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ABSTRACT

Next-token prediction serves as the foundational learning task that enables reason-
ing in LLMs. But what should the learning task be when aiming to equip MLLMs
with temporal reasoning capabilities over video inputs? Existing tasks such as
video captioning primarily promote modality alignment, while video question
answering typically relies on annotations from humans or much stronger MLLMs.
To address this gap, we propose next-event prediction (NEP), a learning task
that harnesses future video segments as a rich, self-supervised signal to foster
temporal reasoning. We segment each video into past and frames: the
MLLM takes the past frames as input and predicts events in the future, thereby
encouraging the model to reason temporally in order to complete the task. To study
this learning task, we curate V1-33K, a dataset comprising 33,000 automatically
extracted videos spanning diverse real-world scenarios. Using the same videos, we
further explore a range of video instruction-tuning task data to provide controlled
comparisons and isolate the effect of NEP. To evaluate progress, we introduce
FutureBench to assess coherence in predicting unseen future events. Experiments
validate that NEP offers a scalable and effective training task for fostering temporal
reasoning in MLLMs.

1 INTRODUCTION

Recent progress in multimodal large language models (MLLMs) has significantly advanced video
understanding capabilities (Hurst et al., 2024; Team, 2025). Video instruction tuning typically
involves learning tasks such as video question answering, captioning, and grounding, etc., which
mainly emphasize visual perception skills such as object identification, event recognition, timestamp
inference, and factual recall based on observed video frames (Bai et al., 2025; Li et al., 2024c; Lin
et al., 2023; Zhang et al., 2024b). While these tasks facilitate cross-modal alignment—an essential
step in integrating visual encoders with language models (Liu et al., 2023)—they often neglect
the temporal dimension that distinguishes videos from static images. For instance, video question
answering frequently relies on key frames (Cores et al., 2025), and video captioning tends to map
frames to text in a frame-by-frame manner, limiting the model’s ability to understand dynamic event
progression. Moreover, tasks like question answering and timestamp grounding typically require
annotations by humans, raising scalability challenges. This leads to a natural question:

What learning task should be employed to effectively equip MLLMs with temporal
reasoning capabilities over video inputs?

To bridge this gap, we propose Next-Event Prediction (NEP), a learning task explicitly designed
to foster temporal reasoning in MLLMs. Instead of providing the entire video as input, NEP splits
each video into past and future frames. Given only the past frames, the model predicts captions that
describe the future segment, as illustrated in Figure 1. NEP encourages MLLMs to reason beyond the
visible scene, inferring causes, effects, and likely outcomes. The NEP naturally drives the model to
integrate visual perception from the visual encoder with commonsense knowledge in the LLM.

To systematically study the effectiveness of NEP as a learning task, we construct V1-33K, a large-scale
dataset comprising approximately 33,000 automatically curated videos. Each instance consists of an
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Figure 1:Comparison of Video Instruction Tuning tasks. (1) : Extracting answers

from a single key frame; (2raptioning: Summarizing from frame-by-frame visual perception of
observed videos; (3)ext-Event Prediction: Predicting the summary of future frames by visual
perception of observed past frames and temporal reasoning with commonsense knowledge. As the
example in the given rst part video, after a defensive stop, the team may push fast in transition
(knowledge)—but with under two minutes left in the fourth quarter (visual facts), a coach might call

a timeout, or the players may slow the tempo to ensure careful execution.

observable (past) video segment paired with a textual caption describing its subsequent continuation,
which serves as the supervision target. The V1-33K is derived from the video data source used
by previous works for video-instruction tuning (Zhang et al., 2024b; Li et al., 2024a), and thus
naturally includes data suitable for other learning tasks, such as captioning and question answering.
Accordingly, we train the same models on the same data but different learning tasks, enabling a
controlled study of NEP's effect while holding other factors (e.g., data source bias and data quality)
constant.

Moreover, we further explore the NEP task with different training strategies, including standard
supervised ne-tuning (SFT) (Ouyang et al., 2022), critique ne-tuning (CFT) (Wang et al., 2025),
teacher model distillation (Distill) (Ho et al., 2022), and R1-style reinforcement training (Shao
et al., 2024). To rigorously assess the temporal reasoning capabilities, we intFfaduceBench,

a comprehensive benchmark evaluating logical coherence and causal consistency in predicting
unseen future events. FutureBench challenges models to perform multi-hop temporal reasoning
by generating plausible event sequences that bridge observed video segments and speci ed future
outcomes. Empirically, across three prior temporal benchmarks — TempCompass (Liu et al., 2024b),
TemporalBench (Cai et al., 2024), and SEED-Bench-R1 (Chen et al., 2025) and our FutureBench,
NEP as a learning task signi cantly enhances MLLMs' temporal understanding and reasoning.
Moreover, on general-ability suites — VideoMME (Fu et al., 2024), MVBench (Li et al., 2024d),
LongVideoBench (Wu et al., 2024), models trained solely on NEP preserve their performance on
conventional video tasks.

2 RELATED WORK

Video Instruction-Tuning of MLLMs. The fusion of vision and language in large models has
advanced rapidly from image-focused models like CLIP (Radford et al., 2021) and LLaVA (Liu et al.,
2023) to recent video-language models that interpret dynamic visual content leveraging the advanced
ability of LLMs (Liang et al., 2024; Tang et al., 2023). Early approaches adapted image-based
techniques by ne-tuning LLMs with an extended visual encoder on video frames for observational
tasks, such as captioning and question answering; this process is also known as video instruction
tuning. Models such as Video-LLaVA (Lin et al., 2023), LLaVA-NeXT series (Li et al., 2024a;c;
Zhang et al., 2024b) and Qwen-VL series (Bai et al., 2023; 2025) ne-tune large language models with
video-frame inputs, enabling open-ended video description and Q&A. These MLLMs demonstrate
strong performance on tasks like captioning and dialogue about videos. However, their training data
and objectives are predominantly observational, describing or explaining visible content, rather than
predictive. Our work differs by introducing a predictive objective, next event prediction, to explicitly
train the model's temporal reasoning abilities. This aligns with the goal of modeling world dynamics,
extending beyond static understanding of frames to reasoning about how scenes evolve over time.

Future Prediction in Computer Vision. Anticipating the future has been studied in computer
vision in various forms. Action prediction methods train video encoders by predicting the next
action or action label from representations encoding past video frames (Beedu et al., 2024; Liu et al.,
2024a; Stergiou & Damen, 2023; Tran et al., 2021; Gammulle et al., 2019; Lan et al., 2014; Miech
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Figure 2: Reasoning structure underlying  Figure 3:Distribution of data source and video
NEP. Each node is a potential event or action length in V1-33K.The inner circle illustrates the
derived from visual cues, branching into alterna- distribution of data sources. The outer circle fur-
tive scenarios such as failing to defend or being ther segments each source according to video
pushed in transition. The red line highlights length categories. Only length categories com-
actual event sequence observed in the videoprising more than 4% of the dataset are labeled
Comments provide reasoning for less likely sce-explicitly in the outer circle.

narios.

et al., 2019). Similarly, future-frame prediction and motion forecasting train video encoders via
self-supervised objectives, e.g., predicting representations of future frames (Ranzato et al., 2014;
Vondrick et al., 2016; Liu et al., 2025; Assran et al., 2025). Hosseinzadeh & Wang (2021) not only
train a video encoder, but also separately train a translator that converts these predicted features about
future into textual descriptions of the anticipated video content. These works typically de ne the
“future’ at short horizons, e.g., the next frame or next action; and optimize low-level objectives, e.g.,
representation learning, which has proven effective for video encoder pretraining.

Our work is distinct in that it focuses on high-level, semantic future-event prediction expressed in
natural language. This task requires MLLMs to perceive temporally visual information via the vision
encoder and then integrate it with pre-trained commonsense knowledge in the LLM to generate
open-ended natural language responses. The goal is different, therefore, rather than improving a
video encoder, as previous methods attempted, we aim to improve the cross-modal projector and
LLM of the MLLM while freezing visual encoder parameters. Due to the limited space, we defer the
discussion of Related Work to Appendix A.

3 NEXT-EVENT PREDICTION

Our work focuses on the study of NEP as a learning task for MLLMs. In this section, We rst
formalize the NEP task, then describe the constructed dataset for studying it, and nally detail
training strategiese(g, SFT, CFT, and Distillation) used in combination with NEP.

3.1 FORMULATION

We formulate NEP in a video as a sequence-to-sequence language modeling problem conditioned

on video frames. Supposing =[vi; Vve;:::;vr] represents a sequence of video frames (or clips),
a cut-off timet < T is chosen to split the full video into an observed part = [v1;:::; ] (past
frames) and a future pavt; = [Vieg;::0vr] ( frames). The goal is to train an MLLM that

takesV ; as input and generates a textiabf events inVs, . In practice, for SFT training strategy,
Y can be simply represented by the token sequence of captions in future frames. For the details of
other training strategies, like CFT and distillation, we detail in Section 3.3.

Why NEP can be effective. Because the target text describes events not visibl in NEP
pushes the model beyond perception (e.g., object detection or action recognition) to prediction. It
requires MLLMs to infer object interactions and dynamics, project them forward in time, and maintain
narrative coherence. To predict plausible next events, MLLMs must integrate two information sources:
(i) perceived visual evidence from the visual encoder and (ii) commonsense world knowledge, such
as physics, social norms, and typical human behavior from the LLM, as reasoning drivers. NEP
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training therefore combines perception with knowledge-guided causal inference, resulting in improved
temporal understanding and reasoning, which are required for complex video understanding.

3.2 DATASET CONSTRUCTION FORSTUDYING NEP

To systematically study NEP, we buildl-33K, a dataset produced by a simple yet effective pipeline
that converts videos into training instances for NEP.

Pipeline overview.Given a video data source, we extragiastvideo segment (model input) and a
futurevideo segment together with text supervision signal (model target) via the following procedure.

1. (Optional) Caption AnalysisAn LLM parses the video caption to identify distinct scenes and
a causal pivot (the point where “what has happened” transitions into “what will happen”). This
yields atext split point

2. Grounding and SegmentationWe ground thdext split pointto the video timeline using an
MLLM, obtaining a timestamp. The video is cut at into pastandfuture parts, and the caption
is split accordingly into gast-captiorand afuture-caption(target).

3. (Optional) Reasoning & Critique.The past caption is processed bteatreasoning model to
generate predictions and reasoning traces, which are then critiqued by another LLM.

Note, bothCaption AnalysiendReasoning & Critiquere optional. Caption analysis aims to improve

the challenge of NEP by suggesting a split point in text format to avoid easy and less meaningful
next-event prediction. If analysis is skipped, we fallback to sampling a mid-sentence pivot from the
caption as theext split pointand ground it and then split video in the same way. The reasoning and
critique step aims to rollout reasoning traces and critiques data for critique ne-tuning and distillation
in our ablation study of different training strategies. While bGtption AnalysisndReasoning &
Critique are technically optional—the pipeline can still produce future prediction data without them.
We enable them when constructing the V1-33K because they improve the quality and challenge level
of the constructed data. We leave more details in Appendix B.

NEP yields auto-labeled self-supervision signaldNEP leverages signals already present in the
data. The only prerequisite of the signal constructi®ro(inding and Segmentatipis timestamp
grounding ability, aligning the caption split with the corresponding video cut. Following the common
training recipe (Bai et al., 2025; Chen et al., 2024b; Zhang et al., 2024b), the model undergoes
CLIP pre-training (for visual encoder), vision—-language alignment (modality alignment), and then
end-to-end ne-tuning (advanced abilities). NEP asks an MLLM to perceive visual information
and then integrate it with the LLM module's commonsense knowledge to perform reasoning and
predict future events. Considering that NEP requires MLLMs to perceive visual information and then
integrate it with the LLM module's commonsense knowledge for reasoning and future prediction, it
is reasonable to take NEP as the learning task in the late ne-tuning stage for unlocking advanced
temporal ability, where the basic timestamp referencing/grounding ability has already been learned
in an early ne-tuning stage. With this in place, the trained MLLM can reliably perform timestamp
grounding, yielding auto-labeled self-supervision. Even considering the caption analysis, the LLM of
MLLM is suf cient to complete this lightweight task.

Collection and coverage of V1-33KFollowing this pipeline, we process thousands of videos
from diverse sources (e.g., YouTube, YouCook2, NextQA, Charades, ActivityNet), containing
33,000past—futurepairs. The dataset spans rich scenarios—physical events (spills, collisions, object
interactions), human interactions (arguments leading to reactions, pranks leading to surprises), and
sports (setups leading to goals or failures). Source and duration statistics are summarized in Fig. 3.

Data quality and source bias.The quality of data has a strong in uence on the performance of
foundation models. In our work, to study the effect of NEP as a learning-task in comparison to
others, we intentionally use the same video data source as other common instruction tuning tasks
such as video captioning and QA. This allows training the same MLLMs on the same videos but
with different tasks (captioning/QA vs. NEP), providing a controlled comparison that holds video
quality and source bias xed. The quality of NEP data is also determined by its textual supervision.
Given the past video segment, plausible continuations vary widely, resulting in varying dif culty of
next-event prediction—some trivial, some extremely challenging, others reasonably for the currently
trained MLLMs. This mirrors next-token prediction in language, where the dif culty of the next
token also varies; its success for foundation models comes from its ease of scaling up. We follow the
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Figure 4:Task demonstration of FutureBench This gure presents two paradigms for future event
prediction: Extrapolation and Interpolation. In tB&trapolation task (Top), the model observes the

initial video (Current Event) and is required to sequentially predict a series of future events (Caption
1 Caption2 Caption3 ..) leading up to the nal event (Caption N). In th&terpolation

task (Bottom), the model observes the initial video (Current Event) and is provided with the rst
future event (Caption 1), an anchor future event (Caption K), and the nal event (Caption N) and
must infer the most plausible intermediate events that bridge the temporal gap. Distractors involve
Caption 0 of the current event to require the model to understand the given video. Questions and
answer options above are simpli ed for clarity and brevity.

same principle: our NEP data come from a simple, low-cost pipeline that automatically generates
supervision. Our method is cheaper than video question answering. Note, even for humans at the
PhD level, asking constructive questions is hard. For our data, we use the caption analysis step to
cheaply improve target quality and rely on scalable automatic generation and accept some variation
in dif culty. Despite the mixed quality of the data, our experimental results indicate the promise of
using NEP as the learning task. And we expect NEP to bene t even more as data quality improves.

3.3 VIDEO INSTRUCTION-TUNING STRATEGIES

Besides the comparison in the task formulation, we further investigate four video instruction-tuning
strategies on the NEP task. Each training strategy leverages speci ¢ annotations and structures from
the V1-33K data pipeline, ranging from ground-truth next-event descriptions to critique and reasoning
traces. We consider the encoder-decoder architecture model akin to recent MLLMs, LLaVA (Liu
et al., 2023), where a vision encoderprocesses the video frames and produces a sequence of visual
embeddings, and a language decddeattends to these embeddings to generate text. Speci cally,
for each input vided/ ¢, E extracts frame features, and these features are fe@dittwough a cross-
attention mechanism. The decoder is then prompted to output the next-event description. During
training, we supervisB to match the ground truth next-event description using a standard language
modeling loss, cross-entropy over the next token. We explore four distinct Video Instruction-Tuning
strategies: supervised ne-tuning (SFT), critique ne-tuning (CFT), distillation tuning (Distill),
and mix tuning (Mix), leveraging ground-truth video captions, critiques from GPT, and structured
reasoning traces from DeepSeek. Details of tuning strategies are provided in Appendix D.

4 FUTUREBENCH

To advance the evaluation of MLLMs in temporal reasoning—speci cally in forecasting future events
from observed video—we introduéaitureBench, a benchmark designed to assess models' ability

to infer plausible event progressions leading to a speci ed outcome. This task demands both strong
visual perception and commonsense reasoning. Unlike prior video Q&A benchmarks, which focus on
answer extraction from visible frames (Chen et al., 2025; Xiao et al., 2021), FutureBench emphasizes
temporal-causal reasoning toward achieving unobserved future goals.

We formalize the evaluation in a multiple-choice question-answering format. Each video in Fu-
tureBench is paired with a clearly de ned task end goal or event outcome, termetdafichot,

which is derived from the nal state of the full video. This design re ects the principle that real-world
narratives typically take goal-driven paths, and it serves to limit the search space for potential future
events. Given the anchor, the model must reasonfootvardsandbackward€o deduce the plausible
intermediate steps or events that lead to a speci ed outcome.

5
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4,1 TASK SETTINGS. MULTI-HOP PREDICTION

A de ning characteristic of FutureBench is its structured division into tasks with varying logical-hop
distances, that is, the number of inferential steps or missing events the MLLM must predict. This
design enables a comprehensive evaluation of both in-distribution performance on single-hop (1-hop)
reasoning tasks and out-of-distribution generalization to more complex multi-hop reasoning involving
extended event sequences. Accordingly, FutureBench is organized into two primary subtasks:
Future Event Prediction—Extrapolation. The extrapolation requires the model to predict a
sequence of future events that logically connect the initial observed scenes to a speci ed nal outcome.
The task dif culty is controlled by varying the number of missing events, ranging from one to three:

» 1-Hop: The model predicts a single future event that directly links the observed scenes to the
nal one. This corresponds to a standard NEP.

» 2-Hop: The model infers a sequence of two consecutive future events, requiring a short chain
reasoning process that sequentially connects the observed scenes to the nal event.

» 3-Hop: The model predicts three consecutive future events, signi cantly increasing task complex-
ity by necessitating deeper causal reasoning across a longer temporal span.

Future Event Prediction—Interpolation. The interpolation subtask introduces a complementary
challenge wherein the model must infer multiple non-consecutive future events, given a set of
partially observed scenes that include intermediate anchor events. Rather than constructing a
continuous sequence — as in extrapolation — this task demands the model interpolate across disjoint
glimpses of future events. It emphasizes reasoning over causal continuity and temporal coherence
amid fragmentary observation, as illustrated in Figure 4.

4.2 DEeTAILS OF QUESTION-ANSWERPAIR GENERATION

Designing high-quality questions and answer choices for FutureBench presents a non-trivial challenge,
as it demands capturing the nuanced temporal logic embedded in each narrative. To scale the
generation of QA pairs, we adopt a LLM-based generation pipeline. We employ GPT-4 (text-only
mode) to generate QA pairs from detailed video annotations. Each video is accompanied by rich
textual metadata, including a synopsis, segment-level scene descriptions, a speci cation of the
observed scenes (i.e., the initial context), and a description of the nal scene (i.e., the target outcome).
We then prompt GPT-4 using a structured template designed to emulate a human question-setter.
The prompt instructs GPT-4 to formulate a question that probes for the missing future events and to
generate a correct answer along with several plausible yet incorrect distrdcterssure that the
guestion requires genuine reasoningthe prompt explicitly references the need to achieve a nal
outcome and is carefully crafted to prevent shortcut solutions — for examples, by avoiding lexical
overlap between the correct answer and question, or easily dismissible distractors. Additionally,
the distractor choices are constructed to be commonsense-plausible within the thematic context of
the video but logically inconsistent with the outcome trajectory, thereby increasing task dif culty.
An illustrative example of this process is shown in Figure 4, and the full prompt used for GPT-4

is provided in Appendix E. As a result, FutureBench comprises a total 1056 carefully curated QA
pairs spanning both extrapolation and interpolation subtasks. To assess the benchmark’s quality
and highlight both visual perception and temporal reasoning, we evaluate a strong reasoning model,
04-mini, on the text-only version of questions, excluding any visual input. The model achieves an
accuracy of 32.0%, suggesting tleen advanced reasoning capabilities alone are insuf cient

for consistently solving the tasks This nding reinforces the critical role of visual perception in
solving future event prediction in FutureBench. More details regarding dataset distribution and the
discussion of human-in-the-loop quality review in B.3.

5 EXPERIMENT

5.1 COMPARISON WITHOTHER VIDEO INSTRUCTIONTUNING TASKS

To investigate the effectiveness of NEP as a learning task, we ne-tune Qwen2.5-VL-7B-Instruct
on NEP and compare its performance against models trained on three prior instruction tuning tasks:
captioning, multi-choice question answeridd@QA ), and open-ended question answeri@gEQA).

For fairness, all models are trained on a dataset of equal size using 3K samples. For the captioning,
MCQA and OEQA, we use the data constructed by LLaVA-Video-178K (Zhang et al., 2023).

To comprehensively evaluate model performance, we consider two groups of benchmarks. First, we
assess general video understanding on three widely-used benchmarks that are not speci cally designed
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Table 1:Performance comparison across different video instruction tuning tasks on Qwen2.5-
VL-7B-Instruct. G-Avg. and T-Avg. represent the average performances of all general and temporal
benchmarks, respectively. Instruct represents the original performances without additional training.

Task General Benchmark Temporal Benchmark
VMME wioswsy MVB  LVBva G-Avg. | TB  TC SB-R1 FB T-Avg.

Instruct 59.8 65.3 55.9 60.3] 35.4 738 371 526 497

Full Observed Video

Captioning 60.6 66.2 53.2 60.0 | 370 722 336 558 497

MCQA 57.4 65.2 53.0 585| 321 655 33.0 603 477

OEQA 59.8 66.8 54.6 60.4 | 36.6 740 354 588 512

Partially Observed Video

NEP 60.0 66.5 56.3 60.9 | 386 747 395 613 535

to test temporal reasoning: VideoMNz su)(VMME ) (Fu et al., 2024), MVBench\VB) (Li et al.,

2024d), and LongVideoBengi(LVB ) (Wu et al., 2024). Second, to examine temporal understanding
and reasoning capabilities, we evaluate on four temporally-focused benchmarks: TemporalBench
(TB) (Cai et al., 2024), TempCompass() (Liu et al., 2024b), SeedBench-R3HE-R1) (Chen et al.,

2025), and our proposed FutureBenEB]J. These benchmarks challenge models to make complex
temporal understanding and reasoning. For all evaluations, we use 32 frames from the video as the
input by default. Detailed training and evaluation descriptions can be found in Appendix B.2.

Next-event prediction enhances temporal reasoning without sacri cing general video under-
standing. As shown in Table 1, models trained on the NEP task with partially observed video
demonstrate substantial improvements on temporal benchmarks compared to those trained on Cap-
tioning, MCQA, and OEQA tasks with the full observed video. Notably, NEP-trained models also
maintain competitive performance on general benchmarks, underscoring the superiority and com-
patibility of the NEP task. These ndings suggest that NEP not only strengthens a model's ability

to reason over temporal sequences but does so without compromising its overall comprehension
abilities. NEP serves as an effective learning signal that promotes both visual perception and temporal
reasoning with minimal trade-offs in general performance.

Deductive reasoning via next-event prediction yields greater improvements on temporal bench-
marks compared to inductive (video Q&A) and abductive (previous-event prediction) reasoning.

Video Q&A, next-event prediction, and previous-event prediction can be deemed three classical forms
of logical reasoning—induction, deduction, and abduction, respectively (Douven, 2021; Cheng et al.,
2024). An illustration is provided in Figure 17 in the appendix. To study the relative ef cacy of these
reasoning types, we ne-tune the Qwen2.5-VL-7B-Instruct model using the same training set of 3K
samples, modifying only the task formulation to align with each reasoning. The results presented in
Table 5 indicate that the deduction task, next event prediction, yields signi cantly greater performance
on temporal benchmarks compared to induction and abduction tasks. In contrast to induction and
abduction, deduction often involves the deliberate application of abstract logical principles. Such
reasoning tends to be more cognitively demanding and typically necessitates targeted learning and
structured practice (Goswami, 2010; Behfar & Okhuysen, 2018).

5.2 COMPARISON OFINSTRUCTIONTUNING STRATEGIES

To further explore effective strategies for training on the NEP task, we compare four instruction
tuning approaches introduced in Section 3.3: supervised ne-tuning (SFT), critique ne-tuning
(CFT), distillation (Distill), and mix tuning (Mix). We conduct experiments on both Qwen2.5-VL-3B-
Instruct and Qwen2.5-VL-7B-Instruct, evaluating each strategy across general and temporal video
benchmarks. Additionally, we study the impact of training set size by scaling SFT and Distill from
1K to 25K samples, and CFT and Mix from 1K to 10K samples. For the Mix setting, we x a total
tuning budget and then combine examples from different supervision types in equal proportions (e.g.,
an equal number of SFT-, Distill-, and CFT-style NEP instances under the same total number of
samples). During training, mini-batches are sampled from this uni ed mixed pool.

SFT serves as a simple but effective strategy for NEP trainingAs shown in Table 2, simple SFT
yields substantial gains on temporal benchmarks, demonstrating its ef cacy for NEP. While CFT and
Distill also contribute notable improvements, they rely on additional annotations or feedback from
auxiliary LLMs, making them less ef cient in comparison to SFT. Importantly, Mix strategy achieves
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Table 2:Performance comparison of different instruction tuning strategies G-Avg. and T-Avg.
represent the average performances of all general and temporal benchmarks, respectively. Instruct
represents the original performances without additional training.

Models General Benchmark Temporal Benchmark
VMME wiosuby MVB LVBva G-Avg. | TB TC SB-R1 FB T-Avg.

Qwen2.5-VL-3B-Instruct

Instruct 55.7 63.8 52.2 57.2] 30.8 69.3 332 499 458
SFT 55.8 62.8 50.4 56.3| 343 615 357 61.1 48.2
CFT 55.6 63.1 50.9 56.5| 326 685 346 501 465
Distill 56.2 645 535 58.1 | 339 69.1 336 572 484
Mix 56.6 646 524 579 | 348 665 357 569 485
Qwen2.5-VL-7B-Instruct

Instruct 59.8 65.3 55.9 60.3| 354 738 371 526 497
SFT 59.2 66.5 53.4 59.7] 39.9 699 391 61.3 52.6
CFT 58.9 65.3 54.2 505|352 741 398 558 512
Distill 60.6 66.7 56.3 612 359 751 37.0 59.5 51.9
Mix 59.6 66.4 53.7 509|382 729 385 634 533

Figure 5:Performance comparison of different data scales for SFT, CFT, Distill, and Mix tuning
on Qwen2.5-VL-7B-Instruct. The top showcases the curves for general benchmarks, and the bottom
showcases the curves for temporal benchmarks.

the highest average performance on temporal benchmarks, effectively combining the strengths of all
tuning methods. We hypothesize that this is due to the complementary nature of supervision signals:
SFT provides direct supervision via ground-truth next events, while CFT and Distill introduce richer
semantic feedback through model-generated guidance. This diversity likely enables the model to
better generalize in temporal prediction tasks.

Effect of training data scale. As illustrated in Figure 5,
increasing the NEP training data size beyond 5K samples
does not uniformly improve performance across tuning
strategies and, in some cases, even leads to slight degra-
dation on both general and temporal benchmarks. We
think this saturation is due to several factdegst, NEP

is speci cally designed to enhance temporal reasoning
rather than to inject additional general world knowledge.
Therefore, we do not expect NEP-only training to con-
sistently improve general-purpose benchmarks as the
data scale grows; in this regime, maintaining compara-
ble general performance (i.e., avoiding degradation) is . . .

alregdy a depsirable outcor(nSecondto ch]eanglgy isolate )r—l|gure 6. Data-scaling bghawor on the

the effect of the training task itself, we construct NE1F_’O'VIATO temporal reasoning benchmark.

data from the intersection of video corpora that have already been used for other training tasks,
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Table 3:Ablation on data construction strategies for NEP tuning G-Avg. and T-Avg. represent
the average performances of general and temporal benchmarks.

General Benchmark Temporal Benchmark
VMME wiosusy MVB LVByay G-Avg.| TB TC SB-R1 FB T-Avg.
Qwen2.5-VL-7B-Instruct 59.8 65.3 55.9 60.3 |35.4 738 37.1 526 497
SFT w/o Caption Analysis 60.9 65.6 52.9 50.837.1 69.4 37.6 595 50.9
SFT w. Caption Analysis 59.2 66.5 534 59.7 {399 69.9 39.1 613 526

Table 4: Comparison of different training tasks on TOMATO across reasoning types.

Model Count Direction Rotation Shape&Trend Velocity&Freq Visual Cues Overall
NEP-Distill 3253 28.54 24.48 33.63 26.67 34.29 298242
NEP-CFT 36.99 31.76 19.58 31.39 19.52 40.00 29415
NEP-MIX 3151 29.53 26.92 30.49 23.33 28.57 28.84.7H
NEP-SFT 37.50 30.52 20.80 27.58 21.42 36.43 2813768
OEQA 41.10 26.05 18.53 31.39 21.43 42.86 28+6D.6])
MCQA 39.73 27.30 19.93 26.46 21.90 31.43 27.86.79
Qwen2.5-VL-7B 34.93 28.29 21.68 23.32 18.10 44.29 26.89
Captioning 3459 26.80 22.73 25.56 17.14 44.29 26-8D7)

including captioning, open-ended QA (OEQA), and multiple-choice QA (MCQA). Using this core
set of videos allows a controlled, task-level comparison under a xed video corpus, but, in turn, it also
means that NEP is trained on a restricted set of video sources. This reduced diversity may limit the
room for scaling: when additional NEP samples come from essentially the same narrow distribution,
increasing the data size brings smaller gaifisird, our experimental protocol deliberately trains
NEP in isolation and compares it against models trained solely on MCQA or OEQA, so that we can
study “training task vs. training task” under a xed budget. Because most evaluation benchmarks
are formulated in QA format, this design places NEP at a slight disadvantage: NEP-only tuning
introduces a shift between the NEP objective and the downstream QA-style usage. For the second and
third points, in a practical recipe for pushing state-of-the-art performance, one would collect as much
diverse data as possible, combine NEP with QA and captioning data, and carefully schedule when to
use which supervision, rather than training with NEP aldrneally, existing temporal benchmarks

may under-represent the full bene ts of NEP. As discussed in the recent temporal reasoning multi-
modal evaluation benchmark TOMATO (Shangguan et al., 2024), “existing widely-used temporal
reasoning video benchmarks (Liu et al., 2024b; Chen et al., 20244a; Li et al., 2024¢) allow models to
exploit shortcuts, enabling them to answer correctly using a single, few, or out-of-order frames”. In
contrast, Figure 6 shows that, on TOMATO, NEP exhibits a more positive data-scaling trend: more
NEP training data generally yields better temporal performance, although with some non-monotonic
uctuations.

Effect of Caption Analysis. The caption analysis step is designed to improve both the quality and
the challenge level of constructed samples. Without this step, we fall back to selecting a sentence
boundary from the caption as the text split point. As shown in Table 3, applying SFT to data
constructed in a simple way without caption analysis already brings a modest improvement on
temporal benchmarks over the untuned baseline (T-Avg.: 4950.9), while largely preserving
performance on general benchmarks. Furthermore, applying caption analysis on top of the same
video corpus yields consistently larger gains in temporal reasoning, increasing T-Avg. from 50.9
to 52.6. These results demonstrate that caption analysis is an effective component of the NEP data
construction pipeline.

5.3 ASSESSINGFINE-GRAINED VISUAL TEMPORAL REASONING CAPABILITIES

Beyond the four temporal benchmarks (TempCompass, TemporalBench, SeedBench-R1, and our
FutureBench) in Section 5.1, we further ask whethext-event predictioNEP) improvegienuinely
temporal reasoning rather than exploiting static shortcuts. To this end, we evaluate our models on
TOMATO (Shangguan et al., 2024), a recent benchmark explicitly designed to test ne-grained visual
temporal reasoning in multimodal foundation models. The benchmark contains 1,484 human-curated
multiple-choice questions built on 1,417 videos, including 805 self-recorded or synthesized clips. It
covers six temporally focused taskotation(global rotation direction)Direction (motion direction),

Velocity & Frequencychanges in speed or repetition ratehape & Trendtrajectory shape or overall
trend),Visual Cuegsubtle signals for ordering or timing), aration Count(number of repetitions).
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Table 5:Performance comparison of inductive, Table 6: Performance comparison of SFT and
deductive, and abductive tasks on temporal GRPO with NEP. G-Avg.: average performance
benchmarks PEP: Previous Event Predictionof general benchmarks. Interp.: Interpolation task.

Temporal Benchmark General FutureBench
T8 TC SB-R1 FB G-Avg. | 1-Hop 2-Hog 3-Hop Interp.
Inductive (Video QA) 36.6 740 354 5gg nstruct 60.3 [ 561 57.5]| 498 505
Deductive (NEP) 38.6 747 395 61.3 NEPw. SFT 59.7 | 67.6 64.2| 57.7 59.3
Abductive (PEP) 38,0 66.2 31.2 551 NEPw. GRPO 58.2| 83.8 81.3| 62.7 65.2

We follow the of cial TOMATO evaluation pipeline. For each example, the script samples a xed
number of frames, constructs a multiple-choice prompt with the question and answer options, and
gueries the model once. We then use the of cial parser to extract the predicted option and compute
accuracy, and report scores aggregateddagoning typdthe six temporal tasks above). This
decomposition allows us to examine whether NEP preferentially improves particular kinds of motion
reasoning. For each task, we report tigstaccuracy achieved over training-set sizes from 5K to 25K
samples (same as in the previous experiments), as summarized in Table 4. Among all con gurations,
NEP with the Distill training strategy yields the largest improvement, suggesting it most effectively
strengthens temporal reasoning. Consistent with Table 1, training on the multiple-choice QA task
leads to lower absolute scores than open-ended video QA on the TOMATO benchmark.

5.4 REINFORCEMENTLEARNING WITH NEXT-EVENT PREDICTION

Reinforcement learning (RL) represents an alternative and essential learning paradigm for enhancing
reasoning capabilities. To systematically examine the impact of RL-based training of NEP on both
general and temporal video understanding, we construct a dedicated training set comprising 2,000
multi-choice QA pairs. This training set is generated using the same pipeline as FutureBench,
but is derived from the V1-33K video dataset and restricted to 1-hop and 2-hop extrapolation
tasks. Consequently, the 3-hop extrapolation task is treated as an out-of-distribution (OOD) setting,
designed to assess model generalization to longer, unseen causal chains. Similarly, the interpolation
task (Interp.) presents an additional OOD challenge, requiring the model to reason over fragmented
future context. In this experiment, we train the Qwen-2.5-VL-7B-Instruct using Group Relative Policy
Optimization (GRPO) (Shao et al., 2024) with the outcome supervision and evaluate its performance
across both general and temporally-focused video benchmarks.

RL generalizes well on FutureBench but degrades performance on general benchmarkas

shown in Table 6, the GRPO-trained model demonstrates strong performance improvement on in-
distribution tasks and generalizes well to OOD tasks, including 3-hop questions and interpolation tasks.
These results underscore the effectiveness of RL training in the future event prediction task. However,
it is also notable that the RL-trained model suffers from non-trivial performance degradation on
general video understanding benchmarks. This suggests that while RL training promotes a reasoning
style suited for future event prediction, it may pose inductive biases that hinder generalizability to
tasks not requiring future-oriented prediction. Furthermore, we observe instances of reward hacking,
wherein RL training with multi-choice QA and outcome supervision may encourage models to exploit
super cial patterns, such as lexical similarity between answer options and the question text, to arrive
at correct answers. Such behavior deviates from our initial motivation and this shortcut undermines
the intended objective of next-event prediction, which is to foster integrated visual perception and
causal reasoning. Given these limitatiows, highlight that SFT-style training remains a simple yet

ef cient approach for training on NEP

6 CONCLUSION

In this work, we propose next-event prediction, a self-supervised learning task designed speci cally
to improve temporal reasoning capabilities in MLLMs. By dividing videos into past and future
frames, NEP forces models to predict unseen future events, enabling models to implicitly build robust
internal representations of causal and narrative dynamics. To study NEP and facilitate research in this
area, we created V1-33K, a large dataset of approximately 33,000 video instances that cover a wide
range of real-world scenarios and temporal complexities. Furthermore, we proposed FutureBench, a
comprehensive benchmark that assesses models' ability to generate logically coherent and causally
consistent future event predictions. Experiments show that incorporating NEP signi cantly improves
MLLMs' temporal reasoning capabilities while maintaining their performance on traditional video
understanding tasks. We believe that NEP lays a foundation for advancing temporal understanding in
MLLMs, bridging the gap between static visual description and temporal event inference.
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A APPENDIX: RELATED WORK
A.1 VIDEO INSTRUCTION-TUNING OF MLLM s

The fusion of vision and language in large models has advanced rapidly from image-focused models
like CLIP (Radford et al., 2021) and LLaVA (Liu et al., 2023) to recent video-language models that
interpret dynamic visual content leveraging the advanced ability of LLMs (Liang et al., 2024; Tang
etal., 2023). Early approaches adapted image-based techniques by ne-tuning LLMs with an extended
visual encoder on video frames for observational tasks, such as captioning and question answering;
this process is also known as video instruction tuning. For instance, Video-ChatGPT (Maaz et al.,
2023) was trained on a large custom 100k video-instruction (Q&A) dataset derived from sources
like ActivityNet-200 to enable detailed video conversation and reasoning. Video-LLaVA (Lin et al.,
2023) used mixed image/video datasets focusing on uni ed visual QA across modalities. Video-
LLaMA (Zhang et al., 2023) utilized large-scale video/image caption datasets (e.g., Webvid-2.5M,
LLaVA-CC3M) for pre-training and various instruction datasets (MiniGPT-4, LLaVA, VideoChat)

for ne-tuning, targeting video-to-text generation and audio-visual instruction following. LLaVA-
OneVision (Li et al., 2024a) leveraged large-scale image instruction data (covering QA, OCR, Math,
etc.) aiming for cross-scenario transfer to video understanding tasks like referring analysis, and
LLaVA-NeXT-Interleave (Li et al., 2024c) compiled the diverse M4-Instruct dataset (1.18M samples
across 41 datasets) for interleaved multi-modal QA and captioning across images, video frames, and
3D views. Even models built by companies, like Qwen2.5-VL (Bai et al., 2025), Kimi-VL (Team

et al., 2025) and Aria (Li et al., 2024b) primarily build upon datasets focused on description, QA, or
dialogue generation based on observed content.

However, their training data and objectives are predominantly observational, describing or explaining
visible content, rather than predictive. Our work differs by introducing a predictive objective, next
event prediction, to explicitly train the model's temporal reasoning abilities. This aligns with the goal
of modeling world dynamics, extending beyond static understanding of frames to reasoning about
how scenes evolve over time. While prior instruction-tuned MLLMs were not primarily designed for
complex temporal reasoning, their advanced video perception abilities provide a strong foundation,
paving the way for our work to further explore and advance temporal reasoning mechanisms in
MLLMs.

A.2 FUTURE PREDICTION IN COMPUTERVISION

Anticipating the future has been studied in computer vision in various forms. A signi cant body of
work focuses on action prediction tasks, which frame future prediction as a classi cation problem.
The goal is to improve video encoder by predicting the next discrete action label, typically from a
prede ned set of (verb, noun) pairs, based on observed video frames (Miech et al., 2019). Within this
paradigm, various methodologies have been explored to improve predictive accuracy. For instance,
Liu et al. (2024a) de ne the task into action recognition and introduce a Next Action Prediction
(NAP) objective, analogous to next-token prediction in language models, to explicitly model the
statistical correlations between consecutive actions. Other approaches focus on incorporating richer
input modalities. Beedu et al. (2024) propose the M-CAT model, which demonstrates that using
text-based descriptions of objects and actions as an additional input modality can provide crucial
context, thereby enhancing the model's ability to classify the correct future action. Methodological
improvements have also been achieved through advanced training strategies. For example, Tran et al.
(2021) utilize a knowledge distillation framework where a student model, which only observes past
frames, is trained to predict the future-aware representations of a teacher model that has access to
both past and future frames.

Another major paradigm uses future prediction as a self-supervised objective for representation
learning. Here, the goal is not the prediction itself, but to pre-train a powerful, general-purpose video
encoder for various downstream applications. For example, Liu et al. (2025) propose a framework
that reconstructs masked patches of the current frame in a latent space. To guide this reconstruction,
it employs a “sandwich sampling” strategy that leverages temporal correspondence from both past
and future frames, explicitly avoiding the low-level detail required by pixel-space reconstruction (Liu

et al., 2025). Similarly, Assran et al. (2025) introduce V-JEPA 2, a joint-embedding predictive
architecture that learns a world model by predicting the representations of masked video segments in
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a learned feature space. While V-JEPA 2 achieves state-of-the-art results on the downstream task of
action anticipation, its primary contribution is the learned powerful video encoder.

Distinct from both classi cation and representation learning, Hosseinzadeh & Wang (2021) propose

a method for video captioning of future frames where the goal is to generate a sentence describing
a likely future event. They propose a disjoint approach: in rst stage, it rst predicts the video
representation of unobserved frames; and in the second stage, it feeds these predicted features into a
dedicated captioning translator to convert representation into the nal textual description.

These works typically de ne the “future” at short horizons, e.g., the next frame or next action, and
optimize low-level objectives, e.g., representation learning, which has proven effective for video
encoder pretraining. Our work is distinct in targeting high-level, semantic future-event prediction
expressed in natural language. This NEP task requires MLLMs to perceive temporally grounded
visual evidence from the vision module, integrate it with pretrained commonsense knowledge in
the LLM module, and generate open-ended outcomes in natural language. Because the goal differs,
so does the focus of optimization: prior methods mainly update the visual encoder, we freeze the
encoder and ne-tune the vision—language projector and the LLM, enhancing multimodal temporal
reasoning.

Figure 7: Data Construction Pipeline.

B DETAILED DATA CONSTRUCTIONPIPELINE

B.1 V1-33K CONSTRUCTION

Fact Translation. In this initial stage, visual content is translated into a textual format to serve as
the foundation for further processing. For every video, we use a Vision-Language Model (VLM) to
generate a detailed caption that comprehensively describes the visual facts. This conversion from
visual to textual data ensures that the strong text-based reasoning capabilities of open-source large
language models (LLMs) can be leveraged.

Analysis. Given the fact that current models exhibits stronger reasoning capabilities when working
with text, we feed the detailed captions into a LLM. The LLM performs two critical tasks:

» Scene Identi cationit dissects the caption to extract and delineate distinct scenes.

» Causal Analysisit evaluates the causal relationships between scenes and identi es an optimal
split point where the context from preceding events is strong enough to predict what comes next.

This step establishes a structured understanding of the video, which is crucial for effective segmenta-
tion. The prompt used in this step can be found in Appendix E.2.
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Segmentation. Using the optimal split point determined during the Analysis stage, we partition
both the original video and its caption into two parts. The rst part of the video, which contains the
initial events, serves as a clear input for the video reasoning model, ensuring that the video reasoning
is based on established facts. The second segment is reserved as the ground truth for evaluating the
model's predictions. The prompt used in this step can be found in Appendix E.3.

Reasoning & Critique. One promising approach to rapidly enhance video reasoning is through
Long CoT supervised ne-tuning. In our dataset, we leverage the output of a text reasoning model to
facilitate this process. Speci cally, the text reasoning model (DeepSeek-R1) processes the rst part of
the caption, recording its reasoning process and generating predictions for future events. Recognizing
that textual reasoning can sometimes introduce errors, we subsequently employ an additional LLM
to critically evaluate both the reasoning process and the resulting predictions. This approach draws
inspiration from recent advances in critique ne-tuning (CFT), where models learn to critique noisy
responses, peci cally the reasoning and predictions, rather than simply imitating them through SFT.
By doing so, we ensure that only robust reasoning informs the nal training of the MLLM, ultimately
boosting its overall performance. The prompts used in this step can be found in Appendix E.4 and
E.5.

The data processing pipeline is outlined below. We employ DeepSeek-R1 Guo et al. (2025) for
the Future Prediction step and Qwen2.5-VL-72B-Instruct for Video Splitting, while using the O3-
mini Achiam et al. (2023) for all other steps. The prompts used at each stage are critical for
high-quality data processing. We have made efforts in manually testing a wide range of hand-written
prompts and playing with the API.

Table 7: Statistics and distribution of data source for Extrapolation and Interpolation in FutureBench.
#Total indicates the total size of each subset.

Data Source Extrapolation Interpolation
1-Hop 2-Hop 3-Hop
#Total 173 193 201 \ 489
YouTube 48.0% 37.3% 45.3% 51.9%
ActivityNet 23.1% 31.6% 24.9% 23.5%
YouCook?2 11.6% 10.4% 10.0% 8.2%
NextQA 8.7% 10.4% 10.0% 8.2%
Charades 8.6% 10.3% 9.8% 8.2%

B.2 FUTUREBENCH DETAILS

We discuss the details of FutureBench construction in Section 4.2. Note that the videos used in
FutureBench have no overlap with V1-33K to ensure fair evaluation despite the same curation pipeline.
FutureBench also involves videos from diverse sources. The nal statistics of FutureBench and
distribution of the data source are shown in Table 7.

B.3 HUMAN-IN-THE-LOOP QUALITY REVIEW

Following automatic generation, all QA items undergo a veri cation and ltering process. Samples
deemed too trivial such as those with answers directly inferable from a single frame, or with
implausible distractors using simple commonsense are discarded. QA pairs requiring minor
corrections are edited to ensure semantic coherence and alignment with the underlying video narrative.
This human-in-the-loop review process allows us to maintain high annotation quality while leveraging
GPT-4 to scale data generation ef ciently Miao et al. (2024).

As a result, FutureBench comprises a total 1056 carefully curated QA pairs spanning both extrap-
olation and interpolation subtasks. To assess the benchmark's quality and highlight both visual
perception and temporal reasoning, we evaluate a strong reasoning model, 04-mini, on the text-only
version of questions, excluding any visual input. The model achieves an accuracy of 32.0%, sugges-
tion thateven advanced reasoning capabilities alone are insuf cient for consistently solving the
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tasks This nding reinforces the critical role of visual perception in solving future event prediction
in FutureBench

C QUALITATIVE EVALUATION OF DATA AND BENCHMARK

C.1 QUALITATIVE STUDY OF FUTUREBENCH

In here we provide the qualitative studies of the FutureBench.

For the sample shown in Figure 8,option A is correct because after the observed scenes (where the
digits and straight lines are drawn), the next logical step in the timeline is to modify the drawn "2's
by adding a "C' shape on top of each one. This action initiates the transformation of the numbers into
elements that will later become detailed bird-like gures, tting neatly between the earlier steps and
the nal completed image.

For the sample shown in Figure 9, option A correctly predicts the intermediate events: a chaotic
moment where the man tumbles on the countertop, followed by the woman's concerned reaction and
her cracking an egg into a bowl, which bridges logically between the observed scenes and the nal
scene of presenting the cake. Option B distracts by describing a calm, uneventful sequence that does
not match the dynamic and slightly chaotic tone of the video. Option C introduces con ict that is not
supported by the context of collaborative, playful baking, and Option D describes unrelated actions
(ignoring the kitchen and chopping vegetables) that do not bridge to the nal cake presentation.

For the sample shown in Figure 10, option D correctly bridges the gap by introducing the sauteing
of fresh ingredients, which establishes the cooking of the dish, followed by the careful plating that
logically leads into the nal garnished presentation. Option A incorrectly emphasizes rolling and
cutting dough again, repeating events already observed and omitting the important cooking phase.
Option B ignores the gradual progression of cooking and assembling the dish by suggesting an
immediate processing of the dough. Option C, although mentioning dough cutting and feeding, lacks
the essential steps of sauteing and nal plating that would lead to the garnished nal scene.
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Figure 8: The visualization of FutureBench IIB9vOXXFg6E .
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Figure 9: The visualization of FutureBench lD:HOTCR1ulaBM
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Figure 10: The visualization of FutureBench ND:3VzXH3088mw
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C.2 QUALITATIVE ANALYSIS OF FUTURE EVENT PREDICTION TRAINING DATA

We qualitatively examine Next-Event Prediction (NEP) training pairs to verify that the future-event
captions are (i) linguistically coherent and (ii) tightly grounded in the observed past video, rather
than merely re ecting generic language priors. As shown in Figure 11, the past video segment
shows people launching a canoe and paddling along a calm river surrounded by dense trees and cliffs.
The corresponding future-event text continues this storyline: the canoe keeps moving downstream
and the people begin shing on the river. Predicting such a future requires the model to track the
ongoing activity over multiple frames and infer a plausible next step in the same physical environment
(continuing to paddle, then shing), instead of describing the already-seen content or resorting to a
template such as “after boating, people usually ...".

Another example is shown in Figure 12. In video part, the child approaches an arcade bowling
machine, inspects the interface, and waits while the lane and pins are being prepared. In text part, the
future-event caption describes the child retrieving a red ball, rolling it down the lane, and watching
the pins being knocked over. Here, the future description is a concrete consequence of the earlier
interaction: the child's initial exploration of the machine, the resetting of pins, and their focused
posture collectively imply that the next stage is actively playing the game. This again re ects the
core NEP objective-bridging past and future segments via causal and temporal reasoning about how
human actions unfold over time.

Figure 11: The visualization of training data.
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