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1. Overview

The following appendix is structured to provide supplemen-
tary information about our GROUNDMORE dataset, its an-
notations, and representative examples. We aim to present
a comprehensive view of the statistical analysis, annotation
process, and key insights that further elaborate on the main
text. The appendix is divided into the following sections:

» Section 2 offers detailed statistical insights into the types
of questions and scenes captured in our dataset, as well as
an analysis of the distribution of objects, verbs, and word
clouds in the question annotations.

» Section 3 provides detailed information about the anno-
tation process, including the types of motion-related ex-
pressions, the generation of questions through large lan-
guage models, and the quality validation procedures.

» Section 4 showcases a set of representative examples
from GROUNDMORE, illustrating the richness of the
dataset through diverse scenes, objects, and questions.

* Section 5 discusses the necessity of including implicit
reasoning, highlighting the importance of capturing nu-
anced motion-grounded video reasoning.

* Section 6 showcases the impact of object numbers on the
dataset’s performance.

* Section 7 provides details of our MoRA baseline.

* Section 8 demonstrates the qualitative performance of
current video LLMs in the two-stage baseline settings.
 Section 10 outlines the limitations of the current version

of GROUNDMORE and discusses future work.

* Section 11 outlines the ethical considerations, privacy
concerns, and licensing terms associated with GROUND-
MORE.

2. GROUNDMORE Statistics

Our GROUNDMORE contains 1,715 videos 7,577 questions
and 249K object masks as well as 3,942 objects. And the
average video clip duration is 9.61 seconds. GROUND-
MORE is split into 1,333 training and 382 test videos. As
shown in Figure la, most of the clips have a duration be-
tween 5s and 15s, which is long enough to include suffi-
cient motion semantics. This range ensures that the clips
capture complete actions and interactions, providing a rich
context for question formulation. In Figure 1b, it is evi-
dent that most motions in GROUNDMORE have a duration
from 2s to 6s, highlighting the challenge of temporal local-
ization in our dataset. These short-duration motions require
precise temporal understanding and segmentation, adding
to the complexity of the GROUNDMORE. Besides, the av-
erage motion (segment) ratio in each video clip is 51%. As
seen in Figure Ic, for most clips, the number of questions
is more than 2, with a significant number having up to 4 or
more questions. This indicates that GROUNDMORE pro-
vides a diverse set of questions per clip, ensuring a compre-
hensive evaluation of the clip’s content. It also implies that
each clip contains multiple distinct motion semantics that
warrants varied questioning. In Figure 1d, the distribution
shows that most questions are sufficiently long, typically
ranging from 7 to 15 words. This length reflects the com-
plexity and detail required in the questions, underscoring
the difficulty level of our GROUNDMORE. The substantial
word count in questions ensures that they are descriptive
and context-rich, further challenging the systems to provide
accurate and detailed responses.

2.1. Question and Scene Type.

We provide detailed statistics of GROUNDMORE in this
section, including the distribution of question types, scene
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Figure 1. Statistics of GROUNDMORE benchmark.

types, objects, and verbs that appear in our question anno-
tation, etc. As shown in Figure 2a, the Descriptive ques-
tions constitute the highest proportion at 29.7%, followed
closely by Causal questions at 28.5%. Sequential ques-
tions make up 21.7% of the total, while Counterfactual
questions are the least common, accounting for 20.2%. Our
GROUNDMORE shows a balanced distribution w.r.t. ques-
tion type. Regarding scene type distribution (Figure 2b),
family scenes dominate with a significant 35.1% share,
slightly higher than the ball game scenes, which account
for 32.7%. Animal scenes are also well-represented at
25.4%, whereas outdoor activity scenes are relatively rare,
comprising only 6.8% of the total scenes in our GROUND-
MORE.

2.2. Object Word Distribution.

Figure 3 illustrates the top 30 most frequent objects in our
GROUNDMORE questions. We categorize these objects
into six parent categories: sports equipment, people, ani-
mals, furniture, household items, and food, reflecting com-
mon items in daily life. As can be seen from the figure,
ball is the most frequently occurring object, followed by
man, dog, basketball, and girl. This prevalence is aligned
with the high proportion of sports and family videos in our
GROUNDMORE, as indicated in Figure 2b. The dominance
of sports equipment such as ball and basketball correlates
with the 32.7% share of ball game scenes. Similarly, the
frequent appearance of man, girl, and woman objects is con-
sistent with the substantial 35.1% of family scenes, where
people are commonly depicted. Additionally, animals like
dog and cat are prominent due to their significant 25.4%
representation in animal scenes. The distribution of these
objects highlights the diverse and realistic contexts covered
in our GROUNDMORE, ensuring a comprehensive evalua-
tion of various question types and scene contexts.

2.3. Verb Distribution.

Another key component of our GROUNDMORE is the verb
in the motion-related questions. In Figure 4, we present
the top 20 most frequent verbs across different scene types,
represented by distinct colors. The verb use has the high-
est overall proportion, reflecting its ubiquity in daily ac-

tivities, with a notable presence in family scenes, as well
as significant occurrences in animal and ball game scenes.
The verb dribble ranks second and is exclusively found in
ball game videos, highlighting its specificity to that con-
text. The verb move is also prominent, appearing across all
four scene types, indicating its general applicability in vari-
ous contexts. Verbs such as hold, open, and put are more
frequently observed in family videos, underscoring their
relevance to everyday domestic activities. In contrast, ac-
celerate and shoot are predominantly associated with ball
game scenes, which is consistent with the dynamic nature
of these activities. Besides, the distribution of verbs shows
a more balanced pattern compared to the object distribu-
tion, reflecting a diverse range of actions across different
contexts. For instance, while throw and pass are mainly
seen in ball game scenes, verbs like push and grab are well-
represented in both family and ball game contexts. This
balanced distribution underscores the comprehensive nature
of our GROUNDMORE, capturing a wide array of activities
and interactions within various scene types.

2.4. Word Cloud Visualization.

Moreover, we leverage the word cloud of the top 100 words
that appear in our GROUNDMORE questions. The word
cloud in Figure 5 provides a visual representation of the
most frequently occurring words. We can observe that com-
mon objects like ’dog™, ’cat”, and "’ball”” are prominently
featured, which aligns with the object distribution shown in
Figure 3. These objects are integral to many of the scenes
and questions, reflecting their high frequency in the dataset.
In addition to objects, prepositions closely related to mo-
tion, such as ”’down”, "out”, and "with”, are also preva-
lent. This is consistent with the verb distribution illustrated
in Figure 4, where actions often involve directional or posi-
tional changes, necessitating the use of these prepositions.
Furthermore, adverbs such as “’before” and after’” appear
frequently, indicating their importance in describing tempo-
ral relationships within the scenes. These temporal adverbs
are essential in forming questions related to sequences and
causality, which are common in descriptive and sequential
question types. Overall, the word cloud highlights the in-
terconnected nature of objects, verbs, and descriptive lan-
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Figure 2. Question and Scene Type Distribution &d&NDM ORE.

Figure 3. Object distribution of @0UNDM ORE.

guage within our @®OUNDMORE, demonstrating the com-  the complexity and richness of the dataset.
prehensive coverage of various elements that contribute to



Figure 4. Verb distribution of the motion concepts iIR@INDM ORE.

Figure 5. Word cloud of the top 100 words in the question annotation in @U@ DM ORE dataset.

2.5. Sankey Diagram for Interaction. tribution shown in Figure 3. The Sankey diagram validates
that our GROUNDMORE is well-suited for motion and in-
teraction understanding. It demonstrates the comprehensive
coverage of various interactions, emphasizing the impor-
tance of human involvement and the diverse range of objects
and entities engaged in these interactions. This rich inter-
play of elements ensures thaRGUNDM ORE could serve

We provide the Sankey diagram of our proposeRb@ND-
MORE in Figure 6, which illustrates the interactions within
our GROUNDMORE. In this diagram, the elements on
the left side represent different initial categories of objects
cr)nra?;':“esspg:;/cé\éi?p:]:elr?tt:\r)ﬁssirﬁes t%eégé,lefne;%se oAr:";he asa robust b_enchmark fpr evaluating motion understanding
. . . X . in complex video scenarios.
right side represent the resulting categories of objects or en-
tities_ after interactions (e.g., Peodss AnimalsB, Sport 3. Annotation Details
EquipmentsB). From the diagram, we can see that human-
involved interactions (Peopl8) have the highest propor- We recruited a team of 15 computer science students with
tions, owing prominently into both sports and family cate- experience in video understanding as our paid annotators to
gories on the right. This is consistent with the scene type ensure high-quality annotations, 10 of them were assigned
distribution (Figure 2b), where sports and family scenes to question annotation and the rest focused on mask. As
were among the most prevalent. Similarly, the frequent ap- mentioned in Sectiof??, the question annotation is consti-
pearance of sports equipment, animals, and household item#uted of two stages: 1) motion-related expression annota-
in both left and right categories aligns with the object dis- tion; and 2) LLM-assisted QA generation. And we resort to



Figure 6. Sankey diagram on the interaction of olROGNDM ORE.

XMem++ [1] as our semi-automated mask annotation tool. Figure 8,consumed more energpuld be viewed as an ab-

The interface is shown in Figure 7. stract attribute represented by the fact that the man is doing
massage for the dog. Given this expression type, the models
3.1. Expression Annotations. are required to perform both spatiotemporal reasoning and

commonsense reasoning to understand the scene content.
Expression annotation is to annotate the ongoing motions or
events in a given video. We de ne three different expression 3 2 Question Annotations.
types: interaction-causal, interaction-temporal, and descrip-
tive expression. The motions that can be described withinAs shown in Figure 9, we speci cally design the prompt
these three types of expressions could generally cover mosto leverage the text generation ability of GPT-40. For each
of the daily scenarios. The interaction-causal expressionexpression, we rst specify the target objects that would be
has the format jobpA, motion, objB, to do something, ~ annotated during the mask annotation. For instance, in the
which depicts a scene where the motion takes place based'st row of Figure 8, considering the bidirectional nature of
on some hidden motivations. For instance, as shown in thean interaction, we will ask GPT-40 to generate questions for
rst row in Figure 8, the causal-driven expression of this boththe man in the yellow shindthe knifeby providing
case elucidates the motivation behind the motiopagsed  their object ID:f"1": "the man in the yellow shirt”, "2
the knife to the man in the grey shisttolet him cut the wa-  "the knife’g.
termelon Interaction-temporal expressions, following the Causal questions are generated from expressions of
format jobjA, motion, objB, before/after another motion¢,, interaction-causal expressions. Due to the bidirectional na-
describe the chronological relations between temporally ad-ture of the interactions, we will generate questions target-
jacent actions, which enables motion understanding basedng both subject and object. For instance, for the expres-
on temporal conditions. As shown in the second row in Fig- sions in the rst row of Figure 8, we will generate ques-
ure 8,the man in blackperforms two consecutive actions, tions as follows:Who passed the knife to the man in the
get rid of the defense from the man in whited shot the grey shirt to let him cut the watermelonand What did
basketball In most similar cases, the temporally adjacent the man in the yellow shirt pass to the man in the grey
motion not only has temporal relations but also has cause-shirt to let him cut the watermelon2Ve generate ques-
and-effect; therefore, such expressions could help analyzdions for both the subject and the object of motion to ensure
the existence of one motion based on another. The third onecomplete spatial context reasonin§equential questions
is the descriptive expression, which contains either generalare generated from interaction-temporal expressions. Sim-
scene description or motion-based abstract attributes (e.g.ilarly, since it is also interaction-related, we will generate
energetic, naughty, faster, ekcAs shown in the lastrow in  two questions for each expression as shown in the middle



Figure 7. Annotation Interface of XMem-++.

row of Figure 8.Counterfactual questions are also gener- and compare the response with the original annotation.
ated from interaction-temporal expressions. But it focuses The goal is to ensure consistency between the generated
on those scenarios where temporal-adjacent motions have answer and the initial annotation.

cause-and-effect. For example, in the middle row of Fig- 3. Single-object validatiort Con rm that the answer ref-

ure 8, the fact thahe man in black got rid of the defense erences a single object when appropriate. If the answer
from the man in white is a prerequisite that he could per- references multiple objects and is not explicitly required,
form a jump shot. Therefore, the questions can be as fol- the question-answer pair should be revised.

lows: Who needs to be got rid of defense from by the man
in black or he cannot shoot the basketbafiidd What can-

not be shot if the man in black did not get rid of the defense
from the man in white?Descriptive questions are simply
converted from descriptive questions as shown in the third
row of Figure 8. It will follow the same rule aforementioned
if an interaction is involved.

If any issues are identi ed with the question or the
answer, the annotator is required to update the question-
answer pair. For example, if the generated questitWwiso
is playing baseball?"and the answer i$The boy and the
dog”, the annotator should revise the pair to better re ect
clarity and context, such a8&Vho is playing baseball with
the dog? The boy.and“Who is playing baseball with the
3.3. Quality Validation. boy? The dog” . , _

Similarly, the masks will undergo a quality check by dif-
After the generation of questions by GPT-4o, the result- ferent annotators within the mask annotation group. The
ing questions and their corresponding answers will be dis- st task for the reviewer is to assess whether the mask cor-
tributed to different annotators in the same question anno-responds to the object(s) indicated in the answer. If a mis-
tation group for quality control. Importantly, these annota- match is found between the mask and the answer, a third an-
tors will not have been involved in the original expression notator will be consulted to provide an additional opinion.
annotation to ensure objectivity. The annotators will be in- The nal decision on whether to accept or reject the mask
structed to perform the following steps: will be based on the majority decision. Mismatched masks
1. Check relevance Verify whether the generated question Will be discarded entirely since re-annotating from scratch

logically aligns with the current video context and scene. is typically more ef cient than attempting to x them.

2. Answer validation: Answer the question independently If the masks match the answer, the annotator will pro-



Figure 8. Question generation examples for different types of motion-related expressions.

ceed to evaluate the overall quality, focusing on any po- paper® and "the piston" as well as the causal
tential missing regions, incorrect regions, or other inaccu- connections in the challengingounterfactual setting.
racies. In the end, all mask-answer pairs must meet pre-Additionally, we can observe from the case in the seventh
de ned quality standards to ensure their validity for down- row that our GROUNDMORE includes spatiotemporal

stream tasks. grounding context as well as motion-related attributes
_ understanding. The answer to the questiddho might
3.4. Annotator Compensation. not have fallen into the blue cushion
: on the wall if he had not tripped while
o e g 1o defend? _can only be deermined at te
end of the video clip. For the questioiWho is the

tionally, during the quality validation process, we provided more offensive player?” " the model must infer

an extra compensation of $0.20 per instance (a question-cli . oo . :
P $ P (@g pmot|on-based implicit attributes from the video sequence,

ir). )
pair) demonstrating a strong need for world-level commonsense
| reasoning ability. These details further demonstrate the
4. GROUNDM ORE Examples complex motion reasoning context of o uURGUNDM ORE.

Besides, the raw videos are processed into individ-
ual frames and stored in a folder named with the format
"youtubeid_start-timeend-time”. The annotation is in a
JSON format, structured as follows:

We provide additional visualizations of our proposed
GROUNDMORE in Figure 10. As shown, our OUND-
MORE requires advanced motion reasoning abilities in
diverse scenarios. As illustrated in the fourth row of the
gure, the question™"What might not be held Lf

by the man if it had not been unwrapped ) "questions": f

from the paper?” requires the model to reason the " f

wrapping relationship between'the man" , ““the 4 "action_end": "0:15",




	. Overview
	. GroundMoRe Statistics
	. Question and Scene Type.
	. Object Word Distribution.
	. Verb Distribution.
	. Word Cloud Visualization.
	. Sankey Diagram for Interaction.

	. Annotation Details
	. Expression Annotations.
	. Question Annotations.
	. Quality Validation.
	. Annotator Compensation.

	. GroundMoRe Examples
	. Dataset Necessity
	. Impact of Object Numbers
	. Details of MoRA
	. Video LLMs in Two-Stage Baselines
	. MoRA on RefYouTube-VOS
	. Limitation and Future Work
	. Ethics Statement

