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Abstract
We present CycliST, a novel benchmark dataset designed to evaluate Video Language Models
(VLM) on their reasoning over cyclical state transitions. CycliST captures fundamental
aspects of real-world processes in synthetic, richly structured video sequences featuring peri-
odic visual patterns. Furthermore, CycliST offers a tiered evaluation, providing increasing
difficulty levels by varying the number of cyclic objects, scene clutter, and lighting conditions.
We conduct extensive experiments with current open-source and proprietary state-of-the-art
VLMs and reveal their limitations in generalizing to cyclical dynamics, such as linear and
orbital motion, as well as to time-dependent changes in visual attributes like color and
scale. Our results demonstrate that present-day VLMs struggle to reliably detect and
exploit cyclic patterns, lack a notion of temporal understanding, and are unable to extract
quantitative insights from scenes, such as the number of objects in motion, highlighting a
significant technical gap that needs to be addressed. More specifically, we find no single
model consistently outperforms others: neither size nor architecture correlates strongly with
outcomes, and no model performs equally well across all tasks. By providing a targeted
challenge and a comprehensive evaluation framework, CycliST paves the way for visual
reasoning models that surpass the state-of-the-art in understanding periodic patterns.
Keywords: Video Question Answering, Scene Understanding, Spatio-Temporal Reasoning,
Benchmark Dataset
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Figure 1: CycliST: A diagnostic Video Question Answering and Scene Understanding
benchmark for Video Language Models. As CycliST’s scenes undergo periodic, smooth visual
changes, they always return to each configuration at regular intervals.

1 Introduction

Cyclical patterns are a common feature of our environment, and recognizing and interpreting
them is fundamental for future Artificial Intelligence models to match human cognition.

From traffic lights on the daily commute to the orbital motion of satellites, repetition is
everywhere around us. These recurring phenomena are crucial in many fields. For example,
recognizing the timing of traffic lights or the arrival of other vehicles at the intersection is
essential for safe navigation of autonomous vehicles (Gautam and Kumar, 2023). Similarly, by
measuring the orbital period of the moonlet Dimorphos around the asteroid Didymos before
and after the DART impact, scientists were able to precisely quantify its deflection (Johnson
et al., 2023). In industrial environments, packages on conveyor belts exhibit cyclical patterns
that require monitoring to detect and treat anomalies, such as incorrect timing or variations
in package sizes. In healthcare, cyclical patterns, such as heartbeats, are analyzed through
medical imaging to detect abnormalities (Gupta et al., 2022).

By understanding and analyzing these cyclical patterns, we can, to some extent, save
computational resources by compressing this repetitive information. That is, with a reliable
model of a cyclical pattern, an agent may allocate fewer resources to monitoring the evolution
of the respective state. Although cyclical phenomena are widespread, current diagnostic
datasets primarily cover a range of video contexts but often miss the importance of cyclical
and temporal structures embedded in these scenes.
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This omission limits their effectiveness in scenarios that require an understanding of these
patterns, as they lack the complexity of real-world cyclical events. In contrast, our work
aims to address this gap by introducing a dataset specifically designed to highlight cyclical
and temporal structures, enhancing the accuracy of reasoning over cyclical videos.

We introduce CycliST (Fig. 1), a benchmark dataset designed to tackle the problem of
recognizing and interpreting cyclical scenes from a novel perspective. Inspired by synthetic
diagnostic datasets such as CLEVR (Johnson et al., 2017; Yi et al., 2020; Girdhar and
Ramanan, 2020; Li et al., 2023), we propose a challenge that focuses on the intricate cyclical
and temporal structures of objects. Our dataset is founded on two principles: First, it
emphasizes reasoning within cyclical and temporal contexts while maintaining simplicity in
its generated scenes and language. Second, CycliST provides comprehensive annotations to
support complex reasoning tasks and offer robust diagnostics for model evaluation.

CycliST includes precise ground truth motion paths and cyclical state transitions for
each object in the videos. This detailed annotation enables the assessment of AI models
in conditions that closely resemble real-world scenarios, providing a robust framework for
identifying strengths and weaknesses in current AI technologies. By providing a comprehensive
dataset focused on cyclical phenomena, we seek to bridge the gap in current AI research and
lay a foundation for future developments in video reasoning.

In summary, we make the following contributions to Video Question Answering:

1. We propose CycliST, a novel high-resolution, high-framerate VLM benchmark for visual
reasoning on synthetic scenes of cyclical state transitions.

2. CycliST extends previous work by introducing linear and orbital motion patterns as
well as periodic attribute dynamics, including orientation, scale, and color changes.

3. With CycliST, we provide a large diagnostic benchmark (14.8k videos, 120k question-
answer pairs), showing how state-of-the-art VLMs are brought to their limits in
understanding complex, cyclical scenes, and pointing towards important skills the next
VLM generation ought to obtain.

4. We make CycliST, including the generated videos and questions∗ as well as its Blender-
based render pipeline, question generation, and scripts for the presented dataset splits†,
available as open-source repositories.

We proceed as follows. In Section 2, we lay out the fundamental principles employed
to generate our benchmark dataset, covering CycliST’s time-dynamic object descriptions,
motion cycles, attribute cycles, lighting cycles, validation, and rendering techniques. Then,
in Section 3, we disclose CycliST’s approach to template-based question generation, describing
both temporal descriptive and scene representative tasks. Next, Section 4 outlines how
CycliST is not only split into train, test, and validation splits, but also how it enables a
tiered evaluation of VLMs through fine-grained control of the scenes’ complexities. We then
provide an experimental evaluation of state-of-the-art VLMs in Section 5, demonstrating how
both open-source and proprietary models fail to reliably recognize and describe CycliST’s
scenes. Following a discussion of related work in Section 6, we conclude with a summary and
discussion of limitations and future work in Section 7.

∗Dataset: https://huggingface.co/datasets/AIML-TUDA/CycliST
†Code: https://www.github.com/simon-kohaut/CycliST
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Motion Cycles Attribute Cycles
Linear Orbit Size Color Orientation

Table 1: Time-dynamic objects via motion and attribute cycles: CycliST integrates
five types of object-centric state changes, each illustrated by a simple evolving scene with only
that cycle applied. While motion cycles drive changes in the spatial relations between objects
over time, attribute cycles introduce dynamics to the appearance of individual objects.

2 Cyclical State Transitions

We propose a scene-generation process for creating a benchmark dataset for VLMs revolving
around Cyclical State Transitions (CycliST). CycliST is designed to challenge a model’s
understanding of cyclical patterns in high-resolution scenes using physically based rendering.
We show CycliST’s time-dynamic object descriptions (Sec. 2.1), the resulting motion (Sec. 2.2),
attribute (Sec. 2.3), and light cycles (Sec. 2.4), as well as validation and rendering (Sec. 2.5).

2.1 Time-Dynamic Object Description

Each scene in the CycliST dataset contains a collection of k objects, denoted by O, where
k = i + j. This collection consists of i cyclic objects and j clutter objects. While cyclic
objects introduce structured temporal variation into the scene, clutter objects serve as fixed
reference points that may still be referenced in questions.

Each object o ∈ O is defined as a tuple (G, s,m, c,p,ω, C) comprising a mesh G, a discrete
size s (either small or large), a material m (either metal or ruber), a color c, a position p,
an orientation ω, and an associated set of cycle functions C. For clutter objects, C = ∅.

Cycle functions govern how a cyclic object evolves over time. Each function f ∈ C maps
an initial object o0, a time of t seconds, and cycle frequency λ in Hz, to a new configuration
of that object at time t, such that f is modifying one or more of its dynamic properties,
namely, position, orientation, color, and size:

f(o0, t, λ) = ot.
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In case of multiple functions acting upon the same object, we assert that none of them
concurrently alter the same object property to avoid conflicts. Furthermore, we assure that

∀l ∈ N : f(o0, l · λ−1, λ) = o0,

i.e., after a full cycle, the object always returns to its initial state. We choose λ based on a
randomly chosen combination of prime factors of the scene’s overall number of frames.

In CycliST, the object geometry and material remain fixed throughout time, leaving such
transformations for future work. Although clutter objects do not exhibit time-dependent
behavior themselves, they may still play a role in temporally grounded questions, since their
spatial and visual relationships to dynamic objects evolve over time.

Objects in each scene are generated sequentially, one after the other. The discrete
properties of each object—namely, its geometry and size—are sampled uniformly from the
set of available options. Initial positions are drawn from a uniform distribution over the
scene’s x and y boundaries, with fixed z = 0, and initial orientations are sampled uniformly
from the interval [0◦, 360◦). As detailed later in Section 2.5, we ensure that the resulting
scenes remain free of intersections.

We introduce temporal dynamics by randomly determining the number of clutter objects
and cycle functions to be included in the scene. Clutter objects are then generated first, with
no associated cycles, followed by the generation of cyclic objects. The latter are created by
randomly assigning and combining cycle functions until all have been allocated.

As a result, while the number of clutter objects is predetermined, the number of cyclic
objects is implicitly defined by the number and assignment of cycle functions. For example,
if two distinct cycle functions are sampled, the resulting scene may include either one cyclic
object with both functions or two cyclic objects, each associated with a single function.

We distinguish two types of object cycles: motion cycles, which affect an object’s position
p, and attribute cycles, which alter its color c, size s, or orientation ω. These two forms of
temporal dynamics will be discussed in detail in the following two sections, respectively.

2.2 Motion Cycles

Each cyclic object in a scene may be assigned a motion cycle, which governs how its position
changes over time. We consider two types of motion cycles in CycliST: linear motion and
orbiting motion (Tab. 1 left). Both cycle types manipulate the position p of an object over
time, thereby enabling time-dependent reasoning about spatial relations, such as answering
questions about where two objects are relative to one another at a specific time step, or if
one is ever or always in a specific relation to another.

We define linear motion cycles as a back-and-forth movement between the object’s
initial position p0 and a designated, randomized switch point ps within the scene’s boundaries.
The object moves linearly from p0 to ps, reverses direction upon reaching ps, and returns to
p0, completing one full cycle every 1

λ seconds. Hereby, the object’s velocity is constant, such
that it reaches the switch point ps at the midpoint of the cycle.

Orbiting motion cycles, in contrast, introduce circular trajectories. First, a random
clutter object or another cyclic object is selected as the center object about which the orbiting
will occur. Second, a random orbit radius r ∈ [rmin, rmax] and initial angle γ ∈ [0, 360) are
sampled, and the initial position of the orbiting object is updated to match the corresponding
point on the orbital path, offset by the center object’s initial position.
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(a) A CycliST scene with a red cylinder orbiting a purple cone, and a red cone moving on a line.
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(b) Spatial relations of the scene in (a) over time.

Figure 2: Visualizing cyclical state transitions in space: We show the spatial relations
between objects in an exemplary scene (a) over time (b). While some relations are constant,
others are affected by the scene’s motion cycles and exhibit a periodic pattern as well.

The position of an orbiting object is computed relative to the center object’s position at
each time step. This design enables stacked dynamics, where an object may orbit another
that itself moves, e.g., in a linear motion cycle.

Figure 2 shows a CycliST scene with two motion cycles and illustrates how they affect
the spatial relations between objects over time. Note that not only are the motion patterns
cyclical, but the spatial relations exhibit an analogously periodic, although even more complex,
trajectory. Furthermore, some relations within this dynamic scene remain unaffected by
the embedded dynamics, allowing, for example, the posing of questions regarding a relation
being always or ever true.

2.3 Attribute Cycles

In addition to spatial motion, CycliST incorporates attribute cycles that modify an object’s
visual characteristics over time (Tab. 1 right). These cycles affect properties such as an
object’s size, orientation, and color, thereby altering the object’s appearance as the video
progresses. As a result, an object’s perceived identity evolves over time, increasing the
complexity of scene interpretation and enabling a broader range of temporal reasoning
questions. Hence, successfully answering such questions requires strong video understanding
capabilities, including the ability to consistently track objects despite their visual changes.
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The size change cycle function causes an object to alternate between two discrete size
states, transitioning from small to large and back. To prevent visual artifacts such as ground
penetration during resizing, the cycle function adjusts the object’s vertical offset accordingly.

The orientation change cycle introduces continuous rotation by updating the object’s
placement angle over time. This cycle is applied only to objects whose rotation produces a
visually significant change and is omitted for rotation-invariant geometries such as spheres.

Finally, the color change cycle performs continuous interpolation of the object’s hue,
resulting in smooth transitions between colors over time, e.g., cycling between red and blue.

Alongside spatial cycles, these attribute cycles provide CycliST with diverse temporal
signals, significantly enriching scene dynamics and enabling the development of models
capable of fine-grained temporal perception and object tracking.

2.4 Light Cycles

CycliST’s lighting follows the CLEVR setup (Johnson et al., 2017). This includes randomizing
light and camera positions with random translations to enhance visual diversity and reduce
overfitting to fixed scene parameters. In addition to the cyclic motion and attribute changes
we’ve introduced for individual objects, we also propose a scene-wide periodic lighting
behavior. For each light source in the scene, we modulate its intensity using a sinusoidal
pattern. This makes the lighting time-dependent, causing the scene to smoothly interpolate
between bright and dark states. This synchronized, scene-wide change adds another layer of
complexity on top of our motion and attribute cycles.

2.5 Scene Validation and Rendering

To ensure high-quality and physically plausible scenes, we employ a strict validation and
rendering pipeline during scene generation. Each scene is validated incrementally at every
generation step, allowing for early detection and correction of invalid configurations.

Object placement is performed sequentially, one object at a time, using a backtracking
mechanism. As each object is introduced into the scene, spatial constraints are enforced
to ensure sufficient margins to both the scene boundaries and all previously placed objects.
This margin check helps avoid immediate overlaps or near-collisions.

Once all objects have been tentatively placed, the scene is simulated across all video frames
using the specified object motion functions, e.g., orbiting, bouncing, or linear movement.
During this simulation step, pairwise margin constraints are again evaluated for every object
pair at each frame. If any collisions or spatial violations are detected due to a specific
property, e.g., initial position or orbit radius, the corresponding property is resampled up to
a predefined number of attempts.

If resampling a property does not resolve the conflict, the entire object is discarded and
regenerated. This process itself is also bounded by a maximum number of attempts, after
which the generation logic backtracks and attempts a different configuration for the prior
object. If a generation exceeds a backtracking limit, it is considered failed for the given seed.

To ease the process of generating valid scenes without collisions, CycliST facilitates a
larger overall scene compared to, e.g., CLEVR (Johnson et al., 2017), by pulling the camera’s
view away from the scene, creating more space for objects to move in without collisions or
violating margins.
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query Is the blue cube 
large all the time?

Is the blue cube at 
some point large?

compare Is the cube always the 
same size as the sphere?

Will the cube ever be the 
same size as the sphere?

relate Will the blue cube always
be left of the red sphere?

Will the blue cube ever be 
left of the red sphere?

Temporal Descriptive

Existential ∃
What is ever true? 

Universal ∀
What is always true?

Scene Representative

orbit
center

What object is the cube 
orbiting around?

What is the orbit directon
of the cube?

orbit
direction

What size is the sphere 
transitioning into?

initial / 
transition

Cyclic
What are the cycles' properties?

counting How many objects are 
moving in the scene?

periodicity What is the motion period
of the blue cube?

occurence How often does the blue 
cube complete an orbit?

Numeric
What are the scene's 

quantitative properties?

Figure 3: CycliST’s question categorization model: We consider two question types:
temporal descriptive and scene representative. The former challenges VLMs not only to
understand a scene, but also to determine if an answer is always true or only at some point
in time. The latter tasks VLMs with both understanding the presented cycles themselves
and extracting quantitative properties, such as the number of cycles or their periodicity.

Once a valid scene configuration is finalized, the scene description is passed to Blender,
utilizing the Cycles engine ‡ for photorealistic, physically based rendering. To this end, each
object is equipped with the necessary material information, such as roughness and anisotropy
values. We further define keyframes for each object’s transformation and use Blender’s
built-in interpolation, reducing computation time while maintaining smooth motion.

The final output consists of a 1920× 1080-pixel video sequence at 32 frames per second,
along with a corresponding JSON file. We record the complete temporal metadata for
the scene, including object attributes such as position, scale, rotation, and color over time.
Additionally, we provide spatial relationships as a basis for generating VQA tasks.

3 Template-based Video Question Generation

We evaluate the ability of VLMs to recognize time-varying objects in an evolving scene, as well
as their changing relations to one another. To this end, CyliST extends the template-based
question-generation approach used in prior synthetic VQA work, such as CLEVR (Johnson
et al., 2017) and CLEVERER (Yi et al., 2020). Specifically, we introduce a new set of temporal
and cyclical operators for generating question-answer pairs as illustrated in Figure 3.

In template-based VQA, each question is formed by combining a template, which consists
of question strings and placeholders, with a functional program, as exemplified in Figure 4.
During generation, placeholders in the question strings, one for each attribute and cycle type
(see Figure 4 left), such as <C> for color or <S> for shape, are instantiated by sampling.
For instance, the template "What is the size of the <C> <S>?" might become "What is
the size of the blue cube?". A functional program is then executed on the scene’s ground
truth to compute the correct answer. To this end, we incorporate novel operators into the
question-answer generation process for quantifying temporal questions. Namely, we introduce
universal and existential quantifiers to the VQA pipeline to specify in questions and answers if
a question is always true or at least once. Building on this foundation, CycliST incorporates
novel question strings and placeholders that facilitate a wider range of reasoning about
temporal properties (see Section 3.1) and scene properties (see Section 3.2).

‡https://www.cycles-renderer.org/
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(a) A scene with two orbits and one color change cycle.

Question Instance

Question Template
"Is the <Z> <M> <CC> 
<RO> <S> ever <C>?"

"Is the metal cylinder
ever purple?"

Scene Graph

{     }

metal cylinder

filter_material filter_shape
filter_unique

purple

existential_filter_color

include Answer: 
True{             }

(b) An existential, temporal descriptive question (query).

{     }
Scene Graph

yellow

small cyan

cyclinder

in front

filter_color filter_shape

filter_unique
v

filter_size filter_color

filter_unique
v

universal_relate

include Answer: 
False

{             }
Question Instance

Question Template
"Is the <Z1> <C1> <M1> <CC1> 

<RO1> <E1> <S1>
always <R>

the <Z2> <C2> <M2> <CC2> 
<RO2> <E2> <S2>?"

"Is the yellow cylinder
always in front of the 

tiny cyan thing"?

(c) A universal, temporal descriptive question (relate).

Figure 4: CycliST’s question generation pipeline: Given a question template and scene
graph, CycliST samples a question instance and yields a ground-truth answer through a
functional program applied to the scene graph. Here, two example question-answer pairs are
derived based on a CycliST scene (a), one being an existential temporal query (b) and one
universal temporal relation (c).

We exemplify CycliST’s VQA pipeline on a scene and two question templates in Figure 4.
Furthermore, the full set of question strings and placeholders employed in CycliST is provided
in Table 13 in the Appendix.

3.1 Temporal Descriptive VQA

With temporal descriptive VQA, CycliST enables the evaluation of a model’s temporal
understanding by probing object properties and relationships over time. To achieve this,
we employ two temporal quantifiers: universal (∀), which asks about properties that are
always true, and existential (∃), which asks if properties are ever true.
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Answering a universal question requires tracking attributes throughout the entire video,
whereas an existential question only requires finding a single corresponding frame. These
quantifiers are applied across three distinct subcategories of questions:

Query These questions probe whether a single object exhibits a specific attribute over time.
Attributes can be either static (e.g., material, shape) or dynamic (e.g., color, size,
position) depending on the applied cycles. For an object with dynamic attributes, a
universal question (∀) requires the attribute to persist throughout the video, while an
existential question (∃) requires it to appear at least once.

Compare These questions involve comparing an attribute between two objects. A universal
comparison requires the relationship to hold continuously. For instance, answering "Is
the blue cube always the same size as the red sphere?" requires both objects to be
either static and the same size or have perfectly synchronized size-change cycles. An
existential comparison, however, only requires the condition to be met at least once.

Relate These questions focus on the relative spatial relationship between two objects. Again,
a universal question demands that a given relationship (e.g., "left of") holds throughout
the video, while an existential question requires it to hold in at least one frame.

Generating appropriate temporal descriptive question-answer pairs requires employing
the appropriate quantifiers during the generation process. For example, CycliST may select
all objects that are "ever blue" (∃) or all objects that are "always small" (∀).

3.2 Scene Representative VQA

In contrast to temporal questions that evaluate properties over time, Scene Representative
VQA assesses a model’s ability to understand the scene’s overall composition and cyclic
nature. This category is divided into two main types of questions: cyclic and numeric.

Cyclic Cyclic questions probe the specific parameters and nature of the cyclical transforma-
tions applied to objects. These can be further broken down into several types. Orbit
questions focus on the motion cycles of the same name, asking, for example, whether
an object is being orbited by another or to identify the center of an object’s orbit.
Initial questions query the visual attribute of an object at the beginning of the video,
such as its initial size or color. Finally, transition questions test the understanding of
attribute changes by asking what size or color an object is transitioning into.

Numeric Numeric questions require the model to quantify aspects of the scene and its
dynamics. This includes counting questions (e.g., "How many cyclic objects are
there?"), questions about periodicity (e.g., "What is the period of an object’s color
change cycle?"), and questions about occurrence, which require counting how many
times a specific event happens.

In tandem with temporal descriptive questions, scene representative questions ensure that
the VLMs can obtain a complete and correct representation of the generated set of objects
and dynamics, and that correct conclusions about the emergent behavior can be drawn. Note
that not all questions will refer to all cycles, e.g., cycle transition questions do not ask about
orientation change cycles as they do not exhibit the necessary visual reference points.
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Tier
Time

0 s 1.25 s 2.5 s 3.75 s

L1
Unicycle

L2
Unicycle-
Cluttered

L3
Bicycle

L4
Tricycle

L5
Nightrider

Table 2: Tiered benchmarking in CycliST: CycliST provides multiple levels of difficulty
for Video Question Answering and Scene Understanding. Here, each row shows an example
scene from each benchmark tier evolving over time.

4 Tiered Scene Construction and Benchmarking

To provide a rigorous and informative evaluation of VLMs on CycliST scenes, we propose a
benchmark comprising multiple difficulty tiers as seen in Table 2, rather than relying on a
single setting across all of CycliST’s samples. Each tier tests VLMs on their ability to handle
increasing levels of visual complexity, temporal reasoning, and contextual inference.

The key differentiating factors across tiers include the number of cyclic objects in a scene,
the amount of visual clutter introduced by static objects, and variations in scene lighting
conditions. These changes are designed to test specific capabilities of VQA systems, such
as their ability to track motion patterns, isolate relevant entities amidst noise, and answer
complex questions.

L1 - Unicycle This introductory tier assesses a VLM’s fundamental ability to detect and
describe periodic motion or attribute changes. Each scene contains exactly one cyclic
object that undergoes a variable number of full cycles, accompanied by 2 to 3 clutter
objects. This setup establishes a minimal yet controlled environment to verify that a
model can perceive and reason over temporal patterns and the different types of cycle
functions in isolation.
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Table 3: CycliST comprises 14.8k FHD videos.

Tier Training Testing Validation Total

L1 - Unicycle 1500 750 750 3000
L2 - Unicycle-Cluttered 1500 750 750 3000
L3 - Bicycle 1500 750 750 3000
L4 - Tricycle 1540 770 770 3080
L5 - Nightrider 1360 680 680 2720

Total 7400 3700 3700 14,800

L2 - Unicycle-Cluttered This tier introduces additional background complexity by in-
creasing the number of clutter objects to 4-9 per scene. Although only a single cyclic
object remains, the added visual complexity significantly raises the difficulty and
expands the space of possible questions. This setting assesses a model’s robustness in
answering questions about specific objects within a larger group of candidates.

L3 - Bicycle & L4 - Tricycle These two splits further escalate the reasoning challenge by
including multiple cyclic objects: two in the Bicycle split and three in the Tricycle split.
In both benchmark tiers, two to three clutter objects are present in each scene. To
answer questions in L3 and L4, a model must not only understand scenes with many
objects but also demonstrate robustness to multiple cycles, which significantly increases
scene complexity. This entails understanding how the interactions and relative phases
of these cycles relate to one another over time, which requires a more sophisticated
understanding of spatiotemporal dependencies.

L5 - Nightrider Our final benchmark tier uses the Light Cycle introduced in Section 2.4,
making it more challenging to track objects and their attributes throughout the video.
To this end L5, comprises a balanced variation of scenes from L1, L3, and L4.

Each CycliST tier changes one scene aspect, namely the amount of visual clutter (L2), the
number of cycles per video (L3, L4), and the introduction of lighting cycles. We provide a
balanced number of samples divided into training, validation, and test splitsas detailed in
Table 3. Furthermore, for each scene, we aim to generate one question per template, totaling
about 120k questions (see Table 14 in the Appendix for a detailed overview of test split
questions). Note that not all templates apply to all scenes; for example, one cannot ask
about orbits in a scene with linear motion only.

5 Video Language Models on CycliST

Our experimental section aims to evaluate the performance of state-of-the-art VLMs on
cyclic video data. To this end, we consider the VQA and scene understanding capabilities
of VLMs ranging from smaller 7B to larger 78B models. We cover both proprietary and
open-source models as outlined in Section 6, specifically from the Intern (Wang et al., 2025;
Zhu et al., 2025), LLaVA-Video (Zhang et al., 2025), LLaVA-OV (Li et al., 2025), and
Gemini (Comanici et al., 2025) families.
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Video Question 
Answering

Q: What is the color
of the sphere?

Video 
Language

Model
LLM Judge

There are three objects, 
one of which is a sphere.

Its color is blue.

{
    answer: "blue",
    correct: "true"
}

Ground Truth Answer

(a) LLM-judge driven VQA pipeline.

Scene 
Understanding

Task: Describe the scene.

LLM Judge

There are two objects, 
one blue metalic sphere and

 a gray cylinder. The cyclinder
 is moving from left to right.

{
    answer: {
        objects: [
            {shape: "sphere", color: "blue", material: "metal"},
            {shape: "cylinder", color: "gray", linear: "true"}
        ]
    }
}

Scene Description

Video 
Language

Model

(b) LLM-judge driven scene understanding pipeline.

Figure 5: CycliST’s evaluation pipelines: By employing an LLM-judge in its VQA (a)
and scene understanding (b) pipelines, VLMs can give free-form answers rather than being
limited to a multiple-choice questionnaire.

The models are provided with the complete 5-second video, which consists of 160 frames.
For the LLaVA-Video model family, we provide half the frames, since they are limited in the
context size they can handle. Nevertheless, they maintain competitive performance.

Since VLMs provide free text answers, we employ Llama3-70B as a judge (Zheng et al.,
2023) as illustrated in Figure 5 for its robustness to phrasing variations compared to methods
such as BLEU-4 (Papineni et al., 2002) and ROUGE (Lin, 2004). To ensure correct judgments,
we employ 100 calibration questions for each judgment pipeline. More specifically, we treat
four different cases: The judge may (i) extract "Yes" or "No", (ii) numeric values, (iii)
attributes, or (iv) map recognized objects into a pre-defined JSON format. In the first two
cases, we achieve 100% alignment between LLM and human judgments. In the third case,
we obtained a lower alignment of 92.6% because the judge had to address ambiguities arising
from synonymous descriptions of the same attributes. Finally, we obtain an F1 score of
87.6% on object mapping for scene understanding, since in this case the judge may report
more or fewer objects than are present in the human annotation. We provide the scripts
used to calibrate Llama3’s judgment alongside the generation code.

When the VLM produces an indefinite answer, we tag it in the JSON and consider it
incorrect when computing accuracy. In metrics such as the Mean Absolute Error (MAE),
these answers are excluded. Where applicable, we highlight random guessing as baseline
performance as the lower end of the color bands in the tables.

5.1 Temporal Descriptive VQA

We assess the temporal reasoning capabilities of the selected VLMs on a set of yes/no questions.
First, query questions test the ability to extract scene attributes. Second, comparison (comp)
questions require matching the attributes of two objects. Third, relational (rel) questions
assess if a spatial relationship holds between objects.
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Table 4: VLMs struggle at Temporal Descriptive VQA: Oftentimes, the accuracy of
the tested models is only slightly above random guessing (50%), with peak performance not
exceeding 83%. We show results on existential (∃) and universal (∀) temporal questions.

Temporal Descriptive ( 50% 100%)

Q Model
Unicycle Bicycle Tricycle

query comp rel query comp rel query comp rel

∃

InternVideo2.5 (8B) 72.9 67.4 74.8 73.2 63.0 72.8 70.1 63.7 70.4
InternVL3 (8B) 79.2 72.6 74.0 76.8 68.8 73.0 75.5 66.3 72.3
InternVL3 (78B) 73.5 74.7 80.0 73.5 74.1 79.3 73.1 72.4 77.1
LLaVA-Video (7B) 60.7 56.2 58.2 61.7 54.7 58.4 60.7 53.7 53.8
LLaVA-Video (72B) 80.4 70.0 70.1 79.1 67.8 69.6 78.4 66.5 65.7
LLaVA-OV (7B) 73.5 58.9 62.0 71.1 57.1 60.8 71.3 56.0 61.1
LLaVA-OV (72B) 74.8 63.1 62.8 73.3 62.8 64.5 72.8 60.4 62.9
Gemini Flash 2.0 75.7 64.5 61.3 72.1 62.2 65.2 73.1 62.5 60.1
Gemini Flash 2.5 73.0 65.9 73.4 73.6 67.0 74.0 71.9 64.5 73.8

∀

InternVideo2.5 (8B) 83.2 63.7 77.0 81.7 64.3 73.9 81.9 63.8 75.9
InternVL3 (8B) 77.0 69.9 73.9 77.0 67.5 74.7 77.0 65.5 75.8
InternVL3 (78B) 75.1 72.5 79.8 74.9 71.7 79.1 77.0 69.6 80.0
LLaVA-Video (7B) 66.8 61.4 57.2 65.6 56.6 55.3 61.7 55.6 58.0
LLaVA-Video (72B) 82.5 71.3 75.4 79.9 67.8 72.5 82.4 67.3 72.1
LLaVA-OV (7B) 76.0 64.0 62.9 74.7 62.4 60.3 76.6 58.9 63.1
LLaVA-OV (72B) 79.3 73.7 72.6 78.4 66.4 69.1 79.2 66.9 69.1
Gemini Flash 2.0 63.5 67.2 66.5 66.3 65.3 63.7 68.1 62.8 61.9
Gemini Flash 2.5 77.6 72.3 79.6 81.8 69.5 75.7 82.9 68.2 77.6

Q1: Can VLMs detect objects and their relations in a time-dynamic scene? We
present the accuracies for all models and both quantifiers in Table 4, with the baseline being
50% due to a balanced answer distribution (yes/no). Overall, query performance proved
most consistent across all VLMs. This follows from queries being similar to past benchmarks,
on which state-of-the-art models may already have been trained.

Interestingly, some models perform above average in specific categories, such as LLaVA-
Video (72B) on existential-attribute questions, but not on universal questions or other
question categories. The best-performing model (InternVL3 (78B) ) is outperforming the
others in 11/18 categories, with most declining in performance as tier difficulty increases.

While the best models achieve only 70–80% accuracy on query and relational questions,
they exhibit a much larger technical gap on comparison questions. Hence, effective temporal
and inter-object reasoning remains a significant challenge for VLMs.

Q2: How does added clutter and light-cycles affect VLMs’ temporal descriptive
capabilities? We compare the accuracy on Unicyle with its cluttered variant and the
overall performance on Nightrider. One can see how added clutter is causing a performance
hit to almost all models on all question types (Table 5 left). Although there is not the same
performance drop when looking at the Nightrider accuracies (Table 5 right), the tested VLMs
struggle to solve this tier similarly to Table 4.
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Table 5: Applying clutter and light-cycles to the scenes: Accuracy changes in
percentage points are shown on the left, results for Nightrider are displayed on the right
(baseline at 50%). We show results on existential (∃) and universal (∀) temporal questions.

Q Model Uni. clut. (-10 +10)
query comp rel

∃

InternVideo2.5 (8B) -2.8 -3.4 +1.5
InternVL3 (8B) -4.2 -4.2 +1.1
InternVL3 (78B) +2.8 +0.0 +3.5
LLaVA-Video (7B) -4.9 -2.0 -1.5
LLaVA-Video (72B) -2.8 -7.6 -6.2
LLaVA-OV (7B) -5.8 -1.6 -1.9
LLaVA-OV (72B) -6.9 -6.1 -2.8
Gemini Flash 2.0 -4.5 -2.7 +1.2
Gemini Flash 2.5 +3.3 -1.9 -0.8

∀

InternVideo2.5 (8B) -3.6 -5.3 -7.4
InternVL3 (8B) +0.3 -3.7 +0.8
InternVL3 (78B) +1.3 -0.8 -1.5
LLaVA-Video (7B) -5.9 -6.7 -2.7
LLaVA-Video (72B) -4.4 -9.9 -8.1
LLaVA-OV (7B) -3.6 -4.8 -2.5
LLaVA-OV (72B) -2.9 -8.9 -4.9
Gemini Flash 2.0 +0.8 -3.9 -8.0
Gemini Flash 2.5 +2.4 -4.9 -4.9

Q Model N.R. ( 50% 100%)
query comp rel

∃

InternVideo2.5 (8B) 71.4 67.9 73.8
InternVL3 (8B) 74.3 66.7 70.8
InternVL3 (78B) 72.5 72.8 79.3
LLaVA-Video (7B) 63.5 53.5 56.3
LLaVA-Video (72B) 79.9 70.3 70.0
LLaVA-OV (7B) 73.6 56.8 60.9
LLaVA-OV (72B) 74.4 63.7 66.8
Gemini Flash 2.0 72.8 60.2 60.4
Gemini Flash 2.5 71.4 64.5 70.6

∀

InternVideo2.5 (8B) 81.6 65.1 75.8
InternVL3 (8B) 73.1 73.1 74.3
InternVL3 (78B) 73.3 70.0 80.6
LLaVA-Video (7B) 63.7 54.3 55.9
LLaVA-Video (72B) 80.8 73.3 74.6
LLaVA-OV (7B) 74.6 65.7 61.7
LLaVA-OV (72B) 76.1 70.8 70.6
Gemini Flash 2.0 63.9 60.7 58.8
Gemini Flash 2.5 78.4 68.9 74.5

Table 6: VLMs fail to understand orbits: Models guess orbit directions and center object
attributes with low accuracy (random baseline about 50%/30% accuracy, respectively).

Model Direction (50% 100%) Center (30% 100%)
Uni. Bi. Tri. Uni. clut. N.R. Uni. Bi. Tri. Uni. clut. N.R.

InternVideo2.5 (8B) 46.7 42.7 44.8 49.2 38.8 50.7 33.3 31.4 29.9 36.5
InternVL3 (8B) 52.6 51.6 50.0 50.0 49.6 60.1 51.4 48.9 54.9 50.8
InternVL3 (78B) 48.2 43.0 44.8 49.2 46.7 57.8 43.2 42.3 40.5 45.4
LLaVA-Video (7B) 40.6 37.3 38.0 36.7 37.1 39.1 34.7 31.5 29.1 35.0
LLaVA-Video (72B) 51.8 49.3 51.6 51.0 45.8 55.4 50.6 47.1 40.8 46.9
LLaVA-OV (7B) 53.3 48.8 49.0 46.1 49.2 46.0 41.4 45.5 25.8 40.4
LLaVA-OV (72B) 54.1 49.3 52.6 53.9 49.2 48.0 41.0 42.2 33.8 48.5
Gemini Flash 2.0 42.2 41.8 46.4 46.9 34.6 25.0 22.3 19.4 16.8 23.2
Gemini Flash 2.5 49.6 44.3 48.7 47.5 49.4 46.5 34.5 35.5 40.0 34.4

5.2 Scene Representative VQA

Q3: Can VLMs detect the center or direction of an orbit? When questioned about
the direction of an orbit, possible answers are clockwise or counterclockwise. Models are
randomly guessing at or below 50% accuracy as shown in Table 6. If a model does not
provide a direction as an answer, we score this as a wrong answer. This is especially evident
with smaller models, such as LLaVA-Video (7B) , which exhibit accuracies significantly below
random guessing. When asked about the properties of the center object of the orbits, we
achieve accuracies of up to 60.1% on Unicycle.
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Table 7: VLMs show moderate performance when queried about changing at-
tributes: Performance does not exceed 66.3% accuracy, with the best results on Unicycle.

Model Cyclic Transition (30% 100%)
Unicycle Bicycle Tricycle Uni. clut. Nightrider

InternVideo2.5 (8B) 45.2 40.5 36.9 35.3 35.4
InternVL3 (8B) 66.3 63.7 59.9 62.9 60.2
InternVL3 (78B) 59.4 59.6 54.7 58.0 58.3
LLaVA-Video (7B) 55.1 54.8 46.2 44.4 50.0
LLaVA-Video (72B) 60.6 58.8 53.5 44.5 52.7
LLaVA-OV (7B) 52.3 50.1 47.3 39.9 48.3
LLaVA-OV (72B) 50.5 52.5 44.3 41.0 48.5
Gemini Flash 2.0 49.5 51.8 42.6 41.3 44.9
Gemini Flash 2.5 45.0 50.8 48.2 47.3 42.8

Table 8: VLMs struggle with counting object cycles: Accuracy and MAE by model on
cycle counting. An MAE of one means miscounting by one cycle on average.

Model Accuracy (0% 100%) MAE (>1 0)
Unicycle Bicycle Tricycle Unicycle Bicycle Tricycle

InternVideo2.5 (8B) 50.2 34.8 31.1 0.57 0.80 0.96
InternVL3 (8B) 55.4 41.7 34.6 0.45 0.72 0.92
InternVL3 (78B) 55.4 46.5 37.8 0.66 0.81 0.98
LLaVA-Video (7B) 15.4 19.9 19.8 1.70 1.60 1.80
LLaVA-Video (72B) 15.3 15.2 12.0 2.00 2.18 2.59
LLaVA-OV (7B) 8.6 21.2 25.2 1.61 1.31 1.31
LLaVA-OV (72B) 26.0 19.1 18.3 1.58 1.77 1.98
Gemini Flash 2.0 55.1 42.4 33.6 0.52 0.75 1.01
Gemini Flash 2.5 69.4 60.5 46.1 0.32 0.48 0.75

Note that in this category, not all questions have only two possible answers, since there
are 8 color options and 2 size options. Instead, random guessing yields approximately 30%
accuracy. Due to an increasing number of orbits in Bicycle and Tricycle scenes, respectively,
we see a performance drop for most models. Similar to Q2, we see a stark performance drop
when clutter is added, and similar performance on Nightrider since it does not increase the
number of orbits and contains simpler, Uni- and Bicycle-like scenes. Overall, these results
suggest that current VLMs can not infer orbit directions and struggle to identify their centers.

Q4: Can VLMs track attribute changes? In this category, models are asked to identify
objects that change their color or size and are queried about the initial attribute value or the
value they transition into. Again, as in Q3, random guessing would yield approximately 30%
accuracy. Table 7 shows the accuracy of detecting the correct value. The effect of added
clutter on Unicycle, as well as the performance on Nightrider, is similar to Table 6 right. To
summarize, the models’ visual recognition of dynamic object sizes and colors is lacking.
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Table 9: VLMs fail at counting completed cycles. All model predictions are, on average,
off by more than 1, with possible answers being one, two, or five completed cycles (depending
on the randomly chosen number of prime factors of the overall number of frames).

Model Accuracy (0% 100%) MAE (>1 0)
Unicycle Bicycle Tricycle Unicycle Bicycle Tricycle

InternVideo2.5 (8B) 46.4 38.7 32.9 0.92 1.28 1.61
InternVL3 (8B) 34.7 27.9 30.0 1.17 1.59 1.71
InternVL3 (78B) 31.4 27.3 27.6 1.34 1.60 1.78
LLaVA-Video (7B) 42.7 31.6 34.0 1.54 1.65 1.77
LLaVA-Video (72B) 32.2 23.7 30.7 1.45 1.92 1.57
LLaVA-OV (7B) 42.3 33.1 32.6 1.31 1.51 1.61
LLaVA-OV (72B) 21.1 16.9 18.3 3.31 3.36 3.28
Gemini Flash 2.0 15.2 22.8 19.2 1.70 1.84 2.01
Gemini Flash 2.5 30.1 20.9 16.3 1.44 2.05 2.27

Table 10: VLMs have no notion of frames per second: Objects can complete their
cycles within 160, 80, or 32 frames. When asking the VLMs about the number of frames it
took for a specific cycle to complete, all predictions are off by a large margin.

Model MAE (>100 0)
Unicycle Bicycle Tricycle

InternVideo2.5 (8B) 105.0 97.3 95.9
InternVL3 (8B) 102.8 96.2 90.2
InternVL3 (78B) 90.5 88.1 87.2
LLaVA-Video (7B) 105.1 98.9 95.4
LLaVA-Video (72B) 97.8 107.7 92.3
LLaVA-OV (7B) 101.7 93.6 92.5
LLaVA-OV (72B) 103.2 95.4 93.9
Gemini Flash 2.0 105.4 98.7 96.7
Gemini Flash 2.5 109.9 89.6 89.7

Q5: Can VLMs count the occurrence of cyclic transitions? Lastly, we evaluate
whether VLMs can count the number of cycles in a scene. In Table 8 we report two metrics
for this template: accuracy, which measures how often a model predicts the exact number
of cycles, and the average absolute error, i.e., the distance between the predictions and the
ground truth. The performance varies strongly among the models, with Gemini Flash 2.5
taking the lead. Possible answers range from zero to one for a Unicycle, to two for a Bicycle,
and to three for a Tricycle scene. On Unicycle, Gemini Flash 2.5 is the only model that
clearly outperforms random guessing, while all other models even perform below random
guessing. A possible explanation is that models predict a number based on a learned bias, as
they are unable to count cycles in the video. The same observations hold for bicycles and
tricycles, as seen in the decreasing accuracy with increasing numbers of objects to count.
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Table 11: VLMs perform well on scene captioning in CycliST: Precision, recall, and
F1 scores are reported for matching objects by their attributes with the respective ground
truth scene description.

Scene Captioning (0% 100%)
Unicycle Bicycle Tricycle

Model Pr Re F1 Pr Re F1 Pr Re F1

InternVideo2.5 (8B) 83.0 78.9 80.4 82.1 76.0 78.4 82.8 77.1 79.4
InternVL3 (8B) 92.8 88.4 89.9 89.5 84.4 86.1 89.1 82.6 84.8
InternVL3 (78B) 92.1 93.1 92.5 89.9 91.5 90.4 90.3 91.7 90.6
LLaVA-Video (7B) 79.5 76.5 77.7 78.0 73.5 75.2 77.9 72.3 74.5
LLaVA-Video (72B) 86.0 85.7 85.7 84.0 83.0 83.2 82.5 80.0 80.8
LLaVA-OV (7B) 78.8 79.0 78.7 79.8 79.1 79.1 79.6 78.5 78.7
LLaVA-OV (72B) 82.9 81.9 82.3 81.0 79.7 80.1 80.3 79.6 79.7
Gemini Flash 2.0 81.6 82.7 82.0 79.8 81.5 80.4 78.9 81.1 79.8
Gemini Flash 2.5 75.4 76.8 75.9 74.0 77.2 75.2 72.7 76.4 74.2

Table 12: VLMs fail to caption cyclic transitions: Precision, recall, and F1 scores
are reported for matching cyclic transitions of matched and unmatched objects with the
respective ground truth scene description.

Cycle Captioning (0% 100%)
Unicycle Bicycle Tricycle

Model Pr Re F1 Pr Re F1 Pr Re F1

InternVideo2.5 (8B) 13.9 17.2 14.9 19.7 14.5 15.8 23.5 14.5 16.7
InternVL3 (8B) 18.9 21.7 19.7 23.3 19.9 20.6 27.2 19.3 21.6
InternVL3 (78B) 24.5 26.2 25.1 33.3 23.0 26.1 35.1 18.0 22.8
LLaVA-Video (7B) 5.9 8.1 6.5 9.8 8.5 8.3 11.1 7.5 8.0
LLaVA-Video (72B) 10.7 13.0 11.3 14.6 11.3 11.9 15.4 10.1 11.1
LLaVA-OV (7B) 3.0 5.2 3.6 4.7 4.3 4.3 5.5 4.3 4.5
LLaVA-OV (72B) 1.6 1.9 1.7 2.9 2.5 2.4 4.1 2.8 3.0
Gemini Flash 2.0 13.2 14.9 13.7 23.1 16.4 18.1 26.3 14.6 17.4
Gemini Flash 2.5 28.3 32.2 29.4 36.8 30.2 31.2 38.8 27.7 30.0

Q6: Can VLMs count completed cycles? Rather than counting specific cycles in the
video, we evaluate the model’s capabilities to detect and count cycles within the video, for
example, how many times an object orbits around its center. Table 9 shows accuracies and
MAE, and how all tested models fail at counting the cycle passes (MAEs at or above one).

Q7: Can VLMs count the number of frames a cycle takes to complete? As shown
in Table 10, all models have an accuracy of less than 0.5% and an MAE of approximately
100 frames. This is due to the fact that, upon introspecting the individual answers, we can
see that all models in almost all questions predict a number of frames within the range of 0
to 20. This explains the average MAE of around 100, which is roughly the difference between
the average ground truth and the prediction interval. Hence, the tested VLMs are unable to
sum up the number of frames within which an event occurs, and may be biased by the frame
number observed during training.
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Figure 6: Decomposition of performance drop across tiers: We show that, when
controlling for clutter, scene-representative performance deteriorates with the addition of
object cycles (upper row) or light cycles (lower row), respectively. Color indicates model
family, marker shape indicates model version. The dashed line indicates the average decline
in performance via Ordinary Least Squares (OLS) regression.

Q8: How do cycle count and light cycles affect representative performance? We
show in Figure 6 how scene representative performance deteriorates depending on cycle
count and the addition of light cycles, respectively. First, when increasing the number of
cycles while maintaining the same distribution of clutter objects across tiers L1, L3, and
L4, one can see that the performance of all models deteriorates at a similar rate. Second,
when comparing the average accuracy of the VLMs with (L5) and without (L1, L3, L4) the
addition of light cycles, performance drops are not as uniform or as strong.

5.3 Scene Understanding

In this task, we evaluate the video captioning capabilities of VLMs. Our goal is twofold:
(1) to assess whether models can correctly identify all objects and their properties, and (2)
to determine whether they can recognize the cyclic transitions introduced in CycliST. The
overall evaluation pipeline is illustrated in Figure 5. As in VQA, the model is shown the full
video and prompted to describe the scene, including object motions and attribute changes.

Since experiments with a complete evaluation by the LLM-judge (performing both JSON
and object matching) failed, we decided on the following two-step process. First, we provide
the judge model (Llama3-70B) with the generated caption. Next, the judge maps each object
in the caption to a JSON object. In the second stage, we parse the JSON and match each
predicted object to its corresponding ground-truth (GT) object. Matching is based solely
on object attributes, not on their cyclic transitions, and requires exact agreement on the
predicted attributes.
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Attributes do not need to be exhaustive for a match; for example, a “red object” can be
matched to a “small red rubber cone” in the GT. Each predicted GT object can be matched
at most once. Afterward, we compute precision, recall, and F1-score.

Table 11 shows that all models achieve strong performance on object-level scene un-
derstanding, with F1 scores between 75% and 90%. Precision and recall are balanced
across models. This outcome is unsurprising, as many VLMs have likely been trained on
CLEVR (Johnson et al., 2017) or related synthetic datasets with similar object-centric
structures. To assess how well models capture cyclic transitions, we further evaluate the
correctness of the predicted cycles for each matched object. For each successfully matched
object pair, we compute precision and recall by comparing the predicted cycles with the
corresponding ground-truth. Cycles associated with unmatched GT objects contribute false
negatives, while cycles from unmatched predicted objects count as false positives.

Table 12 shows that there remains a technical gap in VLMs’ understanding of dynamic
scenes despite strong object-level performance. All models achieve cycle-level F1-scores below
31.2%. Precision and recall show slightly larger variability than in the object-level evaluation,
but no consistent trend emerges.

6 Related Work

6.1 Video Question Answering Datasets

VQA has emerged as a central problem in vision–language research, requiring models to jointly
interpret visual dynamics and linguistic queries. To foster progress, numerous datasets have
been introduced, spanning real-world and synthetic domains. Real-world benchmarks such as
TGIF-QA (Jang et al., 2019), TVQA (Lei et al., 2018), and MovieQA (Tapaswi et al., 2016)
provide large collections of videos paired with human-authored questions, targeting models’
abilities to comprehend natural language queries grounded in complex visual narratives.
Analogously to CycliST, prior real-world datasets have considered estimating the periodicity
in videos, e.g., across everyday life scenarios (Panagiotakis et al., 2018; Dwibedi et al., 2020)
or in sports (Hu et al., 2022). While grounded in the real world, they are largely limited to
single-action analysis rather than incorporating simultaneous or entangled event cycles.

To address this, synthetic diagnostic datasets aim to allow precise control over scene
composition and temporal dynamics. MarioQA (Mun et al., 2017) leverages gameplay videos
to study temporal dependencies, CLEVRER (Yi et al., 2020) emphasizes causal reasoning
with compositional functional programs, and CATER (Girdhar and Ramanan, 2020) probes
spatiotemporal reasoning and object permanence.

More recently, Kubric (Greff et al., 2022) introduced a simulator for generating pho-
torealistic videos with fine-grained annotations. Despite these advances, existing datasets
primarily capture linear or causal temporal structures and rarely include periodic or cyclical
transitions, which are ubiquitous in physical and natural processes. For instance, although
CLEVRER considers temporal relations, it does not model cyclic state changes.

CycliST builds upon the diagnostic tradition of CLEVR (Johnson et al., 2017), expanding
towards spatiotemporal reasoning. By systematically varying the number of cyclic objects,
scene clutter, and illumination, CycliST offers a controlled yet challenging benchmark to
evaluate whether current VQA models can detect, track, and exploit cyclical patterns.
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6.2 Video Language Models

We evaluate Video Language Models for their ability to observe image sequences and answer
textual questions about the scene and its evolution. First, we consider LLaVA-OneVision
(LLaVA-OV), a large multimodal model designed to unify single-image, multi-image, and
video understanding within a single architecture, using the SigLIP vision encoder (Zhai et al.,
2023) and the Qwen2 language model (Yang et al., 2024) as its backbone. LLaVA-OV was
finetuned on a mixture of single and multi-image data, as well as video data obtained from
existing or synthetically annotated data.

Second, we evaluate LLaVA-Video (Zhang et al., 2025) on CycliST, using the single-image
checkpoint (no video or multi-image training) of LLaVA-OV, inheriting its encoder and
backbone. The model was trained on 178k videos processed with a novel hierarchical frame
captioning scheme that groups and summarizes descriptions into three distinct levels. These
resulting captions were then used to automatically generate a corpus of multiple-choice and
free-form questions. While it kept the frame resolution and frequency of its predecessor, the
number of frames is capped to manage GPU memory constraints. Furthermore, it enriches
its context window with metadata such as the total frame count and video length. Thirdly,
we consider InternVL3 (Chen et al., 2024), which consolidates language and multimodal
pretraining into a single stage, rather than training the vision and language modules separately
and then training an adapter to connect them. During training, 8-32 frames are sampled
from each video, and frames are resized to 448×448 pixels. InternVideo2.5 (Wang et al.,
2025) is another VLM from the Intern family, designed to support longer videos. It is
built on the predecessor InternVL2.5. For shorter videos, a dense sampling scheme with 15
frames per second is employed, while for longer videos, a frame rate of 1 frame per second is
used. Furthermore, similar tokens are merged using a hierarchical compression scheme that
leverages the redundancies of the visual tokens.

As representatives of state-of-the-art proprietary models, we employed Gemini Flash
2.0 and Gemini Flash 2.5 (Anil et al., 2023; Comanici et al., 2025). It was trained on a
corpus comprising multiple modalities, including images and video data. In Comanici et al.
(2025), Gemini 2.5 was tested with up to 7200 frames. While all of these models demonstrate
impressive progress on standard video benchmarks, our experiments reveal that they struggle
to generalize to the challenges posed by our work. This underscores a fundamental gap:
current architectures are not explicitly equipped to capture periodic dynamics, motivating the
need for benchmarks like CycliST that expose this limitation and encourage the development
of models with more robust temporal reasoning capabilities.

7 Conclusion

Summary. We introduce CycliST, a novel benchmark dataset designed to evaluate the
reasoning capabilities of Vision Language Models (VLM) on cyclical state transitions. CycliST
captures a core aspect of many everyday real-world processes by generating synthetic but
richly structured sequences that require models to recognize and reason over periodically
emerging patterns. We evaluated the performance of current state-of-the-art (SOTA) Video
Question Answering (VQA) models on CycliST and found that, despite their success in prior
benchmarks, they struggle to capture and understand periodic patterns, such as linear or
orbital motion, and changes in object attributes, including time-dependent color and scale.
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Our experiments demonstrate that current SOTA VLMs are incapable of reliably solving
tasks that involve detecting and leveraging cyclic temporal dependencies. By highlighting
this gap and providing a challenge to measure future computer vision models, CycliST paves
the way for the development of more capable agents that can understand repetition not just
to make accurate predictions, but to save energy, act efficiently, and decide when to seek
new information. Developing these capabilities is crucial for intelligent agents navigating
dynamic, temporally structured environments.

Limitations and Future Work. While CycliST serves as a useful starting point for
exploring cyclical reasoning, it has some limitations to be addressed in the future. First,
CycliST is entirely synthetic, meaning it lacks some of the nuances found in real-world
data. Future iterations of this work should explore how cyclical structures manifest in
real-world scenarios and appropriately expand the benchmark on such scenes. Similarly,
real-world cyclicity often involves non-stationary frequencies: the intervals between state
transitions are not fixed, and environmental dynamics may vary over time, e.g., in day-night
cycles. Moreover, continuous changes in material properties and object positions, along
with occasional discrete jumps, are typical of natural phenomena but not yet represented
in CycliST. Regarding the VLMs under test, our experiments are deliberately designed to
demonstrate the overall performance gap at the benchmark level rather than to reverse-
engineer the internal failure modes of each individual model. Our results provide a meaningful
step in this direction: models perform well on static scene captioning regardless of cycle
count, but fail dramatically when reasoning about cyclic transitions is required. This contrast
strongly suggests that the bottleneck lies in temporal and cyclical reasoning rather than
basic perception. Nevertheless, a deeper architectural analysis of each VLM’s internals would
constitute a separate and substantial research contribution. This includes thorough ablations
of how individual scene attributes, such as clutter, lighting changes, and cyclical patterns,
relate to individual architecture’s failure modes. Finally, CycliST omits causal events as
found in real-world scenarios, e.g., the effects of a traffic light on the flow of vehicles at an
intersection. Including such dependencies while maintaining system stability and avoiding
chaotic movements that disrupt the scene’s cycling remains as future work.

Broader Impact Statement

This work introduces CycliST, a benchmark dataset designed to advance the capabilities of
Video Language Models in understanding cyclical state transitions. The primary positive
impact of our contribution is providing the research community with a controlled, synthetic
environment for evaluating spatio-temporal reasoning on image data, which can lead to more
capable and reliable models in fields such as robotics, education, and accessibility. Improving
the fundamental visual perception and reasoning of AI models is a critical step towards
building more robust and safer systems. This focus on core competencies mitigates the risks
associated with unpredictable model behavior and promotes more generalizable and reliable
AI. However, one must be conscious of the adverse tasks enabled by increasingly capable
machine learning models. By making CycliST publicly available under a permissive license,
we aim to encourage transparent, reproducible, and responsible innovation.

22



CycliST

Acknowledgments and Disclosure of Funding

Simon Kohaut gratefully acknowledges financial support from the Honda Research Institute
Europe (HRI-EU). Daniel Ochs gratefully acknowledges the financial support from the
EU project EXPLAIN, under the BMFTR (grant 01-S22030D). This work was supported
by the Konrad Zuse School of Excellence in Learning and Intelligent Systems (ELIZA).
We gratefully acknowledge support from the hessian.AI Service Center (funded by the
Federal Ministry of Research, Technology and Space, BMFTR, grant no. 16IS22091) and
the hessian.AI Innovation Lab (funded by the Hessian Ministry for Digital Strategy and
Innovation, grant no. S-DIW04/0013/003). Further we acknowledge support from hessian.AI
Connectom Networking and Innovation Fund as part of the project "Explainable AI for
Efficient DNN Inference on Hardware" via hessian.AI. The TU Eindhoven authors received
support from their Department of Mathematics and Computer Science and the Eindhoven
Artificial Intelligence Systems Institute.

References

Rohan Anil, Sebastian Borgeaud, Jean-Baptiste Alayrac, Jiahui Yu, Radu Soricut, Johan
Schalkwyk, Andrew M Dai, Anja Hauth, Katie Millican, et al. Gemini: A family of highly
capable multimodal models. arXiv preprint arXiv:2312.11805, 2023.

Zhe Chen, Weiyun Wang, Yue Cao, Yangzhou Liu, Zhangwei Gao, Erfei Cui, Jinguo Zhu,
Shenglong Ye, Hao Tian, Zhaoyang Liu, et al. Expanding performance boundaries of
open-source multimodal models with model, data, and test-time scaling. arXiv preprint
arXiv:2412.05271, 2024.

Gheorghe Comanici, Eric Bieber, Mike Schaekermann, Ice Pasupat, Noveen Sachdeva, Inderjit
Dhillon, Marcel Blistein, Ori Ram, Dan Zhang, Evan Rosen, et al. Gemini 2.5: Pushing
the frontier with advanced reasoning, multimodality, long context, and next generation
agentic capabilities. arXiv preprint arXiv:2507.06261, 2025.

Debidatta Dwibedi, Yusuf Aytar, Jonathan Tompson, Pierre Sermanet, and Andrew
Zisserman. Counting out time: Class agnostic video repetition counting in the
wild. In 2020 IEEE/CVF Conference on Computer Vision and Pattern Recognition,
CVPR 2020, Seattle, WA, USA, June 13-19, 2020, pages 10384–10393. Computer
Vision Foundation / IEEE, 2020. doi: 10.1109/CVPR42600.2020.01040. URL
https://openaccess.thecvf.com/content_CVPR_2020/html/Dwibedi_Counting_Out_
Time_Class_Agnostic_Video_Repetition_Counting_in_the_CVPR_2020_paper.html.

Sarita Gautam and Anuj Kumar. Image-based automatic traffic lights detection system for
autonomous cars: a review. Multimedia Tools and Applications, 82(17):26135–26182, Jul
2023. ISSN 1573-7721.

Rohit Girdhar and Deva Ramanan. CATER: A diagnostic dataset for compositional actions
& temporal reasoning. In 8th International Conference on Learning Representations,
ICLR 2020, Addis Ababa, Ethiopia, April 26-30, 2020. OpenReview.net, 2020. URL
https://openreview.net/forum?id=HJgzt2VKPB.

23

https://openaccess.thecvf.com/content_CVPR_2020/html/Dwibedi_Counting_Out_Time_Class_Agnostic_Video_Repetition_Counting_in_the_CVPR_2020_paper.html
https://openaccess.thecvf.com/content_CVPR_2020/html/Dwibedi_Counting_Out_Time_Class_Agnostic_Video_Repetition_Counting_in_the_CVPR_2020_paper.html
https://openreview.net/forum?id=HJgzt2VKPB


Kohaut, Ochs, Zhang, Flade, Eggert, Kersting, Dhami

Klaus Greff, Francois Belletti, Lucas Beyer, Carl Doersch, Yilun Du, Daniel Duckworth,
David J. Fleet, Dan Gnanapragasam, Florian Golemo, Charles Herrmann, Thomas Kipf,
Abhijit Kundu, Dmitry Lagun, Issam H. Laradji, Hsueh-Ti Derek Liu, Henning Meyer,
Yishu Miao, Derek Nowrouzezahrai, A. Cengiz Öztireli, Etienne Pot, Noha Radwan, Daniel
Rebain, Sara Sabour, Mehdi S. M. Sajjadi, Matan Sela, Vincent Sitzmann, Austin Stone,
Deqing Sun, Suhani Vora, Ziyu Wang, Tianhao Wu, Kwang Moo Yi, Fangcheng Zhong,
and Andrea Tagliasacchi. Kubric: A scalable dataset generator. In IEEE/CVF Conference
on Computer Vision and Pattern Recognition, CVPR 2022, New Orleans, LA, USA, June
18-24, 2022, pages 3739–3751. IEEE, 2022. doi: 10.1109/CVPR52688.2022.00373. URL
https://doi.org/10.1109/CVPR52688.2022.00373.

Varun Gupta, Monika Mittal, and Vikas Mittal. A novel frwt based arrhythmia detection in
ECG signal using YWARA and PCA. Wirel. Pers. Commun., 124(2):1229–1246, 2022. doi:
10.1007/S11277-021-09403-1. URL https://doi.org/10.1007/s11277-021-09403-1.

Huazhang Hu, Sixun Dong, Yiqun Zhao, Dongze Lian, Zhengxin Li, and Shenghua Gao.
Transrac: Encoding multi-scale temporal correlation with transformers for repetitive action
counting. In IEEE/CVF Conference on Computer Vision and Pattern Recognition, CVPR
2022, New Orleans, LA, USA, June 18-24, 2022, pages 18991–19000. IEEE, 2022. doi: 10.
1109/CVPR52688.2022.01843. URL https://doi.org/10.1109/CVPR52688.2022.01843.

Yunseok Jang, Yale Song, Chris Dongjoo Kim, Youngjae Yu, Youngjin Kim, and Gunhee
Kim. Video question answering with spatio-temporal reasoning. Int. J. Comput. Vis.,
127(10):1385–1412, 2019. doi: 10.1007/S11263-019-01189-X. URL https://doi.org/10.
1007/s11263-019-01189-x.

Justin Johnson, Bharath Hariharan, Laurens van der Maaten, Li Fei-Fei, C. Lawrence Zitnick,
and Ross B. Girshick. CLEVR: A diagnostic dataset for compositional language and
elementary visual reasoning. In 2017 IEEE Conference on Computer Vision and Pattern
Recognition, CVPR 2017, Honolulu, HI, USA, July 21-26, 2017, pages 1988–1997. IEEE
Computer Society, 2017. doi: 10.1109/CVPR.2017.215. URL https://doi.org/10.1109/
CVPR.2017.215.

Lindley Johnson, Joshua Handal, and Kelly Fast. A smashing success for planetary defence.
Nature Astronomy, 7(5):518–519, 2023.

Jie Lei, Licheng Yu, Mohit Bansal, and Tamara L. Berg. TVQA: localized, compositional
video question answering. In Ellen Riloff, David Chiang, Julia Hockenmaier, and Jun’ichi
Tsujii, editors, Proceedings of the 2018 Conference on Empirical Methods in Natural
Language Processing, Brussels, Belgium, October 31 - November 4, 2018, pages 1369–1379.
Association for Computational Linguistics, 2018. doi: 10.18653/V1/D18-1167. URL
https://doi.org/10.18653/v1/d18-1167.

Bo Li, Yuanhan Zhang, Dong Guo, Renrui Zhang, Feng Li, Hao Zhang, Kaichen Zhang,
Peiyuan Zhang, Yanwei Li, Ziwei Liu, and Chunyuan Li. Llava-onevision: Easy visual task
transfer. Trans. Mach. Learn. Res., 2025, 2025. URL https://openreview.net/forum?
id=zKv8qULV6n.

24

https://doi.org/10.1109/CVPR52688.2022.00373
https://doi.org/10.1007/s11277-021-09403-1
https://doi.org/10.1109/CVPR52688.2022.01843
https://doi.org/10.1007/s11263-019-01189-x
https://doi.org/10.1007/s11263-019-01189-x
https://doi.org/10.1109/CVPR.2017.215
https://doi.org/10.1109/CVPR.2017.215
https://doi.org/10.18653/v1/d18-1167
https://openreview.net/forum?id=zKv8qULV6n
https://openreview.net/forum?id=zKv8qULV6n


CycliST

Zhuowan Li, Xingrui Wang, Elias Stengel-Eskin, Adam Kortylewski, Wufei Ma, Benjamin
Van Durme, and Alan L Yuille. Super-clevr: A virtual benchmark to diagnose domain
robustness in visual reasoning. In Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition, pages 14963–14973, 2023.

Chin-Yew Lin. ROUGE: A package for automatic evaluation of summaries. In Text Summa-
rization Branches Out, pages 74–81, 2004.

Jonghwan Mun, Paul Hongsuck Seo, Ilchae Jung, and Bohyung Han. MarioQA: Answering
questions by watching gameplay videos. In IEEE International Conference on Computer
Vision, ICCV 2017, Venice, Italy, October 22-29, 2017, pages 2886–2894. IEEE Computer
Society, 2017. doi: 10.1109/ICCV.2017.312. URL https://doi.org/10.1109/ICCV.2017.
312.

Costas Panagiotakis, Giorgos Karvounas, and Antonis A. Argyros. Unsupervised detection of
periodic segments in videos. In 2018 IEEE International Conference on Image Processing,
ICIP 2018, Athens, Greece, October 7-10, 2018, pages 923–927. IEEE, 2018. doi: 10.1109/
ICIP.2018.8451336. URL https://doi.org/10.1109/ICIP.2018.8451336.

Kishore Papineni, Salim Roukos, Todd Ward, and Wei-Jing Zhu. Bleu: a method for
automatic evaluation of machine translation. In Proceedings of the 40th Annual Meeting
of the Association for Computational Linguistics, July 6-12, 2002, Philadelphia, PA, USA,
pages 311–318. ACL, 2002. doi: 10.3115/1073083.1073135. URL https://aclanthology.
org/P02-1040/.

Makarand Tapaswi, Yukun Zhu, Rainer Stiefelhagen, Antonio Torralba, Raquel Urtasun,
and Sanja Fidler. MovieQA: Understanding stories in movies through question-answering.
In 2016 IEEE Conference on Computer Vision and Pattern Recognition, CVPR 2016, Las
Vegas, NV, USA, June 27-30, 2016, pages 4631–4640. IEEE Computer Society, 2016. doi:
10.1109/CVPR.2016.501. URL https://doi.org/10.1109/CVPR.2016.501.

Yi Wang, Xinhao Li, Ziang Yan, Yinan He, Jiashuo Yu, Xiangyu Zeng, Chenting Wang,
Changlian Ma, Haian Huang, Jianfei Gao, Min Dou, Kai Chen, Wenhai Wang, Yu Qiao,
Yali Wang, and Limin Wang. Internvideo2.5: Empowering video mllms with long and rich
context modeling. CoRR, abs/2501.12386, 2025. doi: 10.48550/ARXIV.2501.12386. URL
https://doi.org/10.48550/arXiv.2501.12386.

An Yang, Baosong Yang, Binyuan Hui, Bo Zheng, Bowen Yu, Chang Zhou, Chengpeng Li,
Chengyuan Li, Dayiheng Liu, Fei Huang, Guanting Dong, Haoran Wei, Huan Lin, Jialong
Tang, Jialin Wang, Jian Yang, Jianhong Tu, Jianwei Zhang, Jianxin Ma, Jianxin Yang,
Jin Xu, Jingren Zhou, Jinze Bai, Jinzheng He, Junyang Lin, Kai Dang, Keming Lu, Keqin
Chen, Kexin Yang, Mei Li, Mingfeng Xue, Na Ni, Pei Zhang, Peng Wang, Ru Peng, Rui
Men, Ruize Gao, Runji Lin, Shijie Wang, Shuai Bai, Sinan Tan, Tianhang Zhu, Tianhao Li,
Tianyu Liu, Wenbin Ge, Xiaodong Deng, Xiaohuan Zhou, Xingzhang Ren, Xinyu Zhang,
Xipin Wei, Xuancheng Ren, Xuejing Liu, Yang Fan, Yang Yao, Yichang Zhang, Yu Wan,
Yunfei Chu, Yuqiong Liu, Zeyu Cui, Zhenru Zhang, Zhifang Guo, and Zhihao Fan. Qwen2
technical report. CoRR, abs/2407.10671, 2024. doi: 10.48550/ARXIV.2407.10671. URL
https://doi.org/10.48550/arXiv.2407.10671.

25

https://doi.org/10.1109/ICCV.2017.312
https://doi.org/10.1109/ICCV.2017.312
https://doi.org/10.1109/ICIP.2018.8451336
https://aclanthology.org/P02-1040/
https://aclanthology.org/P02-1040/
https://doi.org/10.1109/CVPR.2016.501
https://doi.org/10.48550/arXiv.2501.12386
https://doi.org/10.48550/arXiv.2407.10671


Kohaut, Ochs, Zhang, Flade, Eggert, Kersting, Dhami

Kexin Yi, Chuang Gan, Yunzhu Li, Pushmeet Kohli, Jiajun Wu, Antonio Torralba, and
Joshua B. Tenenbaum. CLEVRER: collision events for video representation and reasoning.
In 8th International Conference on Learning Representations, ICLR 2020, Addis Ababa,
Ethiopia, April 26-30, 2020. OpenReview.net, 2020. URL https://openreview.net/
forum?id=HkxYzANYDB.

Xiaohua Zhai, Basil Mustafa, Alexander Kolesnikov, and Lucas Beyer. Sigmoid loss for
language image pre-training. In IEEE/CVF International Conference on Computer Vision,
ICCV 2023, Paris, France, October 1-6, 2023, pages 11941–11952. IEEE, 2023. doi: 10.
1109/ICCV51070.2023.01100. URL https://doi.org/10.1109/ICCV51070.2023.01100.

Yuanhan Zhang, Jinming Wu, Wei Li, Bo Li, Zejun Ma, Ziwei Liu, and Chunyuan Li.
Llava-video: Video instruction tuning with synthetic data. Trans. Mach. Learn. Res., 2025,
2025. URL https://openreview.net/forum?id=EElFGvt39K.

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan Zhuang, Zhanghao Wu, Yonghao
Zhuang, Zi Lin, Zhuohan Li, Dacheng Li, Eric P. Xing, Hao Zhang, Joseph E. Gonzalez,
and Ion Stoica. Judging llm-as-a-judge with mt-bench and chatbot arena. In Alice Oh,
Tristan Naumann, Amir Globerson, Kate Saenko, Moritz Hardt, and Sergey Levine, editors,
Advances in Neural Information Processing Systems 36: Annual Conference on Neural
Information Processing Systems 2023, NeurIPS 2023, New Orleans, LA, USA, December
10 - 16, 2023, 2023. URL http://papers.nips.cc/paper_files/paper/2023/hash/
91f18a1287b398d378ef22505bf41832-Abstract-Datasets_and_Benchmarks.html.

Jinguo Zhu, Weiyun Wang, Zhe Chen, Zhaoyang Liu, Shenglong Ye, Lixin Gu, Hao Tian,
Yuchen Duan, Weijie Su, Jie Shao, Zhangwei Gao, Erfei Cui, Xuehui Wang, Yue Cao,
Yangzhou Liu, Xingguang Wei, Hongjie Zhang, Haomin Wang, Weiye Xu, Hao Li, Jiahao
Wang, Nianchen Deng, Songze Li, Yinan He, Tan Jiang, Jiapeng Luo, Yi Wang, Conghui
He, Botian Shi, Xingcheng Zhang, Wenqi Shao, Junjun He, Yingtong Xiong, Wenwen
Qu, Peng Sun, Penglong Jiao, Han Lv, Lijun Wu, Kaipeng Zhang, Huipeng Deng, Jiaye
Ge, Kai Chen, Limin Wang, Min Dou, Lewei Lu, Xizhou Zhu, Tong Lu, Dahua Lin,
Yu Qiao, Jifeng Dai, and Wenhai Wang. Internvl3: Exploring advanced training and
test-time recipes for open-source multimodal models. CoRR, abs/2504.10479, 2025. doi:
10.48550/ARXIV.2504.10479. URL https://doi.org/10.48550/arXiv.2504.10479.

26

https://openreview.net/forum?id=HkxYzANYDB
https://openreview.net/forum?id=HkxYzANYDB
https://doi.org/10.1109/ICCV51070.2023.01100
https://openreview.net/forum?id=EElFGvt39K
http://papers.nips.cc/paper_files/paper/2023/hash/91f18a1287b398d378ef22505bf41832-Abstract-Datasets_and_Benchmarks.html
http://papers.nips.cc/paper_files/paper/2023/hash/91f18a1287b398d378ef22505bf41832-Abstract-Datasets_and_Benchmarks.html
https://doi.org/10.48550/arXiv.2504.10479


CycliST

Appendix A.

Table 13: CycliST’s functions for template-based question-generation.

Group Name and Description Input Type Output type

Scene

scene [objects]
Returns all objects in the scene
unique [objects] object
Selects a unique object, returns invalid
otherwise

Filter

filter_color_⟨quantifier⟩ ([objects], value) [objects]
Selects objects based on color and quan-
tifier
filter_shape ([objects], value) [objects]
Selects objects with a specific shape
filter_size_⟨quantifier⟩ ([objects], value) [objects]
Selects objects based on size and tempo-
ral quantifier
filter_material ([objects], value) [objects]
Selects objects with a specific material
filter_orbit ([objects], value) [objects]
Selects objects that are orbiting

Query

query_color object value
Returns the color of an object. Returns
invalid if color changing.
query_color_⟨quantifier⟩ object value
Returns the initial or final color of an
object
query_size object value
Returns the size of an object. Returns
invalid if resizing.
query_size_⟨quantifier⟩ object value
Returns the initial or final size of an ob-
ject
query_shape object value
Returns the shape of an object
query_material object value
Returns the material of an object
query_orbit_direction object value
Returns the orbit direction (clockwise /
counterclockwise)
query_⟨cycle⟩_period object value
Returns the frame duration of the cyclic
object
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Table 13: CycliST’s functions for template-based question-generation.

Group Name and Description Input Type Output type

query_⟨cycle⟩_passes object value
Returns the number of cycles the object
completes within the video

Logic

logical_or (value, value) value
Performs a logical OR operation
logical_and (value, value) value
Performs a logical AND operation
logical_not value value
Performs a logical NOT operation

Relate
relate_⟨quantifier⟩ (object, value) [objects]
Returns all objects that relate to the in-
put object

Sets

union ([objects], [objects]) [objects]
Returns the union of two object sets
except ([objects], [objects]) [objects]
Returns the set difference of two object
sets
intersect ([objects], [objects]) [objects]
Returns the intersection of two object
sets
include (object, [objects]) value
Checks if an object is in an object set
exist [objects] value
Checks if any object exists in a set
count [objects] value
Returns the number of objects in a set

Same

same_size object [objects]
Returns all objects with the same size
same_color object [objects]
Returns all objects with the same (cur-
rent) color
same_material object [objects]
Returns all objects with the same mate-
rial
same_shape object [objects]
Returns all objects with the same shape

Compare
equal_color (value, value) value
Checks if two colors are equal
equal_color_⟨quantifier⟩ (object, object) value
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Table 13: CycliST’s functions for template-based question-generation.

Group Name and Description Input Type Output type

Checks if two objects have equal color
based on quantifier
equal_size (value, value) value
Checks if two sizes are equal
equal_size_⟨quantifier⟩ (object, object) value
Checks if two objects have equal size
based on quantifier
equal_shape (value, value) value
Checks if two shapes are equal
equal_material (value, value) value
Checks if two materials are equal
equal_integer (value, value) value
Checks if two integers are equal
less_than (value, value) value
Checks if the first integer is less than the
second
greater_than (value, value) value
Checks if the first integer is greater than
the second
equal_object (object, object) value
Checks if two objects are the same
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Appendix B. Question Statistics

Table 14: Number of Questions per Template per Dataset on the test split

CycliST Tier Unicycle Unicycle-Cl. Bicycle Tricycle Nightrider Total
Question Template

descriptive_existential_attributes 750 750 750 769 712 3731
descriptive_existential_compare 726 748 736 765 702 3677
descriptive_existential_relate 745 750 750 769 711 3725
descriptive_universal_attributes 750 750 750 769 712 3731
descriptive_universal_compare 738 748 747 766 705 3704
descriptive_universal_relate 745 750 748 767 710 3720
cycle_representative_orbit 148 147 249 325 260 1129
cycle_representative_clockwise 135 128 225 308 240 1036
cycle_representative_transition 279 283 427 539 404 1932
numeric_counting 312 312 468 551 502 2145
numeric_periodicity 177 185 195 204 199 960
numeric_occurrence 125 133 143 155 147 703

Total 5630 5684 6188 6687 6004 30193
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Figure 8: Answer Distribution Temporal Descriptive Universal
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