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Abstract

Recent advancements in Large Language Models (LLMs)
have led to the development of Video Large Multi-modal
Models (Video-LMMs) that can handle a wide range of
video understanding tasks. These models have the po-
tential to be deployed in real-world applications such as
robotics, Al assistants, medical surgery, and autonomous
vehicles. The widespread adoption of Video-LMMs in our
daily lives underscores the importance of ensuring and
evaluating their robust performance in mirroring human-
like reasoning and interaction capabilities in complex, real-
world contexts. However, existing benchmarks for Video-
LMMs primarily focus on general video comprehension
abilities and neglect assessing their reasoning capabilities
over complex videos in the real-world context, and the ro-
bustness of these models through the lens of user prompts
as text queries. In this paper, we present the Complex Video
Reasoning and Robustness Evaluation Suite (CVRR-ES), a
novel benchmark that comprehensively assesses the perfor-
mance of Video-LMMs across 11 diverse real-world video
dimensions. We evaluate 11 recent models, including both
open-source and closed-source variants, and find that most
of the Video-LMMs, especially open-source ones, struggle
with robustness and reasoning when dealing with complex
videos. Based on our analysis, we develop a training-free
Dual-Step Contextual Prompting (DSCP) technique to ef-
fectively enhance the performance of existing Video-LMMs
on CVRR-ES benchmark. Our findings provide valuable in-
sights for building the next generation of human-centric Al
systems with advanced robustness and reasoning capabili-
ties. Our dataset and code will be made publicly available.

1. Introduction

Large Language Models (LLMs) [13, 36, 44] have recently
demonstrated emerging reasoning and planning capabili-
ties. These models can simultaneously solve a wide array
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Table 1. Comparison of CVRR-ES with existing benchmarks for
video question answering. The CVRR-ES benchmark represents
an initial effort to assess Video-LMMs in the context of their ap-
plicability and suitability in real-world contexts.

of natural language processing (NLP) tasks, including sum-
marization, QA, and machine translation [2, 39]. Conse-
quently, their integration with the vision modality, specifi-
cally for video understanding tasks, has given rise to Video
Large Multi-modal Models (Video-LMMs) [16]. These
models act as visual chatbots that accept both text and video
as input and handle a diverse set of tasks, including video
comprehension [24], detailed video understanding [20], and
action grounding [43]. As these models directly capture
video data, they hold substantial potential for deployment
in real-world applications such as robotics, surveillance,
medical surgery, and autonomous vehicles. However, as
these models assume an expanding role in our everyday
lives, assessing their performance in comprehending com-
plex videos and demonstrating reliable reasoning and ro-
bustness capabilities across diverse real-world contexts be-
comes essential. Video-LMMs with such capabilities will
be more effective when integrated into our daily lives for
solving perception tasks and will be a promising step to-
wards building trustworthy human-centric Al systems [28].

Several attempts in literature have been made to bench-
mark Video-LMMs. SEED-Bench [15] curated a MCQ-
based dataset including 3 evaluation dimensions for videos.
Similarly, MV-Bench [17] constructed the Video-LMM
benchmark and assembled 20 video tasks for evaluating the
spatial and temporal understanding of these models. While
these methods aim at benchmarking Video-LMMs, they
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predominantly evaluate video and/or temporal comprehen-
sion abilities and overlook the complex reasoning aspects of
Video-LMMs for real-world context, and their robustness
towards user input text queries; both of which are crucial
to ensure their responsible engagement with humans in the
wild. While some studies have explored similar areas such
as hallucinations in image-based LLMs [21, 29], no such
comprehensive study exists for the case of Video-LMMs.

Motivated by the wide-scale applications of Video-
LMMs and the lack of world-centric complex video bench-
marking efforts, we present a new benchmark, Complex
Video Reasoning and Robustness Evaluation Suite (CVRR-
ES), to comprehensively assess the performance of Video-
LMMs. As shown in Tab. 1, CVRR-ES evaluates Video-
LMMs on key aspects of robustness and reasoning in
videos, encompassing video domains that more accurately
test models in real-world scenarios such as videos having
contextual dependency and in-the-wild aspects. CVRR-
ES is an open-ended video QA benchmark comprising 11
real-world video category dimensions (Fig. 1, left) that
encompass diverse evaluation aspects. These dimensions
span from context-dependent (e.g., social, emotional, etc.)
categories to ones that often take place in the wild such
as videos containing physically anomalous activities. We
comprehensively evaluate a representative set of 11 recent
Video-LMMs (Fig. 1, right) including both open-source and
closed-source models on the CVRR-ES benchmark using a
LLM-assisted automatic evaluation framework [4, 24].

The performance of Video-LMMs on the CVRR-ES
benchmark reveals that these models struggle to correctly
comprehend complex videos indicating their weak rea-
soning and lack of robustness to the textual user queries
(Fig. 2). For instance, state-of-the-art Video-LLaVA
[20] achieves only 15.92% performance averaged across 11
video dimensions of CVRR-ES. In contrast, closed-source
models including GPT4V (vision) [27] and Gemini-Vision-
Pro [10] exhibit relatively stronger performance but still
lag behind the performance of humans. Using CVRR-ES
benchmark, we extensively perform quantitative and quali-
tative analysis and formulate important insights about these
Video-LMMs based on their failure cases and individual
performances across the diverse video dimensions.

Our analysis show that standard prompting struggles
in steering Video-LMMs’ focus for complex video under-
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across 11 dimensions.

100

standing. Additionally, their limitations in reasoning and ro-
bust video understanding of real-world scenarios are dom-
inantly driven by the quality of textual inputs (i.e., user
questions). Based on these insights, we develop a training-
free Dual-Step Contextual Prompting (DSCP) technique,
which effectively steers the model’s behavior during infer-
ence to elicit video-specific reasoning and improved robust-
ness in Video-LMMs. With DSCP, Video-LMMSs substan-
tially improve on our benchmark, suggesting the potential
of prompting methods for Video-LMMs.

Our main contributions are: (1) We present Complex
Video Robustness and Reasoning Evaluation suite (CVRR-
ES), a Video QA benchmark designed to assess the reason-
ing and robustness capabilities of Video-LMMs on 11 di-
verse world-centric complex video dimensions (§3). (2) We
extensively evaluate both open-source and closed-source
Video-LMMs on the CVRR-ES benchmark and find that
most models exhibit weak performance, highlighting their
limited reasoning in complex videos and lack of robustness
towards user text queries (§5.1). (3) We conduct compre-
hensive analysis and formulate important conclusions about
Video-LMMs based on their failure cases and performance
on the CVRR-ES. Our findings provide key insights for
building the next generation of human-centric Al systems
with improved robustness and reasoning abilities (§5.2).
(4) To improve Video-LMMSs’ reasoning and robustness,
we design a model-agnostic and training-free prompting
method that effectively enhances their performance (§4).

2. Related Works

Video Large Multi-modal models (Video-LMMs).
Video-LMMs [19, 20, 43] are visual chatbots capable of
performing a wide range of video tasks, including video
comprehension and captioning, video question-answering,
and action grounding. These models accept both video
and textual inputs and generate textual responses. From
an architectural perspective, Video-LMMs combine pre-
trained vision backbones [7, 30, 38] with large language
models [36, 44] using connector modules such as MLP
adapters, Q-former [6], and gated attention [1]. VideoChat
[16] and VideoChat-GPT [19] presented initial open-source
efforts in this direction and were trained with two stages
of alignment and video-instruction following objectives.
Recently, more advanced Video-LMMs have emerged
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Figure 2. We observe that most Video-LMMs struggle to reason over complex videos (rows 1-3) and exhibit weak robustness and rectifica-
tion abilities when answering user questions that can sometimes be confusing (row 4). The QA pairs in Comprehensive Video Reasoning
and Robustness Evaluation Suite (CVRR-ES) assess Video-LMM:s beyond general video comprehension. (best viewed in zoom)

in the field, with some models focusing on improving
model architectures [19], expanding to new tasks [25], and
enabling support for long videos [32, 34]. In this work, we
aim to develop a comprehensive benchmarking framework
to assess the reasoning and robustness capabilities of
these Video-LMMs and develop a training-free prompting
technique to improve their performance on these fronts.

Benchmarking Video-LMMs. With the growing number
of Video-LMMs emerging in the research community,
several works have presented evaluation frameworks to
assess and quantify these models for benchmarking and
analysis purposes. SEED-Bench [15] evaluates the visual
capabilities in both image and Video-LMMs across 12
unique dimensions. MV-Bench [17] curates 20 video
tasks to evaluate the spatial and temporal understanding of
Video-LMMs. Video-Bench evaluates Video-LMMs across
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10 tasks in three areas: Video-exclusive, Prior Knowledge,
and Decision-making. TempCompass [23] introduces a
temporally challenging benchmark with conflicting videos
sharing static content but differing in temporal aspects.
Auto-Eval-Video [5] creates open-ended video QAs across
nine dimensions. Video-Bench [26] evaluates Video-
LMMs across 10 tasks in three areas: Video-exclusive,
Prior Knowledge, and Decision-making. VALUE [18]
focuses on Video QA, retrieval, and Video-captioning
tasks. While these evaluation frameworks provide effective
insights, their assessments do not extend beyond general
video-comprehension metrics to more advanced aspects
of reasoning and robustness, particularly for real-world
context cases. In this work, we conduct initial research
efforts on providing a complex video reasoning and
robustness benchmark and offer a thorough assessment of



Video-LMMs in practical and in-the-wild scenarios.
Training-free Prompting. Steering model behavior at
inference time using prompting has become a common
paradigm in the NLP domain. Prompting [37, 40] refers
to the set of instructions given as a prefix to the language
model to better align model responses with human intent
without the need for task-specific fine-tuning. Prompting
techniques can be as simple as a single sentence (e.g., "Let’s
think step by step") such as zero-shot chain of thought [40]
prompting, to more detailed techniques such as combining
chain-of-thought prompting with few-shot learning [2]
and self-consistency chain of thought prompting [37].
Surprisingly, training-free prompting techniques for Video
Large Multi-modal Models (Video-LMMs) have been
minimally explored. In this work, we develop a dual-step
prompting technique based on principled prompt instruc-
tions specifically designed to steer the model’s behavior for
improved reasoning and robustness over complex videos.

3. CYRR Evaluation Suite

As Video-LMMs are touching new real-world applications,
it is essential to ensure that they robustly handle the user in-
puts, comprehend the visual world, and exhibit human-like
reasoning capabilities. In this work, our goal is to estab-
lish a comprehensive benchmark, Complex Video Reason-
ing and Robustness Evaluation Suite (CVRR-ES) to assess
the robustness and reasoning capabilities of Video-LMMs
over complex and real-world contextual videos. We first
provide an overview of CVRR-ES and then detail the video
evaluation dimensions in Sec. 3.1. Subsequently, we dis-
cuss the benchmark creation process in Sec. 3.2.

Overview. CVRR-ES encompasses evaluation dimen-
sions that cover video related to real-world scenarios, rang-
ing from context-dependent (e.g., social, emotional) cate-
gories to video types that often take place in the wild (e.g.,
anomalous activities). Specifically, we have compiled 11
dimensions and curated 2,400 high-quality open-ended QA
pairs, spanning 214 high-quality videos. The average video
duration is 22.3 seconds, with maximum and minimum du-
rations of 183 and 2 seconds, respectively. Fig. 2 shows
qualitative examples of the collected videos for the CVRR-
ES benchmark. Refer to Appx. C for additional statistical
details and qualitative results.

3.1. CVRR-ES Video Category definitions.

For curating the CVRR-ES benchmark, we carefully select
11 diverse benchmark evaluation categories. As shown in
Fig. 1 (left), these categories encompass a wide range of
real-world complex and contextual video types. Below, we
define each video evaluation dimension in detail.

1) Multiple actions in a single video. This category in-
volves videos with 2-4 human activities. We curate ques-
tions to assess the model’s ability to understand and reason
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about multiple actions and their interrelations in a video.

2) Fine-grained action understanding. We collect videos
that encompass fine-grained human activities, such as push-
ing, opening, closing, spreading, sitting, etc. This category
tests the model’s ability to interpret subtle and fine-grained
actions through carefully crafted questions.

3) Partial actions. We observe that Video-LMMs gener-
ate content that is relevant to a video’s context and likely to
occur next. We collect videos with actions likely to be fol-
lowed by other actions but not triggered in the video e.g.,
cracking an egg in a kitchen suggests the next action of
cooking the egg. This dimension assesses Video-LMMs on
their ability to correctly identify partial actions.

4) Time order understanding. Accurately recognizing the
temporal sequence of activities is crucial for distinguishing
between atomic actions, such as pushing and pulling. We
collect videos of fine-grained actions occurring in a partic-
ular temporal direction and curate challenging questions.
5) Non-existent actions with existent scene depictions.
We examine the model’s robustness and reasoning in videos
by introducing non-existent activities without altering the
physical, spatial, and environmental details.

6) Non-existent actions with non-existent scene depic-
tions. In this category, we increase the difficulty of the QA
task by including questions containing both non-existent
activities and scenes. We alter the details of objects, at-
tributes, and background for non-existent scene comprehen-
sion. This tests the model’s ability to correct misleading
questions and avoid generating imaginary content.

7) Continuity and object instance count. We curate
videos (real-world and simulations) designed to test the
models’ ability to recognize the number of instances of ob-
jects, people, etc., and distinguish between existing objects
and new ones introduced later in the same video scene.

8) Unusual and physically anomalous activities. We col-
lect videos depicting unusual actions that seemingly defy
the laws of physics, such as a person floating in the air or
driving a motorbike on a running river. Assessing Video-
LMNMs in such fronts is crucial, as it allows us to determine
whether they can generalize to understand actions in out-of-
distribution videos in practical situations.

9) Interpretation of social context. We test Video-LMMs’
ability to understand actions influenced by social contexts,
such as helping an elderly person cross the road. Video-
LMMs are assessed to determine their ability to infer the
rationale behind actions using the social context.

10) Understanding of emotional context. Similar to so-
cial context, humans can accurately understand and inter-
pret each other’s actions by considering the emotional con-
text. We test Video-LMMs’ ability to understand actions
based on emotional context, e.g., a person crying due to joy.
11) Interpretation of visual context. This category tests
the model’s ability to understand actions by leveraging the



overall visual contextual cues in the video. For example, to
identify the number of people present based on the presence
of shadows, one must utilize the visual context of shadows.

3.2. Building CVRR-ES Benchmark

Stage 1: Data collection and Human Annotations. We
first collect high-quality videos and annotate each video
via human assistance. To ensure that each evaluation di-
mension captures relevant attributes and information, we
meticulously select videos that are representative of spe-
cific characteristics associated with that dimension. Over-
all, 214 unique videos are selected covering 11 dimensions
with around 20 videos per evaluation dimension. Around
60% of these videos are collected from public academic
datasets while respecting the distribution rights of the orig-
inal datasets. To introduce diversity in the benchmark dis-
tribution, we select videos from multiple datasets including
Something-Something-v2 [11], CATER [9], Charades [33],
ActivityNet [3], HMDBS1 [14], YFCC100M [35]. The re-
maining 40% of videos are collected from internet.
Following the video collection process, two human annota-
tors (authors of this work) generate captions for each video.
For videos where initial captions or metadata are available
from academic datasets, the captions are generated by the
annotators based on them. For videos collected from the
internet, captions are entirely generated by annotators. To
ensure consistency and high quality, we provide annotation
instructions to annotators, who generate captions accord-
ingly. Personalized annotation guidelines are used for each
video category. Refer to additional details in Appx. C.
Stage 2: Question-Answer Generation. The first chal-
lenge is to select an evaluation setting to assess Video-
LMMs. Humans typically engage in free-form conversation
to interact with each other in day-to-day life. Inspired by
this, we aim to simulate a similar style of interaction with
Video-LMMs by curating open-ended QA pairs to evaluate
these models for robustness and reasoning. We feed de-
tailed ground-truth video captions to GPT-3.5 LLM, which
is utilized to generate open-ended questions. The QA pairs
covers both the reasoning and robustness aspects:
Reasoning QA pairs: With Video-LMMs beginning to in-
teract more directly with humans in our lives, it’s crucial to
validate the reasoning abilities of Video-LMMs for more re-
liable Human-AI interaction. When evaluating the reason-
ing capabilities of Video-LMMs, we define complex video
reasoning as a two-step process; i) The model’s ability to
understand a video not only by analyzing spatial content
but also by grasping the underlying rationale behind the oc-
curring activities and their relationships with surrounding
context. ii) Relating the retrieved contextual interpretation
to the user’s query to provide a grounded response. This
involves creating questions that go beyond simple video
comprehension and scene description and require the model

3655

to engage in complex logical inference, contextual under-
standing, and reasoning about counterfactual and hypothet-
ical scenarios. This includes providing reliable answers to
questions such as "How,” "Why,” ’Is,” and "When,” which re-
quire contextual understanding, and Video-LMM’s ability
to decode counterfactual scenarios.

Robustness QA pairs: In addition to evaluating the reason-
ing capabilities, it is crucial to assess Video-LMMs to en-
sure their robust and responsible performance in real-world
scenarios. In the context of Video-LMMs, robustness can be
evaluated from both visual (video input) and textual inter-
faces. We focus our work on textual interface robustness by
particularly gauging the resilience and self-correcting abil-
ities of Video-LMM when there is variability in user text
queries; particularly with wrong, confusing, and mislead-
ing cues. This scenario mirrors realistic situations where
users, based on their expertise levels, may pose irrelevant,
misleading, or confusing questions. It is crucial for models
to have reliability and robustness in handling such queries
and avoid generating hallucinated content for input videos.
We curate specific prompts for each evaluation dimension
to instruct LLM in generating QA pairs. Example prompts
to LLLMs for curating QA pairs for robustness and reasoning
aspects are shown in Fig. 15 in the Appx. E.

Stage 3: QA Pairs Filtration via Human Verification.
After generating QA pairs, we employ a manual filtration
step, with human assistance to verify each generated QA
pair. Approximately 30% of the QA pairs generated by
GPT-3.5 are found to be noisy, containing questions that are
unrelated to the video evaluation dimensions or unanswer-
able based on the provided ground-truth captions. Addi-
tionally, many questions are repetitive and contain answers
within the question itself. Therefore, an exhaustive filtering
process is conducted which involves QA rectification and
removing those samples which are not relevant to the video
or evaluation type. This process results in a final set of 2400
high-quality QA pairs for the CVRR-ES benchmark. Exam-
ples of filtered QA pairs are shown in Tab. 4 in the Appx.
This further ensured the diversity of QA pairs.

Stage 4: Evaluation Procedure. Previously, literature
[4, 21, 24, 29] have explored using LLM models as judges
for quantifying results in open-ended QA benchmarks. We
adopt a similar approach and instruct LLMs to act as teach-
ers to assess the correctness of predicted responses from
Video-LMMs compared to ground-truths. We generate
open-ended predictions from Video-LMMs by providing
video-question pairs as inputs and then present the model
predictions and their ground-truth responses to the LLM
Judge using the evaluation prompt. The Judge determines
whether the prediction is correct or incorrect with a bi-
nary judgment, assigns a score from 1 to 5 representing
the quality of the prediction, and provides a reasoning to
explain its decision. Our ablative analysis in the Appx.
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Figure 3. DSCP principled prompt for Video-LMMs.

E shows that reasoning-constrained LLM evaluation aligns
most with human-based judgment. Our evaluation prompt
for LLM Judge is shown in Fig. 14 in Appx. E.

Quality of QA pairs. We show QA pairs from CVRR-ES
benchmark in Tab. 4 in Appx. C. Our QA pairs are of high
quality and aim to test the understanding of Video-LMMs
against reasoning and robustness criteria on multiple eval-
uation dimensions. To quantitatively assess the quality, we
establish a quality assessment procedure [8]. We randomly
sample 1120 QA pairs, which encompass all videos of the
CVRR-ES benchmark, and request human experts to eval-
uate the quality of each QA pair by answering the follow-
ing questions: (1) "Does the QA pair correctly represent
the evaluation dimension category under which it falls?"
(possible answers: "Yes", "No") (2) Can the question be
correctly answered given only the video content? (possible
answers: "Agree", "Disagree") and (3) Is the correspond-
ing paired ground-truth answer correct? (which will be
used during evaluation as ground truth) (possible answers:
"Yes", "No"). On average, the answer of experts for the first
question was "Yes" for 98.84% of the times. For the second
and third questions, the averaged answer was "Agree" and
"Yes" for 100% and 99.91% of the times, respectively.

4. Dual-Step Contextual Prompting

Given their wide-scale potential in practical applications,
new Video-LMMs are frequently introduced by the research
community. Despite the numerous Video-LMMs, the ma-
jority of them are trained using only positive examples and
video-conversational templates that are primarily limited to
tasks such as video-captioning and VQA [16, 24, 32, 34].
This leads to highly over-affirmative behavior and a lack of
self-rectification abilities in these models (Sec. 5.2).

Additionally, the templates have minimal focus on enhanc-
ing reasoning and robustness capabilities through reason-
ing instruction-tuning pairs, resulting in their weak perfor-
mance against robustness and reasoning based evaluations
in CVRR-ES. Consequently, enabling direct interaction of
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Video-LMMs with users in real-world scenarios can result
in undesired responses when the user question is confus-
ing and deceiving. Moreover, curating reasoning-based in-
struction fine-tuning datasets requires meticulous data cu-
ration steps, and retraining these models are computation-
ally expensive [19, 32]. Alternatively, training-free prompt-
ing techniques in NLP literature have shown effectiveness
in eliciting reasoning abilities in LLMs such as chain of
thought and self-consistency prompting [37, 40].

Inspired by these, we present a Dual Step Contextual
Prompting (DSCP) technique, which steers Video-LMM fo-
cus for enhanced reasoning while simultaneously encour-
aging the models to provide robust and grounded answers.
DSCP is a two-step prompting method that 1) ensures that
the model comprehends the video while reasoning over cru-
cial aspects of complex video understanding such as con-
textual information and decoding the complex relationships
between objects and motions, etc., and 2) encourages ro-
bustness by generating the response against the question
while conditioning both on video and the unbiased context
retrieved in the first step. Below we discuss each step of
DSCP in detail. Step 1: Video reasoning. We prompt
Video-LMMs to interpret video from a reasoning perspec-
tive using ten principled instructions (Fig. 3, in blue) to
direct the models to understand general video content, rea-
son over the rationale behind actions and their relationships
with the context, and consider factors like contextual pri-
ors, the temporal order of actions, instance count, and at-
tributes. The prompting technique also includes instruc-
tions to ensure conciseness and factuality to mitigate hal-
lucinations. Given a Video-LMM F and input video V, we
retrieve contextual reasoning information I optext by pro-
viding principled reasoning prompt Preason along with the
video to the LMM, Icontext = F (Preason|V)- This contex-
tual information is then used in the second step of DSCP
to generate a grounded response to user question. Step
2: Context conditioned question answering. To address
the over-affirmative behavior and hallucinations in Video-
LMMs when prompted with confusing or misleading ques-
tions, we propose an additional inference step. We note
that Video-LMMs often possess factual knowledge about
the video content but are distracted and hallucinate when
prompted with confusing or misleading queries (Appx. D).
DSCP conditions the model to first comprehend the video
without attending to the user question and, therefore elim-
inates its influence. This complex video comprehension,
Tcontext (formulated in step 1) is then used to condition the
model on both video and I optext. Finally, we pose the user
question using prompt Pys.; Which combines user query and
the contextual information (Fig. 3, in green). The final re-
sponse is F(Pyser|V), where Pyser = [question; Ieontext]-
Here [ ; | denotes the text prompt concatenation.

The factual content generated in step 1 guides the model



towards a robust response in step 2, producing correct
responses even with noisy or misleading user questions.
Qualitative results of DSCP technique are shown in Fig. 11.
This approach leads to responses that are better grounded in
the actual video content and are robust against lower-quality
user queries. The DSCP technique effectively enhances the
performance of Video-LMMs on CVRR-ES (Sec. 5.1).

5. Evaluation Experiments on CVRR-ES.

Video-LMMs. We evaluate 7 recent open-source Video-
LMMs, including Video-LLaVA [20], TimeChat [32],
MovieChat [34], LLaMA-ViD [19], VideoChat [16] Video-
ChatGPT [24], and Video-LLaMA-2 [43]. For evaluating
closed-source models, we use Gemini-Pro, Gemini-Flash,
[10], GPT-4V and recent GPT-40 [27]. Refer to Appx. B
for additional details of our experimental setup.

5.1. Main Experiments on CVRR-ES.

Tab. 2 shows the evaluation results of Video-LMMs on
CVRR-ES. Below, we discuss main results.

Open Source Video-LMMs struggles on CVRR-ES. All
open-source LMMs show inferior performance across the
different evaluation dimensions of CVRR-ES. Interestingly,
some of the earlier developed open-source Video-LMMs,
like Video-LLaMA, VideoChat, and Video-ChatGPT, ex-
hibit higher performance compared to more recent mod-
els such as Video-LLaVA, MovieChat, and LLaMA-VID.
Overall, TimeChat achieves highest results of 32.89% av-
eraged across 11 dimensions among open-source LMMs,
followed by VideoChat with a score of 25.78%.

Humans rank highest in CVRR-ES benchmark. Human
evaluation achieves the highest performance on the CVRR-
ES benchmark, with over 95% accuracy across all evalua-
tion dimensions. These results suggest that the CVRR-ES
QA pairs are reasonable and suitable for benchmarking.
Closed source models perform competitively on CVRR-
ES. As shown in Tab. 2, both Gemini and GPT variants
improve over open-source models and achieve high gains
across all evaluation dimensions. The competitive results of
GPT40 and Gemini-Flash on complex video evaluation di-
mensions such as partial actions, non-existent action/scene
depiction, and context-dependent categories show that these
models have a more sophisticated understanding of the
complex visual contents of videos and have strong capa-
bilities to rectify misleading and confusing user questions.
Overall, GPT40 improves over Gemini-Flash by 18.01%
and provides the highest average accuracy of 75.03%.
Effectiveness of DSCP for improving Video-LMMs. We
next integrate DSCP with Video-LMMs. As shown in Fig.
4 DSCP improves performance over standard prompting
(i.e., using only the question itself). These results also sug-
gest that prompting techniques in Video-LMMs can better
guide models for improved reasoning and robustness. With
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Figure 4. DSCP effectively improves Video-LMMs’ performance
(gains are shown in green) on CVRR-ES benchmark.

DSCP, initially low-performing Video-LMMs like Video-
LLaVa, MovieChat, and LLaMA-Vid show much better rel-
ative gains and become competitive with other models. The
highest relative gain of 184% is achieved by LLaMA-ViD,
which moves from 7th place in the leader board to 2nd
among the open-source models after using the DSCP tech-
nique. We observe similar overall positive trends of using
DSCP with closed-source model Gemini, which improves
on the benchmark by an absolute overall gain of 5.02%. We
provide detailed results in Appx. D.

Different prompting techniques. We now study the con-
tribution of each step of DSCP and compare it with chain-
of-thought (CoT) prompting [40]. Results for the top 5
performing open Video-LMMs are shown in Tab. 3. CoT
prompting improves over standard prompting in 3 out of 5
Video-LMMs, suggesting that prompting techniques from
NLP literature can also guide multi-modal Video-LMMs
to enhance reasoning and robustness. Next, we ablate on
the first step of DSCP prompting, which uses principled in-
structions of DSCP step 1 as a prefix alongside the actual
user question. DSCP step 1 notably improves model perfor-
mance on all Video-LMMs, suggesting the effectiveness of
the principled prompt instructions designed specifically for
Video models. DSCP with both steps, which additionally
uses the initial context in the second step, shows additional
gains and achieves highest results on 4 out of 5 models.

5.2. Main findings and Qualitative Results

We now show key insights that can guide the development
of the next generation of robust and reliable Video-LMMs.
We show qualitative and additional analysis in the Appx. A.
Models excelling at standard VQA benchmarks struggle
on CVRR-ES. Our analysis in Sec. 5.1 reveals that latest
open-source Video-LMMs, like Video-LLaVA, MovieChat,
and LLaMA-VID, perform less effectively on CVRR-ES
compared to Video-LMMs that were introduced earlier in
the community, such as VideoChat and Video-ChatGPT. In-
terestingly, the same recent models show superior perfor-
mance on general video comprehension benchmarks. This
suggests that current VQA benchmarks, like ActivityNet-
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Multiple Actions in single video. ‘ 1698 2390 27.67 1572 1258 17.92 2830 ‘ 43.08 44.65 57.55 62.89 ‘ 93.40
Fine-grained action understanding. | 29.57 3348 2696 2522 2348 2609 39.13 | 51.61 6478 77.39 8043 | 95.65
Partial | 2476 3301 2282 1359 2136 1456 4951|6748 6214 7379 77.67 | 98.54
Time order understanding. | 1645 3158 27.63 21.05 1645 1974 3421|4539 5526 57.89 71.05 | 97.37
Non-existent actions with existent scene. ‘ 10.14 1522 23.19 507 5.07 290 23.19 ‘ 5725 60.14 71.01 83.33 ‘ 97.10
Non-existent actions with non-existent scene. ‘ 13.19 1458 17.36 347 1181 694 13.89 ‘ 49.64 5630 75.00 70.14 ‘ 100.00
Continuity and Object instance Count. | 2825 2429 2841 2147 1977 2486 3446 | 36.16 43.50 6271 6271 | 96.49
Unusual and Physically Anomalous activities. | 18.95 1842 1895 1579 17.89 16.32 27.37 | 60.00 60.53 74.74 78.42 | 96.84
Interpretation of social context. ‘ 25.00 31.07 3250 1893 17.14 13.93 3929 ‘ 6429 69.64 79.64 83.57 ‘ 97.51
Understanding of emotional context. ‘ 21.92 2363 2123 1507 13.70 14.73 27.40 ‘ 4726 5274 6644 70.89 ‘ 95.55
Interpretation of visual context. | 3260 3443 27.84 1978 2125 23.08 4505|6300 57.51 8242 8425 | 94.87
Average [ 2162 2578 2496 1592 1641 1646 3289|5320 57.02 70.78 75.03 | 96.67

Table 2. Evaluation results of Video LLMs across various video-evaluation categories on the CVRR-ES benchmark. We present results for

both open-source and closed-source models and human evaluation.

Prompting Method VideoChat Video-LLaVA MovieChat LLaMA-VID TimeChat

Standard prompting 25.78 15.92 16.41 16.46 32.89
Chain of Thought (CoT)  22.44 25.87 15.89 29.68 39.57
DSCP (Stage 1) 38.07 32.12 28.05 25.13 33.04
DSCP (Both stages) 47.92 37.93 35.87 46.85 39.45

Table 3. DSCP stage 1 uses only principled instructions of step 1
and DSCP (Both stages) uses a complete dual-step technique.

QA [42] and MSRVTT [41], do not adequately correlate
with the complex video reasoning and robustness scenar-
ios highlighted in our benchmark. Consequently, this also
shows that newer Video-LMMs are heavily trained to excel
on general video benchmarks while reducing their general-
izability, reasoning, and robustness abilities.
Over-affirmative behavior of open-source Video-LMMs.
We observe that open-source models exhibit positive and
over-affirmative responses.  Open-source Video-LMMs
consistently respond with "Yes" even when faced with con-
fusing questions that describe non-existent actions and ob-
jects (Fig. 5 in Appx. A). This highlights the vulnerability
of these models when interacting with users in real-world
scenarios. In CVRR-ES, open-source models are notably
vulnerable to evaluation dimensions of "Non-existent ac-
tions with the existent scene" and "Non-existent actions with
the non-existent scene" compared to closed models. These
models lack negation and self-rectification capabilities, es-
pecially when users provide misleading or confusing ques-
tions. We conjecture that such behavior arises due to ab-
sence of negative instruction tuning pairs in training.
Tendency towards activity completion. Most open-source
Video-LMMs have shown lower results on the dimension
of partial actions, which focuses on incomplete or atomic
actions. We note that most open-source models tend to
complete actions, even when only part of the action is pro-
vided in the video (Fig. 6 in Appx. A). For instance, Video-
LLaVA struggles to reason over the video and describes the
man as kicking the soccer ball, while the action in the video
stops at the point of the man placing his foot beside the ball.
We observe similar behavior in other Video-LMMs. Upon
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examining the fine-tuning strategies [22, 24], we find that
almost all models are trained on end-to-end actions-based
instruction-tuning data, causing them to generate complete
action descriptions at inference. This tendency highlights
the vulnerability of Video-LMMs after deployment, as real-
world scenarios often involve atomic, sub-atomic, and gen-
eral actions alike. To improve the performance of Video-
LMMs, it is crucial to incorporate diverse action types dur-
ing training, including partial and incomplete actions.

Video-LMMs struggles in understanding the emotional
and social context. For more reliable interaction with hu-
mans in practical scenarios, Video-LMMs models should
comprehend the video with social and contextual reason-
ing capabilities similar to humans. Lower performance of
Video-LMMs on social and emotional contextual dimen-
sions in CVRR-ES highlights their limitations and lack of
understanding of contextual cues (Fig. 9 in Appx. A).

6. Conclusion

Given the expanding role of Video-LMMs in world-centric
applications, it is crucial to ensure that these models per-
form robustly and exhibit human-like reasoning and inter-
action abilities in various complex and real-world contexts.
In this work, we present the CVRR-ES benchmark to eval-
uate Video-LMMs on these very fronts. Through extensive
evaluations, we find that Video-LMMs, especially open-
source ones, exhibit limited robustness and reasoning capa-
bilities over complex videos involving real-world contexts.
Based on our analysis, we formulate a training-free prompt-
ing technique that effectively improves the performance of
Video-LMMs across various evaluation dimensions of the
CVRR-ES benchmark. Furthermore, we analyze and in-
vestigate the failure cases of Video-LMMs on the CVRR-
ES benchmark and deduce several important findings. We
hope that the CVRR-ES benchmark, accompanied by our
extensive analysis, will contribute towards building the next
generation of world-centric video models.
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