning performance?

We attempt to answer the following questions to
evaluate RoboReason-generated training data:

1. How accurate are the pipeline generated out-
puts with respect to human annotations?

2. Does finetuning on our ordering tasks improve
downstream robotics or visual reasoning task
performance?

3. How does finetuned model performance on
spatiotemporal ordering change with 1) train-
ing task type and ii) amount of pipeline-
generated data used?

3.1 Experimental Setup

Since we seek to evaluate models under different
reasoning levels, we set output token limits for low,
medium, and high reasoning settings in our tasks
(described in Table 11), based on the maximum
output tokens generated by GPT-5 in a given Ope-
nAl reasoning setting (low, medium, high) for a
particular ordering task. This helps ensure a consis-
tent comparison with other models, which require
specifying reasoning or output budgets in tokens.
For the merge sort format of the tasks (which we
only evaluate in the high reasoning setting), the
token counts are determined separately using the
maximum token count produced by GPT-5 while
performing pairwise comparisons.

For our three ordering tasks, we present results
from 3 settings: the base image setting (which
only provides the VLM with the original DROID



- ; . Base Image Segmentation Map Image Bounding Box Image
Task Format Model Name Low  Medium  High | Low  Medium  High | Low  Medium  High
GPT-5 15.67 19.67 18.67 11.00 12.00 11.33 8.33 8.67 10.00
5 Image Set GPT-5-Nano 0.67 2.33 1.00 2.00 2.33 0.67 1.00 3.33 2.33
Gemini-ER-1.5 1.33 6.67 7.33 3.67 4.00 5.33 2.33 4.33 5.33
Qwen3-VL-235B 6.67 9.67 7.67 3.00 4.00 4.33 2.67 2.67 333
GPT-5 49.33 47.67 47.33 44.67 45.00 41.33 39.67 38.67 40.67
3 Image Set GPT-5-Nano 17.00 2333 23.67 20.33 20.00 24.67 18.33 22.67 22.00
Gemini-ER-1.5 38.33 36.67 38.00 32.67 37.33 35.67 32.00 35.00 34.67
Qwen3-VL-235B 3233 32.00 32.67 30.33 28.00 28.67 29.67 28.00 27.00

Table 1: Model Accuracies (%) for Temporal Ordering Tasks.

Base Image

Segmentation Map Image

Bounding Box Image

Task Format Model Name Low  Medium  High | Low  Medium  High | Low  Medium  High
GPT:5 433 433 500 | 9.33 8.00 6.67 7.67 10.33 7.33

5 Object Set GPT-5-Nano 233 433 300 | 5.67 333 2.67 3.00 333 3.67
Gemini-ER-1.5 3.00 6.00 5.67 433 8.00 733 633 933 933

Qwen3-VL-235B | 2.67 3.00 333 5.00 3.00 400 | 533 5.00 467

GPT5 34,00 34,00 32.67 | 4233 4233 4133 | 4367 4167 39.00

3 Object Set GPT-5-Nano 26.00 25.67 2567 | 30.67 2900 2667 | 27.00 29.67 26.67
Gemini-ER-15 | 2567 3567 3567 | 31.00 37.33 3833 | 3833 4000 44.00

Qwen3-VL-235B | 29.67 30,00 2067 | 31.67 30.67 30.67 | 34.67 3400 3600

Table 2: Model Accuracies (%) for Depth Ordering Tasks

image), the segmentation map setting (which over-
lays the GroundedSAM 2 segmentation map associ-
ated with each object on top of the image), and the
bounding box setting (which overlays the Ground-
ingDINO bounding box associated with each object
on top of the image). For depth and left-to-right or-
dering tasks, we only overlay bounding boxes and
segmentation maps associated with the objects to
be ordered. For the temporal ordering setting, we
overlay bounding boxes and segmentation maps on
all 3 camera views for objects that GPT-5 identifies
as relevant objects from the task description. We
present our results for temporal ordering in Table 1,
depth ordering in Table 2, and left-to-right ordering
in Table 3. In the base image setting, we examine
how the number of objects to order affects per-
formance in Table 4, where we randomly sample
images/objects from our initial 5-length image/ob-
ject set to construct the 2 and 4 length versions for
all task types. In all our ordering experiments, we
calculate accuracy as the percentage of samples
where the model outputs exactly the same order as
the ground truth values. For our small generated
dataset experiments, we construct a dataset of 1000
samples for each task type. A subset of 300 ran-
domly sampled tasks are then selected as a test set,
with the remaining being used as our small training
dataset. For the depth and left-to-right test sets,
since the ground truths are model generated, we
validate the pipeline’s generated object labels and
ordering by having a human correct any ambiguous
labels or incorrect orderings. All our ordering task
results are from the human-validated, 300 sample

test set. For our downstream task validation exper-
iments, we scale the training dataset to over 8.8K
samples for each task type.

We evaluate our finetuned checkpoints on visual
reasoning tasks using the SAT (Ray et al., 2024)
benchmark, as well as two downstream robotics
tasks: autoregressive value estimation using the
RT-1 (Brohan et al., 2022) and Dobb-E (Shafiullah
et al., 2023) datasets (proposed in (Ma et al., 2025)),
and robotics failure analysis question-answering
using the real-world trajectory question-pairs from
the RoboFAC dataset (Ye et al., 2025).

3.2 Zero-Shot VLM Performance

Model Name Across All 3 and 5 Set Cardinality Ordering Tasks
Base Segmentation Map Bounding Box
GPT-5 1.83 +1.49 2.06 £ 1.02 317 £1.28
GPT-5-Nano 333 +2.39 3.94 £+ 1.39 3.49 +2.37
Gemini-ER-1.5 3.96 +3.43 3.99 £+ 2.37 3.53 £ 1.06
Qwen3-VL-235B 1.61 £ 1.29 292 £+ 3.11 252+ 2.14

Table 5: Mean and Standard Deviation of Reasoning
Difference

Task Format Model Name Temporal Depth Left-to-Right
Ordering Ordering Ordering
GPT-5 8.00 5.67 23.00
5 Image/Object Set GPT-5-Nano 1.00 5.00 12.67
Gemini-ER-1.5 1.67 6.33 2233
Qwen3-VL-235B 0.33 3.33 22.00
GPT-5 4233 33.00 60.00
3 Image/Object Set GPT-5-Nano 23.00 27.00 47.33
Gemini-ER-1.5 16.33 31.33 59.00
Qwen3-VL-235B 20.33 23.00 61.00

Table 6: Model Accuracies (%) for High-Reasoning
Merge Sort Based Ordering in Base Image Setting



- ; . Base Image Segmentation Map Image Bounding Box Image
Task Format Model Name Low  Medium  High | Low  Medium  High | Low  Medium  High
GPT-5 21.00 21.00 21.00 17.67 19.33 19.67 20.33 18.00 22.67
5 Object Set GPT-5-Nano 7.00 8.67 11.33 5.33 7.67 10.33 4.41 5.67 7.33
Gemini-ER-1.5 18.79 18.06 19.38 17.58 15.71 18.37 28.77 30.64 27.21
Qwen3-VL-235B 2233 22.00 19.00 14.33 17.67 23.53 20.67 18.33 21.00
GPT-5 58.00 57.00 60.00 56.33 55.00 57.00 49.67 52.00 52.67
3 Object Set GPT-5-Nano 39.67 43.00 44.67 36.67 40.67 42.00 3333 36.00 41.00
Gemini-ER-1.5 56.00 56.23 59.12 50.84 55.82 56.8 61.67 64.77 62.96
Qwen3-VL-235B 57.00 58.33 58.67 50.00 50.00 48.33 56.00 55.33 61.8

Table 3: Model Accuracies (%) for Left-to-Right Ordering Tasks

- i g Temporal Ordering Task Depth Ordering Task Left-to-Right Ordering Task
Task Format Model Name Low  Medium  High | Low  Medium  High | Low  Medium  High
GPT-5 15.67 19.67 18.67 433 433 5.00 21.00 21.00 21.00

5 Image/Object Set GPT-5-Nano 0.67 233 1.00 2.33 4.33 3.00 7.00 8.67 11.33
Gemini-ER-1.5 1.33 6.67 7.33 3.00 6.00 5.67 18.79 18.06 19.38

Qwen3-VL-235B | 6.67 9.67 7.67 2.67 3.00 333 | 2233 22.00 19.00

GPT-5 27.00 29.33 30.00 9.67 13.00 11.00 32.67 32.00 37.00

4 Image/Object Set GPT-5-Nano 6.67 8.00 5.33 6.67 9.33 8.33 17.67 23.67 23.67
Gemini-ER-1.5 16.33 23.67 18.67 11.00 14.67 11.00 38.41 34.93 37.25

Qwen3-VL-235B 18.33 16.00 13.67 17.67 18.33 17.00 37.67 38.33 34.33

GPT-5 49.33 47.67 47.33 34.00 34.00 32.67 58.00 57.00 60.00

3 Image/Object Set GPT-5-Nano 17.00 23.33 23.67 26.00 25.67 25.67 39.67 43.00 44.67
Gemini-ER-1.5 38.33 36.67 38.00 25.67 35.67 35.67 56.00 56.23 59.12

Qwen3-VL-235B 3233 32.00 32.67 29.67 30.00 29.67 57.00 58.33 58.67

GPT-5 64.00 67.67 67.33 5233 53.67 53.33 78.33 80.00 71.67

2 Image/Object Set GPT-5-Nano 53.33 52.00 52.00 52.00 49.67 49.33 63.33 67.00 69.00
Gemini-ER-1.5 50.67 58.33 60.33 49.33 54.67 54.33 74.67 78.26 75.59

Qwen3-VL-235B 60.67 62.33 59.67 70.00 68.00 71.33 78.67 78.00 78.67

Table 4: Model Accuracies (%) Across Different Set Cardinalities. All results are in the base setting (i.e. no images
had any bounding boxes or segmentation map overlays on them).

Impact of Reasoning Levels: To measure the im-
pact of reasoning levels, we measure the difference
in task performance in a particular setting (for ex-
ample, 3 image base setting temporal ordering)
between the best and worst performing reasoning
level. We refer to this quantity as the reasoning
difference, and report its mean and standard devia-
tions across different tasks in Table 5.

While in most settings, higher reasoning levels
are better, in the base setting, we sometimes find
that lower reasoning levels outperform higher ones,
especially in 2 object/image temporal and depth
settings. We hypothesize that this is because the
low reasoning level does not allow for enough to-
kens to reason about ordering a large number of
images or objects, while for pairwise comparisons,
generating excessive tokens can lead the model to
“overthink™ and draw inaccurate conclusions.

Impact of Structured Test-Time Compute:
Given the relatively high performance of VLMs
while ordering pairs of objects, we evaluate the
performance of VLMs by scaling their test time
compute using an external structure. We imple-
ment a merge sort algorithm that calls the VLM
to make pairwise comparisons, and our results (in-
cluded in Table 6) show that in the high reasoning

setting on the spatial ordering tasks, VLMs usually
perform at least as good as and often better in the
structured test-time compute approach than when
provided with all objects to order at once. On the
other hand, they perform much better on temporal
tasks when they are provided with all the frames at
once, suggesting that VLMs improve their perfor-
mance by reasoning over multiple images correctly
in the temporal ordering task, and some of this
information is lost with pairwise comparisons.
Impact of Set Cardinalities: Model perfor-
mance on spatiotemporal ordering tasks declines
sharply as more elements are added to the set to
be ordered. However, different VLMs decline at
different rates, and in on certain task settings, two
models (for example, GPT-5 and GPT-5-Nano with
low reasoning in the depth ordering task) that per-
form at relatively similar levels when asked to order
2 elements have a much larger gap in performance
when asked to order 3 or more elements. It also
may be the case that models that perform at a sim-
ilar or worse level as other models at smaller set
cardinalities perform relatively better at larger set
cardinalities, as evidenced by GPT-5 in the afore-
mentioned setting when the models are asked to
order 3 or more objects. We show some examples



of these occurrences in Figure 2.

Impact of Segmentation Map and Bounding
Box Overlays: For our two canonical settings
(ordering 5 and 3 images/objects), we study the
difference in performance caused by passing im-
ages overlaid with segmentation maps and bound-
ing boxes. Bounding boxes achieve comparable
(within 2% of original accuracy) or better perfor-
mance for all models at each reasoning level in
the depth ordering task, and improve performance
for Gemini-ER-1.5 and Qwen3-VL-235B in some
reasoning levels in the left-to-right ordering tasks.
Similarly, segmentation maps also achieve compa-
rable or better performance for all models at each
reasoning level in the depth ordering task, although
they do not perform as well as bounding box over-
lays in the left-to-right ordering task.

Mean reasoning difference increases for all mod-
els on using images with overlaid segmentation
maps, and increases for all models except Gemini-
ER-1.5 on using overlaid bounding boxes. Ad-
ditionally, using bounding box and segmentation
map overlays also decreases the standard deviation
slightly for all models except Qwen3-VL-235B.
Our results suggest that using additional tokens
when images are overlaid with computer vision
model outputs may improve performance more
than expending more tokens in the base setting.

Our results demonstrate that large VLMs have
limited performance on spatiotemporal ordering
tasks, which often falls short of even prior reported
results when applied to our robotics-relevant data.

3.3 RoboReason Evaluations

To address these limitations, we generate training
data using the scalable RoboReason pipeline. We
use it to finetune VLMs, focusing on smaller mod-
els due to compute limitations. For evaluating our
training data pipeline, we first compare the pipeline
outputs to those of a human evaluator. After fine-
tuning small VLMs on the pipeline-generated data,
we compare the post-trained models’ performance
to the original model on both our spatiotemporal
ordering tasks and downstream robotics and visual
reasoning tasks. Our results show that while the
pipeline ground truth orders differ from human
evaluator’s assessments in a significant percentage
of cases, our data generation pipeline still produces
training data that provides a strong signal for learn-
ing and helps improve small model performance
on both ordering and downstream tasks.

Human Evaluation: Since our depth and left-

to-right ordering task ground truths are generated
by computer vision models, we have a human eval-
uator validate the 5 object depth and left-to-right
test sets prior to evaluating VLMs. The evaluator
corrects the ordering if they identify all the objects
in the image and determine the pipeline-generated
ordering to be incorrect. If any labels are ambigu-
ous, and the evaluator cannot identify an object
in the image, they modify the object label prior
to updating the ordering. Since the test set trajec-
tories are a random subset of DROID trajectories
(and thus drawn from the same distribution as the
training set), we present our human evaluator dis-
agreement results as an evaluation of our training
data generation pipeline. For the left-to-right tasks,
15.67% of samples in the test set were determined
to have at least one object with an incorrect posi-
tion in the ground truth order, and 29% of samples
were determined to have at least one ambiguous
label. For the depth tasks, 26.67% of samples in
the test set were determined to have at least one
object with an incorrect position in the ground truth
order, while 22.67% of samples were determined
to have at least one ambiguous label.

Impact of Training on Pipeline-Generated
Data on Downstream Reasoning Tasks: To in-
vestigate if training on RoboReason-generated data
can improve performance on downstream reason-
ing tasks, we finetune a Qwen3VL-8B-Instruct
model on 8.8K samples each for our three task
types, using both SFT and GRPO. We evaluate
each finetuned model on both our ordering tasks,
as well as additional visual and robotics reasoning
tasks, reporting our results in Table 7 and experi-
mental setup details in Appendix B.

Impact of Task Type and Amount of Data on
Finetuning Performance: We show that finetun-
ing on even a small amount of pipeline-generated
data significantly improves performance on base
image setting ordering tasks in Table 8, enabling
the small models to reach the same level of perfor-
mance as much larger models on the spatial order-
ing tasks while showing smaller gains on temporal
ordering tasks (e.g. Qwen2-VL-2B surpasses the
performance of all larger VLMs on the 3-object
depth and left-to-right ordering tasks). In general,
we find that reinforcement learning improves per-
formance to a greater extent than supervised fine-
tuning on the same task. We also study the impact
of the training data amount on the model perfor-
mance, by training multiple models in each of our
3 Image/Object base image settings with different
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Figure 2: Comparison of how model performance scales with set cardinality in temporal and depth ordering tasks
in the base setting. In the temporal high reasoning setting, model performance scales predictably with increase in
set cardinality, maintaining a consistent relative order across all set cardinalities. However, the relative order is

inconsistent in the remaining settings in the figure.

amounts of training data (Table 9). Our results
show that model performance scales proportion-
ally to training dataset size, suggesting that scaling
training data using our pipeline can help models
perform better at spatiotemporal ordering.

Model Task Format Training Temporal Depth Left-to-
Name Method Right
Base 1.00 0.66 0.67
5 Images/Objects GRPO 2.00 16.33 17.33
SFT 0.33 10.33 15.33
Quen2-VL-2B Base 1733 1566 16.00
3 Images/Objects GRPO 21.67 66.00 67.66
SFT 16.00 36.00 47.66
Base 0.33 0.00 2.00
5 Images/Objects GRPO 1.33 2.00 16.66
SFT 1.66 1.00 9.33
SmolVLM2-2.28 Base 1300 533 1233
3 Images/Objects GRPO 17.00 34.00 58.67
SFT 12.67 19.33 44.00

Table 8: Model Accuracies (%) for GRPO and SFT

Model Name Training Method Temporal Depth Left-to-Right
Base 17.33 15.66 16.00
Qwen2-VL-2B GRPO-300 19.00 37.00 54.00
GRPO-500 20.00 56.00 63.66
GRPO-700 21.67 66.00 67.66
Base 13.00 8.00 12.33
SmolVLM2-2.2B GRPO-300 15.33 2433 45.00
GRPO-500 15.66 30.66 53.33
GRPO-700 17.00 34.00 58.67

Table 9: 3 Image/Object ordering model accuracies (%)
after GRPO under different training data sizes

4 Conclusion

We have introduced RoboReason, a scalable task
generation pipeline for spatiotemporal reasoning
that utilizes real-world robot manipulation images.
Experimentally, we first establish the limits of to-
day’s VLMs: we demonstrate the impact of reason-
ing levels, ordering set cardinalities, structured test-
time compue and computer vision tools on VLM
spatiotemporal reasoning. Next, we demonstrate
that by finetuning smaller VLMs on our pipeline-
generated data, we can surpass the performance
of much larger VLMs on spatial ordering tasks
and improve model performance on downstream
reasoning tasks. These results suggest that utiliz-



Model

Temporal Depth

3 Image/Object Spatiotemporal Ordering

Left-to-Right

SAT RoboFAC (MCQ) RoboFAC (Open-Ended) Value Est. (RT-1) Value Est. (Dobb-E)

Downstream Reasoning

Base 18.00  22.33 53.67 70.67

SFT (Temporal) 50.67  26.00 5533 70.67
SFT (Depth) 22.67  31.67 56.67 68.67
SFT (Left-to-Right) 23.67 24.67 61.33 69.33
GRPO (Temporal) 22.67  26.00 51.67 68.67
GRPO (Depth) 22.67 3133 51.00 68.67
GRPO (Left-to-Right) | 20.67  17.33 5533 70.67

62.55 12.28 0.0066 0.0123
60.21 12.92 0.0001 0.0114
60.26 13.33 0.0047 0.0015
5891 13.16 0.0080 0.0062
63.13 11.94 0.0060 0.0036
59.84 8.28 0.0129 0.0071
56.25 11.76 0.0001 0.0000

Table 7: Finetuned Qwen3VL-8B Results on Spatiotemporal Ordering and Downstream Reasoning Tasks. Value
estimation results are average value-order correlations (Appendix B), while all other results are question-answering

accuracies (in %).

ing reinforcement learning approaches and com-
puter vision model outputs are encouraging direc-
tions for future work on real-world spatiotemporal
reasoning. We believe that RoboReason presents
a promising way forward for improving robotics-
relevant VLM capabilities.

Limitations. For the depth and left-to-right or-
dering tasks, our pipeline can sometimes produce
erroneous ground truths due to failures in individ-
ual modules such as object detection, bounding
box generation, and depth estimation. Additionally,
our filtering methods sometimes introduce ambi-
guity by selecting objects that may overlap or be
equidistant from the camera. While using GPT-
5 generated object labels may theoretically favor
GPT-5 during evaluation due to egocentric bias, we
do not see empirical evidence of this occurring, as
in several instances, other models outperform it on
spatial ordering tasks, and its own performance is
sometimes hurt by providing it with images with
overlays associated with the objects it had identi-
fied. For temporal ordering, it can sometimes be
difficult to reason about task progression given cer-
tain task descriptions, since the VLM must estimate
the direction of motion based only on static images
of the scene. Such tasks constitute a minority of
tasks in our temporal ordering dataset, and are of-
ten solvable using other environment context clues,
but our pipeline does not explicitly filter for such
ambiguous tasks descriptions. Finally, for temporal
ordering tasks, we observe that VLMs struggle to
reason across views (as shown in Appendix C) and
typically improve performance when restricted to
a single camera view. However, since we wish to
improve multi-view reasoning during training, we
generate multi-view tasks in our temporal setting.
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A Related Works

Robot Manipulation Datasets. Large scale
robotics datasets such as Open X-Embodiment
(O’Neill et al., 2024) and DROID (Khazatsky et al.,
2024) contain robot manipulation trajectory data
alongside associated images captured from cam-
eras attached to the robot platform. These have
been repurposed into evaluating VLMs for auto-
regressive value estimation (Ma et al., 2025) and vi-
sual question-answering (Chen et al., 2025). While
VLM spatial understanding has been explored us-
ing images from DROID (Chen et al., 2025), such
tasks have focused on the spatial orientation and
the interactions between the robot gripper and the
object it interacts with in that particular trajectory,
with ground truths sourced from the underlying
robot gripper data. Existing benchmarks do not
evaluate VLMs on their spatiotemporal understand-
ing of the entire scene as viewed from the perspec-
tive of the robot, and we aim to address some of
these limitations by analyzing the images associ-
ated with the trajectory to construct a spatiotempo-
ral ordering task.

Visual Question Answering Tasks. Both open-
ended and MCQ-based visual question answering
benchmarks have long been favored for evaluating
VLMs on 2D spatial reasoning (Hudson and Man-
ning, 2019; Antol et al., 2015; Wen et al., 2024)).
Such benchmarks have long focused on relative
spatial orientation in 2D image space, and recently,
this approach has been extended 3D reasoning by
several benchmarks that ask VLMs to reason about
how close an object is to the camera (Wang et al.,
2025; Tong et al., 2024; Zhou et al., 2025; Du et al.,
2024; Fu et al., 2025; Ray et al., 2024).

However, such benchmarks suffer from two pri-
mary limitations. Firstly, they often ask questions
about the relative depth of pairs of objects, which
allows the model to guess its answer from two
presented options or exhibit selection bias (Zheng
et al., 2024; Balepur et al., 2024). To mitigate this
issue, some existing VLM reasoning benchmarks
have examined evaluating VLMs using pointing-
based questions (Yuan et al., 2024; Song et al.,
2025). However, framing reasoning questions as
pointing questions requires models to both solve
the task at hand and learn to point reliably to the so-
lution in image space, making it difficult to isolate
VLM spatiotemporal reasoning capabilities. Sec-
ondly, several of these benchmarks primarily use
images from large Internet-sourced image datasets
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that are unlikely for present-day robots to observe
in a real-world robot manipulation setting. While
some embodied reasoning benchmarks (Majumdar
et al., 2024; Zhou et al., 2025; Du et al., 2024;
Ray et al., 2024) use images and environments
from indoor settings such as Matterport3D (Chang
et al., 2017), AI2-Thor (Kolve et al., 2017), Proc-
Thor (Deitke et al., 2022) and ScanNet (Dai et al.,
2017), as well as tabletop datasets like GraspNET-
1B (Fang et al., 2020) and HOPE (Tyree et al.,
2022). More recent benchmarks, however, have
noted that due to the differences in properties like
resolution, lighting variations and real-world robot,
as well as the sim-to-real gap, it is difficult to gener-
alize from these datasets to images captured during
real-world robot manipulation (Chen et al., 2025;
Song et al., 2025). We handle these considerations
by ensuring that our tasks use images associated
with real-world robot manipulation trajectories in
the DROID dataset (Khazatsky et al., 2024) and are
formatted as spatiotemporal ordering tasks with a
combinatorial number of possible answers.

Spatiotemporal Reasoning Benchmarks:
Other approaches for evaluating spatial reasoning
in multi-modal LLMs have focused on reasoning
from multiple limited views (Yin et al., 2025),
multiple perspectives (NVIDIA et al., 2025),
and object localization tasks (Majumdar et al.,
2024). Approaches to temporal ordering have
both focused on ordering video frames (NVIDIA
et al., 2025) and reasoning about the order of
occurrence of events in videos (Yang et al., 2025a;
Li et al., 2025). However, such approaches have
not evaluated VLMs on reasoning about real-world
robot manipulation videos and images, due to the
engineering difficulties associated with retrieving
accurate ground-truth data for such questions from
low-resolution robot camera images, which has
only recently started to be explored in concurrent
works to ours (Xia et al., 2026). Our approach
instead focuses on spatiotemporal ordering tasks
with ground truth information that is easily
retrievable from the trajectory video or using
traditional computer vision models.

B Downstream Task Evaluations

To evaluate reasoning performance of models fine-
tuned on a large RoboReason-generated dataset,
we train Qwen3-VL-8B using SFT and GRPO on
8.8K task samples of each type. Training was con-
ducted on three systems: one comprising a single

NVIDIA B300 GPU with 262 GB VRAM for 36
hours, one comprising 4 NVIDIA H200 GPUs with
564GB VRAM for 15 hours, and one comprising
8 NVIDIA RTX A6000 GPUs for 3 hours. For
temporal checkpoints, we train on the 3 image tem-
poral prediction task. For depth and left-to-right
checkpoints, we train on k-object ordering, where
k represents all valid objects and labels that remain
after the respective filtering pipelines. The training
data was constructed with seeds s = 12345 for the
temporal task, s = 54321 for the depth task, and
s = 2025 for the left-to-right task. While train-
ing the 8B models using SFT and GRPO, the seed
s = 42 was used.

For evaluating downstream reasoning, we eval-
uate on 1) 150 question-answer pairs in the SAT
test set (Ray et al., 2024), 2) 1.9K multiple-choice
and 5.9K open-ended robotics failure reasoning
questions (with accuracy measured in terms of ex-
act string match for open-ended questions) in the
RoboFAC dataset (Ye et al., 2025), and 3) value es-
timation tasks on 1000 trajectories each from RT-1
(Brohan et al., 2022) and Dobb-E (Shafiullah et al.,
2023), using the value estimation task format pro-
posed in Generative Value Learning (GVL) (Ma
etal., 2025). For SAT and RoboFAC, we report task
results by measuring the percentage of questions
that were answered correctly. For the GVL tasks,
we report the absolute average Value-Order Cor-
relation (VOC), where the VOC of an ordering is
the rank correlation between predicted values and
the original chronological order (Ma et al., 2025).
For instances where the VLM did not successfully
produce a ranking, we assume VOC to be 0.

C Impact of Camera View on Temporal

Reasoning
Model Left Right Wrist Multi-
Name View View Camera View
GPT-5 50.67 46.67 47.67 47.33

GPT-5-Nano 26.33 21.00 22.33 23.67
Gemini-ER-1.5 42.33 42.00 45.00 38.00
Qwen3-VL-235B 36.00 28.67 35.33 32.67

Table 10: High Reasoning Model Accuracies (%) for
Single-View Image in 3 Image Base Setting for Tempo-
ral Ordering

In the temporal ordering task, unlike the spatial
reasoning tasks, we provide the model with mul-
tiple camera views in the canonical setting. This
is primarily because unlike the depth and left-to-
right ordering tasks, minute differences between



frames are often helpful for human evaluation of
the temporal task. In the DROID setup, these dif-
ferences may sometimes be occluded in specific
camera views, necessitating the provision of all 3
camera views.

To evaluate if VLMs perform better when pro-
vided with one of the camera views, we run an
ablation providing only the left, right, and wrist
camera view to the VLM (with the high reasoning
setting) in the 3 image ordering version of the task.
Since this is simply the base setting of the task, no
images had any overlays on them. We present our
results in Table 10. For all models and all views
(except GPT-5-Nano and Qwen3-VL-235B while
using the right-view image), using a single view
for temporal ordering performs better than or com-
parable to (i.e. with a difference in performance
smaller than 2%) using an image composited with
multiple camera views. This suggests that VLMs
struggle to synthesize information from multiple
views to reason about the scene in the temporal or-
dering task. This behavior is hence consistent with
results on benchmarks like MindCube (Yin et al.,
2025), which show that VLMs find it difficult to
answer spatial understanding questions requiring
information spread across multiple views.

D Spatiotemporal Ordering Task
Construction and Prompts

We design 3 spatiotemporal ordering tasks for eval-
uating VLM performance. The 2B model finetun-
ing experiments and evaluations are conducted on
a machine with 2x Intel(R) Xeon(R) Gold 6342
CPUs (96 cores total) and 8 NVIDIA RTX A6000
GPUs. The underlying robot trajectory images are
taken from the DROID dataset (Khazatsky et al.,
2024), which has released its data under a CC-BY
4.0 license. We evaluate different input image types
on them as follows:

* Temporal Ordering: Base Images, Segmen-
tation Map Overlay and Bounding Box mask
overlay (in 3-image and 5-image settings across
low, medium and high reasoning levels)

* Depth Ordering: Base Image, Segmentation
Map Overlay and Bounding Box mask overlay
(in 3-object and 5-object settings across low,
medium and high reasoning levels)

* Left to Right Ordering: Base Image, Segmen-
tation Map Overlay and Bounding Box mask

overlay (in 3-object and 5-object settings across
low, medium and high reasoning levels)

For each ordering task, we also evaluate models
on 2 and 4 image/object settings using the base im-
ages across low, medium, and high reasoning levels.
Additionally, we also examine if structuring test-
time compute helps improve VLM performance
by evaluating models in the high reasoning setting
using merge sort.

D.1 Temporal Ordering Task

Here the model sees a shuffled sequence of multi-
ple images from a robot task sequence and must
decide which came first, second, etc. We first de-
tail our algorithm for selecting trajectories from
DROID to include in our temporal algorithm task,
and then provide prompts used in the temporal or-
dering tasks in various settings.

D.1.1 Temporal Filtering Algorithm for
DROID

Input: Total sequences /N, target count K, out-
put directory D
Output: K downloaded sequences with meta-

data
Generate K random indices: T =
{i1,142,...,ix} where i; € [1, N]

Load dataset D from remote storage
Initialize metadata M = {}
count < 0
for each episode (idz, episode) in D do
if idx ¢ 7 then
continue
end if
task_desc < extract task description from
episode
steps <« list of steps in episode
length <+ |steps|
if length = 0 or task_desc is empty or
task_desc = “No action” then
continue > Skip invalid sequences
end if
seq_num < count + 1
Create directory D/sequence_{seq_num}
for each step s in steps do
Extract image from s.observation
Save as
Di/sequence_{seq_num}/step_i.png
end for

> Skip non-target indices



M(seq_num| <  {original_index
idz, task : task_desc, length : length}
count < count + 1
if count = K then
break
downloaded
end if
end for

> All target sequences

Save metadata M to D/download_metadata.json
return M

n-image Prompt for GPT models

if num_images == 2:
order_desc = "first, second”
example_order = "[2, 11"
elif num_images ==
order_desc = "first, second, third”

example_order = "[3, 1, 2]"
elif num_images ==

order_desc = "first, second, third,
fourth”

example_order = "[3, 1, 4, 21"
else: # num_images == 5

order_desc = "first, second, third,
fourth, fifth”

example_order = "[3, 1, 5, 2, 41"

prompt = (

f'Look at these {num_images} shuffled
images from a robot task sequence. '

f'The task is:
"{task_description}".\n\n'

f'The red numbers (1..{num_images}) are
post-shuffle labels - they do NOT reflect
chronology.\n'

f"Your task: Determine which labeled
image came {order_desc}.\n\n"

f"Respond with ONLY a JSON array of
numbers in chronological order (e.g.,
{example_order}).\n"

)

This was used for 2,3,4, and 5 randomly shuffled
images when provided to GPT models for temporal
ordering.

n-image Prompt for non-GPT models

if num_images == 2:
example_out = "~~°[2, 1]°°*"
elif num_images == 3:
example_out = "~°°[3, 1, 2] "
elif num_images == 4:
example_out = "*~°[3, 1, 4, 2]~ "
else: # num_images ==
example_out = "**°[3, 1, 5, 2, 41" "
prompt = (

f"{task_description}\n\n"

f"These {num_images} images are
shuffled. Red labels 1..{num_images} are
just shuffle labels (not

chronological).\n\n"
f"Task: Determine the chronological
order of these images. Which labeled image
came first, second, third, etc.?\n\n"
f"Answer as a bracketed list of labels
inside backticks, earliest to latest.\n”
f"Example: {example_out}”
)

This was used for 2,3,4, and 5 randomly shuf-
fled images when provided to non-GPT models for
temporal ordering.

n-image Prompt for VLMs in the Segmentation
Map and Bounding Box Settings

When we evaluate VLMs in the bounding box or
segmentation map setting, the prompt is modified
to include the following line:

f'Look at these {num_images} shuffled images
from a robot task sequence with
{viz_type_desc}. '

where viz_type_type could be "Bounding Box"
or "Segmentation Map."

3/5-image Prompt for the Merge Sort Setting

prompt = (

f'Look at these 2 images from a robot
task sequence. '

f'The task is:
"{task_description}".\n\n'

f"These images are from the same
sequence but at different time points.\n”

f"Your task: Determine which image came
FIRST in the sequence.\n\n"

f"Respond with a JSON object
containing:\n"

f'- "first_image"”: number of the image
that came first (1 or 2)\n'

f'- "confidence"”: your confidence level
(0.0 to 1.0)\n'

f'- "reasoning”: brief explanation of
your decision\n\n'

f'Example: {{"first_image": 1,
"confidence”: 0.8, "reasoning”: "The robot
arm is closer to the object in image 1"3}}'

)

D.2 Depth Ordering Task

Here, the model is asked to correctly predict the
ordering of objects based on their distance from the
cameras. The objects in consideration are provided
after filtering out non-overlapping, non-contained
objects from the scene using Grounding DINO.

D.2.1 Depth Filtering Algorithm for DROID

Input: Total sequences [V, target count I, out-
put directory D, min objects M



Output: K sequences with > M non-
overlapping objects and depth ordering
Generate K random indices: r =
{i1,12,...,ix} where i; € [1, N]

Load dataset D from remote storage
Initialize accepted sequences A = {}
count < 0
for each episode (idx, episode) in D do
if idz ¢ 7 then
continue
end if
steps < list of steps in episode
length < |steps|
if length = ( then
continue
end if

> Skip non-target indices

> Skip empty sequences

Step 1: Random Image Selection
step_idz < random integer in [0, length —

selected_step < steps[step_idx]
Extract concatenated image [ from
selected_step.observation

Step 2: DINO Object Detection
Run DINO detector on image I with prompt
B < set of detected bounding boxes
{b1,b2,...,bn}

L <+ set of object labels {l1,12,...,0,}
if |[B] < M then

continue > Insufficient objects detected
end if

Step 3: SAM2 Segmentation
For each bounding box b; € B:
Run SAM2 segmenter on image I with
box bi
m; < segmentation mask for object ¢
M <« set of masks {m,mo,...,my}

Step 4: Marigold Depth Estimation
Run Marigold depth estimator on image
D < depth map for entire image

Step 5: Depth Extraction and Validation
For each mask m; € M:
d; < mean depth value in region m; from
depth map D
Dy < set of object depths {d1, da, ..., dn}
Check pairwise IoU between all masks

Muon-overlap <— subset of masks with IoU
< @ for all pairs
num_Obj ects < ’Mnon—overlap‘
if num_objects < M then
continue > Insufficient non-overlapping
objects
end if

Step 6: Depth Ordering

Sort objects by depth: Ogoreq ¢ sort
Mon-overlap by d; (closest to farthest)

Generate depth ordering: ordering < list of
object labels in depth order

Step 7: Accept and Download

seq_num < count + 1

Create directory D/sequence_{seq_num}

Save 1 as
Di/sequence_{seq_num}/original_image.jpg

Save  left portion of [ as
Di/sequence_{seq_num }/left_image.jpg

Save image with bounding boxes as
Di/sequence_{seq_num}/prompt_image_with_boxes.jpg

Save image with masks as
Di/sequence_{seq_num}/prompt_image_with_masks.jpg

Save pipeline results as
Di/sequence_{seq_num }/analysis_results.json

Alseq_num)] — {objects
num_objects, ordering
ordering, droid_index : idx}

count < count + 1

if count = K then

break > All target sequences

downloaded

end if
end for

Save metadata A to D/split_metadata.json
return A

General VLM Prompt
The general VLM prompt is as follows:

"vlim_prompt”: "order the following objects
from closest to farthest from camera in
terms of their centroid in the image: obj1,
obj2, obj3, ...",

n-object Prompt for GPT Models

prompt = (

f'Look at this image from a robot task
scene.\n\n'



f'{vim_prompt}\n\n'

f'IMPORTANT: You must use ONLY the
exact object names provided in the prompt
above. '

f'Do not invent new object names or use
variations. Your response must be a JSON
array. '

f'Example: If objects provided are
elephant, tiger, dragon and correct
prediction of closest to farthest from
camera is tiger, dragon, elephant then
output the json with the order:
{json.dumps(["tiger", "dragon”,
"elephant”])}. Do not include any other
text or explanation.'

)

This was used for the setting where 2,3,4, and 5
objects are present in a image provided to GPT-5
and GPT-5-Nano for depth ordering.

n-object Prompt for non-GPT models

prompt = (

f'Look at this image from a robot task
scene.\n\n'

f'{vim_prompt}\n\n'

f'IMPORTANT: You must use ONLY the
exact object names provided in the prompt
above. '

f'Do not invent new object names or use
variations. For example '

f'Example: If objects provided are
elephant, tiger, dragon and correct
prediction of closest to farthest from
camera is tiger, dragon, elephant then
output the string ~~"["tiger”, "dragon"”,
"elephant"] """
)

n-object Prompt for VLMs in the Segmentation

Map and Bounding Box Settings

When we evaluate VLMs in the bounding box or

segmentation map setting, the prompt is modified

to include the following line:

f'The image shows {num_objects} objects
highlighted with

{visualization_description} (colored
annotations).\n\n'

where visualization_description could be
"Bounding Box" or "Segmentation Map."

3/5-object Prompt for the Merge Sort Setting

prompt = (
f'Look at this image from a robot task
scene.\n\n'
f'{vim_prompt}\n\n'
f'Your task: Compare the two objects
"{obj1}" and "{obj2}" and determine which
one is CLOSER to the camera.\n\n'

f'IMPORTANT: You must respond with ONLY
one of these exact object names: "{obj1}"
or "{obj2}". '

f'Do not use variations or invent
names.\n\n'

f'Respond with a JSON object
containing:\n'

f'- "closer_object”: the name of the
object that is closer (must be exactly
"{obj13}" or "{obj23}")\n'

f'- "confidence"”: your confidence level
(0.0 to 1.0)\n'
f'- "reasoning”: brief explanation of

your decision\n\n'

f'Example: If objects provided are
elephant and tiger, and elephant is closer
to the camera, then output:
{{"closer_object”: "elephant”,
"confidence”: 0.8, "reasoning"”: "Object
appears larger and more prominent”}}'

)

D.3 Left-to-Right Ordering Task

Here, the model is asked to correctly predict the
left-to-right ordering of objects.

D.3.1 Left-to-right Filtering Algorithm for
DROID

Input: Image directory I, output directory O,
min objects M
Output: Dataset of images with left-to-right
ordered objects

Parameters:

min_gap < minimum horizontal gap be-
tween objects (default: 0.05)

max_iou <— maximum loU between objects
(default: 0.7)

max_vertical_dist < maximum vertical dis-
tance (default: 0.5)

max_width_ratio < maximum box width ra-
tio (default: 0.7)

Sample N sequences from [
for each sequence S in sampled sequences do
Step 1: Image Selection
img < random image from S
Load image dimensions: (W, H) < size of
mg
Extract left portion: img < img[:,: W X
0.33]

Step 2: Object Detection

Stage 1: Query GPT-5 with img to identify
object categories

Stage 2: Run Grounding DINO with GPT-5
labels as text prompts



Extract results: £ < labels, B < bboxes,
S < scores
if |[£| < M then
continue
end if

> Insufficient detections

Step 3: Scene Object Filtering
Lns ={}, Bns = {}, Sns = {}
countscene < 0
for each objecti € {1,...,|L|} do
Compute box dimensions: w; < B;[2] —
Bi [0], hi — Bl [3] — Bz[l}
Compute width ratio: 7, < w;/W
if r,, > max_width_ratio then
couNntseene < COUNtseene + 1
continue > Filter large scene objects
end if
[fns — ['ns U {Ez}
an — an U {Bz}
Sns — Sns U {S’L}

end for
if |£,,5] < M then
continue > Insufficient objects after
scene filtering
end if

Step 4: Clear Ordering Filter

Step 4a: Sort by left edge

Sort by x-coordinate:
argsort(B,,s[:, 0])

Lsorted [[fns [Z] RS Z-dmsorted]

Bsorted < [an [Z] AS Z.dl'sorted]

Ssorted [Sns [Z] RS Z'dwsoﬂbed]

Step 4b: Vertical clustering

Compute y-centers: y.[i] < (Bsorted[?][1] +
Bsorted [l] [3]>/2 for all 7

best_cluster < ()

best_size < 0

1dT sorted —

for each object i € {1,...,|Lsorted|} do
cluster; < 0
for each object j € {1,...,|Lsorted|}
do

Yairf < veldl — veld]|
if y4irr/H < max_vertical_dist
then
cluster; « cluster; U {j}
end if
end for
if |cluster;| > best_size then
best_cluster < cluster;
best_size < |cluster;|
end if

end for
if |best_cluster| < M then > Insufficient
vertically-aligned objects
end if
Leust < [Lsorted|t] : 1 € best_cluster]
Berust < [Bsorted|?] : @ € best_cluster]
Sclust < [Ssortedlt] : @ € best_cluster]
Step 4c: Remove highly overlapping boxes
to_keep + || > List of indices to keep
(maintains insertion order)
for each object i € {0, ..., |Leoust| — 1} do
keep < True
for each index j € to_keep do
10U;j <— [oU(Beust [’L], Bepust []])
if tou;; > max_iou then > High
overlap detected
if Sclust [Z] > Sclust []] then
Remove j from to_keep ©
Current has higher confidence
else
keep < False > Existing has
higher confidence
break > Skip current object
end if
end if
end for
if keep then
Append i to to_keep
end if
end for
Letear < [Leust]t] : 1 € to_keep]
Bclear < [Bclust [Z] 11 € to_keep]
Sciear < [Seciust[i] : i € to_keep]
if |Lejear| < M then
continue > Insufficient unambiguous
orderings
end if
Step 5: Remove Duplicate Labels
keep_id:L‘ A {Z |{] : ‘Cclear [.7}
Leiearli]}| =1}
Lfinal < [Lelear|t] : i € keep_idx]
Bfinal <~ [Bclem‘ [Z] SRS keep_z’da:]
Sfinal «— [Sclear [Z] 11 € k:eep_z'dx]
if ’ﬁfinal‘ < M then
continue > Insufficient objects or
ambiguous ordering
end if
Save to Og
end for

General VLM Prompt



The general VLM prompt is as follows:

"vim_prompt”: "Arrange the following
objects in order from leftmost to rightmost
in the image: obj1, obj2, obj3, ..."

n-object Prompt for all VLMs

selected_objects A list of n randomly shuf-
fled detected object labels, e.g., ["table”,
"chair”, "door"].

prompt = (
"Arrange the following objects in order
from leftmost to rightmost in the image:

"

+ ", ".join(selected_objects)

+ ".\nReturn only the ordered list in JSON
format: "

+ '{"ordered_objects": ["obj1", "obj2",
1Y

)

These prompts were used for cases with 2, 3, 4, and
5 objects present in an image (or an image overlaid
with segmentation maps or bounding boxes), where
the VLMs were expected to correctly predict their
left-to-right order.

3/5-object Prompt for the Merge Sort Setting

prompt = (
f"Which object is to the LEFT of the
other in the image: '{obj1}' or '{obj2}'?\n"
f"Return ONLY the name of the leftmost
object in JSON format: "
f'{{"leftmost_object”: "obj_name"}}'
)

E Reinforcement Learning Experiments

This section collates the reinforcement learning
(RL) details of our experiments: prompts, the final
output token limit, and training curves.

E.1 Overview of Experiments
We ran six GRPO RL experiments on 2B models
described in Table 8:

* Two runs for Temporal Ordering (3-image and
5-image settings)

* Two runs for Depth Ordering (3-object and
5-object settings)

* Two runs for Left-to-Right Ordering (3-object
and 5-object settings)

E.2 Training Configuration

Here we summarise the key configuration choices
made during RL-finetuning.

Reward functions. We experimented with a va-
riety of reward signal formulations:

* A fully sparse reward (e.g., +1 for correct or-
dering, 0 otherwise)

* A rank-based score using Spearman’s rank
correlation (i.e., penalising the deviation of
the predicted ordering from the ground truth
in Spearman’s rho)

» Ultimately we settled on a Kendall 7 based
reward (percentage of correct pairwise order-

ings)

RL algorithm and scale. We used the off-the-
shelf GRPO algorithm (Group Relative Policy Op-
timization) In our setup:

* We trained on 700 unique prompt examples.

* We conducted training for 1,000 gradient/up-
date steps ~ 1.43 epochs.

* Per prompt, we sampled 6 generations at each
step ( group size = 6).

E.3 Global Settings

Max output tokens: We set the maximum output
token limit to 700 tokens across all 2B RL tasks.

Reasoning first: In all tasks, we nudge the model
to write a short English reasoning trace before
clearly stating the final ordering. That lets us treat
the text as a trajectory for optimization and helps
the model overcome any default ordering bias.

E.4 Temporal Ordering Task (with stamping
+ randomized example output)

Here the model sees a shuffled sequence of multiple
images (either 3 or 5) from a robot task sequence
and must decide which came first, second, etc.

Key implementation details (temporal only).

» Stamped labels: We overlay small red numeric
markers on each image so the model can un-
ambiguously refer to them (1, 2, 3, ...). This
stamping is only used for the temporal task.



* Randomized example output: Each training
example includes a randomized final-answer ex-
ample like [3, 1, 2]. The randomization is
deterministic per example ID and helps avoid
mode collapse onto a single example format.
This randomization is only used for the tempo-
ral task.

3-image version (system prompt skeleton).

Look at these 3 shuffled images from a robot
task sequence.
The robot task is: "<task description>".

The red numbers (1, 2, 3) are post-shuffle
labels -

they do NOT reflect chronology.

Your task: Reason about which labeled image
came first,

second, third.

Feel free to write your process/reasoning in
English

before outputting your final answer.

Example final answer (for formatting only):

if the correct order is third, first, second,

then at the end output [3, 1, 2]

The example final answer is randomized
throughout training.

5-image version (system prompt skeleton).

Same as above, but for five images and with labels
1..5.

E.5 Depth Ordering Task

For depth, the model sees a single image from
the robot workspace and must order objects from
closest to farthest .

Prompt.

You are a visual reasoner. You will be shown a
single image

from a robot workspace. You may write notes or
reason before

answering, but make sure to clearly state the
final ordering.

Order the following objects from closest to
farthest from camera

in terms of their centroid in the image:

robot arm, curtain, window, blanket, pillow,
table

E.6 Left-to-Right Ordering Task

Similarly, for left-to-right we use one image and
ask the model to order objects horizontally from
left to right.

Prompt.

You are a visual reasoner. You will be shown a
single image

from a robot workspace. You may write notes or
reason before

answering, but make sure to clearly state the
final ordering.

E.7 Training Curves

Figures 3-8 show the reward curves for all six
GRPO runs (temporal, depth, left-to-right; 3-
object/image and 5-object/image) for Qwen2-VL-
2B-Instruct.

Notes.

* Stamping and randomized example outputs are
temporal-only. Depth and left-to-right use a
single image, no stamping, no randomized ex-
ample.

* All RL runs used a max generation budget of
700 tokens.

* The reward on the y-axis is the kendall reward
(fraction of correct pairwise orderings in model
output)

Figure 5: Depth task,3 Objects



Figure 8: Left-to-Right task, 5 Objects



F Task Examples

In this section, we provide examples of temporal, depth and spatial ordering tasks in the base as well as
bounding box and segmentation map settings.

F.1 Examples of Temporal Ordering Tasks

We show examples of temporal ordering tasks across three settings: base (Figures 9-11), bounding box
(Figure 12), and segmentation map (Figure 13).

Base Setting Tasks

;
3
;

Figure 9: Task Description: “Remove the lid from the pot | Remove the lid from the black pot. | Remove the glass
lid from the pot." Correct Order: 2,3,4,5,1



Figure 10: Task Description: “Pick up the object and put it in the light blue cup | Place the metal object inside the
light blue cup | Put the silver object in the light blue cup”
Correct Order: 2,1,4,5,3



Figure 11: Task Description: “Pick up the third spice bottle from the right on the bottom shelf of the bottom spice
rack and put it on the table | Remove the third container from the right on the bottom rack and put it on the table |
Put the spice bottle on the counter"”

Correct Order: 2,5,3,4,1



Bounding Box Setting Task

Figure 12: Task Description: “Hang the towel on the black stand | Put the towel on the black rod | Pick up the cloth
from the table and place it on the black object"
Correct Order: 3,2, 1

Segmentation Map Setting Task

Figure 13: Task Description: “Hang the towel on the black stand | Put the towel on the black rod | Pick up the cloth
from the table and place it on the black object"
Correct Order: 3,2, 1



F.2 Examples of Depth Ordering Tasks

We show examples of depth ordering tasks across
three settings: base (Figures 14-16), bounding box
(Figure 17), and segmentation map (Figure 18) .

F.2.1 Base Setting Task

Figure 14: “order the following objects from closest to
farthest from camera in terms of their centroid in the
image: bin, robot arm, bowl, bottle, bowl cup”

Correct Order: "robot arm", "bottle", "bowl cup",
"bowl", "bin"

Figure 15: “order the following objects from closest to
farthest from camera in terms of their centroid in the
image: container, cup, bottle, tray, robot arm"

non non non

Correct Order: "container", "cup"”, "tray",
"bottle"

robot arm",

Figure 16: “order the following objects from closest to
farthest from camera in terms of their centroid in the
image: sink, faucet, trash bin, cardboard box packet,
coffee maker"

Correct Order: "cardboard box packet", "

"non

"coffee maker", "sink", "faucet"

trash bin",

Bounding Box Setting Task

Figure 17: “order the following objects from closest
to farthest from camera in terms of their centroid in
the image: napkin dispenser, paper towel roll, coffee
machine"

Correct Order: "paper towel roll", "napkin dispenser”,
"coffee machine"

Segmentation Map Setting Task

Figure 18: “order the following objects from closest
to farthest from camera in terms of their centroid in
the image: napkin dispenser, paper towel roll, coffee
machine"

Correct Order: "paper towel roll", "napkin dispenser”,
"coffee machine"



F.3 Examples of Left-to-Right Tasks

We show examples of left-to-right ordering
tasks across three settings: base (Figures 19-21),
bounding box (Figure 22), and segmentation map
(Figure 23).

Base Setting Task

s

: "’ G

AW l RS '
Rog :1%
Figure 19: “Arrange the following objects in order from
leftmost to rightmost in the image: rug, chair, plant,

table, door"
Correct Order: "chair", "table", "plant", "door", "rug"

Figure 20: “Arrange the following objects in order from
leftmost to rightmost in the image: robot, paper towel,
box, microwave, pumpkin"

Correct Order: "robot", "pumpkin", "paper towel", "mi-
crowave", "box"

non

Figure 21: “Arrange the following objects in order from
leftmost to rightmost in the image: blanket, lamp, pillow
blanket, table, book"

Correct Order: "blanket", "pillow blanket", "lamp",
"book", "table"

Bounding Box Setting Task

Figure 22: “Arrange the following objects in order from
leftmost to rightmost in the image: cable, robot arm,
spoon"

Correct Order: "cable", "spoon", "robot arm"

Segmentation Map Setting Task

Figure 23: “Arrange the following objects in order from
leftmost to rightmost in the image: cable, robot arm,
spoon"

Correct Order: "cable", "spoon", "robot arm"

G LLM Usage

We used LLM-generated code (which was reviewed
by the authors) for implementing some experi-



ments.

H Token Limits for Reasoning Levels

# Images/Objects Temporal Ordering Task Depth Ordering Task Left-to-Right Ordering Task
Low Medium High ‘ Low Medium High Low Medium High

2 419 1204 2912 721 1487 5839 960 1664 5376

3 535 1619 3859 788 2067 5778 896 2432 4416

4 668 2062 5012 985 2262 6745 1024 2496 4992

5 801 2496 121,436 1052 2781 7194 1216 3136 6784
Mergesort 3 N/A N/A 5701 N/A N/A 2653 N/A N/A 6400
Mergesort 5 N/A N/A 6036 N/A N/A 2800 N/A N/A 11264

Table 11: Maximum output tokens permitted across
reasoning levels and number of ordering elements.

I Downstream Reasoning Performance on
Qwen3-VL-8B-Thinking

We also evaluated Qwen3-VL-8B-Thinking on our
spatiotemporal ordering and downstream reason-
ing tasks after finetuning the model on pipeline-
generated data. However, we find that Qwen3-VL-
8B-Instruct checkpoint outperforms the Thinking
model on a similar token budget across our down-
stream reasoning tasks, which is why we report our
Qwen3-VL-8B-Instruct results in Section 3. We
attribute this gap in performance to Qwen3-VL-
8B-Thinking’s behavior of expending tokens on
reasoning, which often causes it to exhaust the to-
ken budget prior to generating a valid response.
We provide our Qwen3-VL-8B-Thinking results in
Table 12 for completeness.

Model 3 Image/Object Spatiotemporal Ordering Downstream Reasoning

Temporal Depth Left-to-Right SAT RoboFAC (MCQ) RoboFAC (Open-Ended) Value Est. (RT-1) Value Est. (Dobb-E)

Base 18.33  29.00 45.00 48.00 38.54 00.34 0.0000 0.0005

SFT (Temporal) 44.00 25.33 44.00 52.00 37.55 00.25 0.0000 0.0024

SFT (Depth) 23.67  35.00 49.00 42.67 3391 00.29 0.0002 0.0022

SFT (Left-to-Right) 2033 2433 66.33 52.00 3891 00.30 0.0183 0.0058

GRPO (Temporal) 1633 27.67 4533 4533 21.51 00.03 0.0000 0.0010

GRPO (Depth) 22.67 5233 29.00 44.67 13.59 00.00 0.0081 0.0036

GRPO (Left-to-Right) | 21.00  15.33 44.67 59.33 46.09 00.74 0.0016 0.0002

Table 12: Finetuned Qwen3VL-8B-Thinking Accura-
cies on Spatiotemporal Ordering and Downstream Rea-
soning Tasks
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