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A couple takes a
photo at a cliff edge

The photo flies
out of the camera

The woman reaches
out to catch it

Her hiking stick slips
off her backpack

The stick falls
off the cliff

The stick hits a
groundhog below

Start event (given) End event (given)Intermediate causal chain generated by the model

Causal-QA metric. Question: Why does the hiking stick fall from the cliff?
A. The woman drops it on purpose. B. It slips from her backpack as she reaches for the flying photo. ✓
C. A groundhog knocks it off the edge. D. It is blown off the cliff by the wind.
E. Cannot be determined from the chain.

Figure 1: Causal Chain Generation (CCG). Given a video together with a start and end event, the model must
generate the intermediate causal chain that bridges them (here: how a selfie leads to a groundhog being hit by
a hiking stick). We score the chain with Causal-QA, which asks a fixed reader LLM multiple-choice questions
answerable only from the intermediate events (and with SODA-Embedding, not shown).

Abstract
Video-Language Models (VLMs) excel at vi-
sual recognition but struggle with causal reason-
ing. Current evaluations are flawed: multiple-
choice QA allows shortcuts, and open-ended
QA lacks robust automatic evaluation. We
introduce Causal Chain Generation (CCG),
a novel task where models have to generate
the sequence of intermediate events connecting
a cause and an effect. This structured setup
demands genuine reasoning and enables reli-
able automatic scoring. We accompany this
task with two complementary metrics: SODA-
Embedding, which measures the semantic
matching of a generated chain against a ref-
erence, and Causal-QA, which probes the
chain’s causal coherence by asking whether it
contains the specific causal facts needed to re-
construct the narrative. We provide two test
sets: SF20K-CC, a manually annotated di-
agnostic on 20 short films, and CMD-CC, a
movie clip benchmark derived from audio de-
scriptions. Our analysis reveals that state-of-
the-art VLMs struggle with narrative causal-
ity understanding, frequently hallucinating or
omitting key events. To address this, we fine-
tune VLMs with GRPO using a composite re-
ward that combines a format reward, SODA-
Embedding, and Causal-QA accuracy, demon-
strating substantial improvements over strong
baselines.

1 Introduction

Understanding what happens in a video is only part
of the story. True video comprehension requires

reasoning about why events unfold the way they
do, tracing the causal mechanisms that connect
an inciting incident to its outcome. This form of
narrative causality is central to how humans un-
derstand stories, plan actions, and learn from ob-
servation. Yet, despite the remarkable progress of
recent Video-Language Models (VLMs) (Google
DeepMind, 2025; Team, 2025; Tang et al., 2025;
Zhang et al., 2025b) on tasks ranging from video
question answering (Fu et al., 2025; Nagrani et al.,
2025; Chandrasegaran et al., 2024; Wang et al.,
2025a; Mangalam et al., 2023; Liu et al., 2024b;
Li et al., 2024) to dense video captioning (Yang
et al., 2023; Krishna et al., 2017) and object track-
ing (Pătrăucean et al., 2023), their ability to reason
about causality remains largely untested, in part
because we lack the right tools to measure it.

The core difficulty lies in evaluation. The two
dominant paradigms each fall short for causal rea-
soning. Multiple-choice QA (MCQA) (Xiao et al.,
2021; Wu et al., 2021; Nagrani et al., 2025; Lu
et al., 2025; Luo et al., 2025; Chen et al., 2024b,
2025) is easy to score but easy to game: with only a
handful of options, models exploit superficial cues
rather than reason (Foss et al., 2025). Dense Video
Captioning (DVC) (Yang et al., 2023; Krishna et al.,
2017) requires open-ended generation, but its met-
rics fall short: temporal-localization metrics (tIoU,
F1) ignore semantic content, while n-gram metrics
(CIDEr, METEOR, SODA) capture surface word
overlap and miss whether the narrative is causally
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coherent. We thus lack a benchmark that is both
complex enough to require genuine causal reason-
ing and structured enough to score automatically.

To address this, we introduce a new task: Causal
Chain Generation (CCG). As illustrated in Fig-
ure 1, given a video, a start event, and an end event,
the model must generate the sequence of intermedi-
ate events that causally bridges the two. By requir-
ing open-ended generation of a structured sequence,
CCG avoids the shortcut problem of MCQA while
enabling automatic evaluation, something that free-
form open-ended QA cannot reliably achieve. We
accompany this task with two complementary eval-
uation metrics. SODA-Embedding extends the
SODA metric (Fujita et al., 2020) by replacing n-
gram matching with semantic embeddings, shifting
the focus from temporal localization to semantic
alignment. Causal-QA is a question-answering-
based metric: for each chain, we automatically gen-
erate a bank of multiple-choice questions whose an-
swers are determinable only from the intermediate
events, and at evaluation time we measure the accu-
racy of a fixed reader LLM that consumes only the
model’s generated chain. Together, these metrics
capture both local semantic matching and global
causal coherence. We provide two complementary
datasets: SF20K-CC, a manually annotated diag-
nostic benchmark on 20 amateur films from SF20K,
and CMD-CC, a larger-scale dataset of movie clips
from Condensed Movies with annotations derived
from audio description (AD), including train and
test splits.

Our analysis (Section 5.2) reveals that state-of-
the-art VLMs struggle with causal chain genera-
tion: common failure modes include missing crit-
ical events, hallucinating non-existent ones, and
producing causally incoherent sequences. To estab-
lish a strong baseline for future work, we bench-
mark a recipe combining supervised fine-tuning
and GRPO with a composite reward derived di-
rectly from our two metrics (Section 4), and ablate
each component.

This paper makes three contributions. We in-
troduce Causal Chain Generation (CCG), a new
task for evaluating narrative causality in videos,
and accompany it with two complementary met-
rics, SODA-Embedding and Causal-QA, and two
datasets, SF20K-CC (manually annotated full silent
films) and CMD-CC (a larger-scale, AD-derived
set of movie clips). We then provide a detailed
analysis of state-of-the-art VLMs on the task, high-
lighting systematic failure modes in causal reason-

Table 1: Dataset statistics. #Vid counts distinct source
videos (full short films for SF20K-CC, 2-minute movie
clips for CMD-CC), #Mov counts distinct movies, Mean
len. is the average number of events per chain, and chain
duration is in seconds.

Dataset Split #Vid #Mov #Chains Mean len. #MCQs Chain dur. (s)

SF20K-CC Test 20 20 205 7.67 537 96.9
CMD-CC Test 471 98 1,031 6.17 2,001 69.1
CMD-CC Train 6,497 1,320 14,175 6.12 26,726 68.6

ing. Finally, we establish a strong baseline recipe
that combines SFT and GRPO with a composite
verifiable reward, ablating the contribution of each
reward term to give a reference point for future
work on video-based causal reasoning.

2 Related Work

Video reasoning benchmarks. Video understand-
ing benchmarks have evolved from low-level per-
ception such as action recognition (Kay et al., 2017;
Fabian Caba Heilbron and Niebles, 2015) toward
high-level reasoning. Standard multiple-choice
benchmarks (Xiao et al., 2021; Wu et al., 2021;
Mangalam et al., 2023; Li et al., 2024; Liu et al.,
2024b) drove much of this progress but remain
prone to shortcut learning, where models exploit
answer-option biases rather than reason over the vi-
sual content (Foss et al., 2025). This has motivated
work that evaluates the reasoning process itself,
from synthetic counterfactual environments (Yi
et al., 2020; Chen et al., 2022) to rationale-based as-
sessments (Nagrani et al., 2025) and event-rich nar-
rative benchmarks (Parmar et al., 2024; Xie et al.,
2024). Some approaches structure causal reasoning
explicitly, such as VITED (Lu et al., 2025) with
evidence chains and MECD (Chen et al., 2024b,
2025) with video Granger causality, but they treat
reasoning as an intermediate step toward a multiple-
choice answer. Our task instead makes the causal
chain the primary output, which also lets us di-
agnose the “thinking drift” failure mode of (Luo
et al., 2025), where generated reasoning decouples
from the visual evidence.
Dense video captioning. Dense Video Captioning
(DVC) (Krishna et al., 2017; Yang et al., 2023) is
the closest task to ours, as both generate a sequence
of event descriptions over a video, but the two dif-
fer in fundamental ways. DVC aims for complete-
ness, describing all salient events, whereas CCG
requires selectivity, keeping only events causally
relevant to a narrative arc. DVC descriptions are
typically context-agnostic (“a man picks up an ob-
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ject”), whereas our events are context-dependent
(“the detective retrieves the evidence”). DVC is
also evaluated by temporal grounding (tIoU) and
surface text overlap (CIDEr, METEOR), whereas
SODA-Embedding rewards correct reasoning re-
gardless of phrasing and Causal-QA probes causal
coherence through a fixed-judge protocol. Audio
descriptions (Han et al., 2024) are a specialized
form of dense captioning for accessibility, captur-
ing narrative-relevant content and serving as a use-
ful training source (Section 4), though constrained
to dialogue gaps and focused on character identifi-
cation and atmosphere rather than causal reasoning.
VLM post-training. Post-training has become
central to eliciting reasoning in (vision-)language
models. Supervised fine-tuning on curated instruc-
tion data is a standard first stage (Liu et al., 2023;
Lin et al., 2023; Liu et al., 2024a), and reinforce-
ment learning, in particular Group Relative Pol-
icy Optimization (GRPO) (Shao et al., 2024; Guo
et al., 2025), has shown that reasoning can be am-
plified without large-scale supervision (Lambert,
2026). Such methods are only beginning to reach
video (Feng et al., 2025), where designing robust,
verifiable rewards remains open. We adopt GRPO
and contribute task-specific verifiable rewards, us-
ing SODA-Embedding as a dense semantic signal
and Causal-QA accuracy as a complementary, more
directly causal one.

3 Causal Chain Generation

We now formally introduce Causal Chain Genera-
tion (CCG). We first define the task (Section 3.1),
then present two complementary evaluation metrics
(Section 3.2), and finally describe the construction
of the two datasets we release with the task (Sec-
tion 3.3).

3.1 Task definition

Given a video V and a query Q specifying a start
event Estart and an end event Eend, the goal of the
task is to generate the sequence of intermediate
events C = (E1, . . . , En) that causally bridges the
two. Each event Ei is a natural language sentence
describing a specific, atomic action or state change.
We illustrate this formulation in Figure 1.

The task rests on three core design principles.
Minimality requires the smallest set of causally suf-
ficient events, granularity ensures that each event
represents a single action, and context-dependence
means descriptions reflect narrative roles rather

than generic actions. Sections 3.2.1 and 3.2.2 de-
scribe how each principle is reflected in the metrics.
Because multiple valid explanations may exist, our
evaluation metrics prioritize semantic similarity
and causal coherence over exact textual matches.

3.2 Evaluation metrics

We evaluate generated causal chains along two
complementary axes: semantic matching, captured
by SODA-Embedding (Section 3.2.1), and causal
coherence, captured by Causal-QA (Section 3.2.2).
The two metrics target different failure modes:
SODA-Embedding rewards correct phrasing and
ordering of individual events, while Causal-QA
asks whether the chain contains the specific causal
details needed to reconstruct the narrative.

3.2.1 SODA-Embedding
SODA-Embedding measures the semantic and se-
quential quality of a generated chain against a
ground-truth reference. It extends the SODA frame-
work (Fujita et al., 2020), originally designed for
dense video captioning, with two key modifica-
tions. We discard the temporal Intersection-over-
Union (tIoU) constraint, since our task prioritizes
the logical ordering of events over precise temporal
grounding, and align events purely by their seman-
tic and sequential correspondence. We also replace
the n-gram matching score (METEOR) with co-
sine similarity between text embeddings (Qwen3-
Embedding), which rewards semantically correct
reasoning even when phrased differently from the
reference.

Concretely, given a predicted chain P =
(p1, . . . , pm) and a ground-truth chain G =
(g1, . . . , gn), we compute a pairwise cosine sim-
ilarity matrix between all event embeddings. We
then find the optimal order-preserving alignment
through dynamic programming, similar to Dy-
namic Time Warping, yielding a soft true-positive
count. From this, we derive precision (normal-
ized by m), recall (normalized by n), and report
their harmonic mean as the final SODA-Embedding
score (full algorithm in the Appendix, with an ex-
ample in Figure 6). This makes the metric robust to
paraphrasing (via embeddings), strict on ordering
errors (via the sequential alignment), and length-
agnostic (via the F1 formulation).

3.2.2 Causal-QA
While SODA-Embedding captures local semantic
alignment, it does not directly test whether the
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A dog pushes a sheep
into the full house

A sheep is thrown
out of the window

The sheep rolls
down the hill

It ends up in
the brambles

Physical

A father gifts a
wooden toy to his son

The boy ig-
nores his father

The father puts the
toy on the boy’s cubes

The boy
screams in fear

Psychological

A man plays gui-
tar in the park

The chords spread
magic glitter

The glitter
reaches a woman

She runs to
reach the park

Motivational

The old hairdresser
puts his salon on sale

He points to the tip jar The young hairdresser
sees it full of money

He buys the hair salon

Enabling

Figure 2: Narrative causality types. One representative causal chain for each of the four types in our benchmark,
Physical, Psychological, Motivational, and Enabling, read left to right.
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Figure 3: Causal chain statistics. Left: Distribution of
chain durations (in seconds). Right: Frequency distribu-
tion of chain lengths (in number of events).

generated chain contains the specific causal facts
needed to explain the narrative. A chain can be lex-
ically and ordering-wise close to the reference yet
still miss or distort the critical causal link. To probe
this directly, we introduce Causal-QA, a question-
answering–based evaluation.
Definition. For each ground-truth chain, we as-
sociate a small bank of five-way multiple-choice
questions (MCQs) whose answers are determinable
only from the chain’s intermediate events. At evalu-
ation time, we provide the model’s generated chain
as the sole context to a fixed reader LLM and mea-
sure its accuracy on the bank. A chain that omits
or hallucinates the key causal events will leave the
reader unable to recover the answer, resulting in a
low score. We show example items in Figure 1 and
Appendix C (Figure 7).
Generation. For each ground-truth chain, a genera-
tor LLM (Qwen3.6-27B) proposes 6–10 candidate
five-option MCQs (A–E), where option E is always
“Cannot be determined from the chain” and the four
distractors are drawn from a fixed set of confu-
sion types (e.g., wrong agent, wrong instrument,
swapped order, inverted polarity).
Filtering. A fixed judge LLM (Qwen2.5-3B-
Instruct) then keeps only questions that pass three
sequential tests: answerable from the full chain (the
judge selects the gold answer given the full chain,
removing ill-posed questions), unanswerable with

no context (the judge does not select it given no
context, removing questions that can be guesses
from prior knowledge), and unanswerable from
anchors alone (the judge does not select it given
only Estart and Eend, so the question only probes
the intermediate chain). Surviving questions form
the Causal-QA bank. We perform majority voting
over multiple predictions to avoid dropping ques-
tions that are answered by chance. To verify that
the surviving questions are well-posed, two annota-
tors answered 150 sampled Causal-QA questions
given the full ground-truth chain, i.e. the setting
in which the metric operates. Human accuracy
reaches 94.2% on average (five-way MCQ, chance
20%) with strong inter-annotator agreement (Fleiss’
κ = 0.853), confirming that the questions are reli-
ably answerable from the chain alone .
Evaluation setup. At evaluation time, we score
a generated chain by passing it to the same fixed
judge LLM and reporting accuracy across the clip’s
Causal-QA MCQs. Crucially, both the judge and
the prompt are fixed and disclosed: this gives a
calibrated, deterministic reader. This is in contrast
to LLM-as-a-judge approaches that are sensitive
to model scale and prompt choice (Chen et al.,
2024a; Zheng et al., 2023; Panickssery et al., 2024).
We use Qwen2.5-3B-Instruct as the fixed judge,
decoded greedily, and perform robustness analy-
sis with different model types and sizes (see Sec-
tion 5.1).

3.3 Dataset construction

Data sources. We construct two complementary
datasets that trade scale against narrative complete-
ness. SF20K-CC is a manually annotated diag-
nostic set of 20 full silent animation films from
SF20K (Ghermi et al., 2025). Being amateur, com-
plete, and dialogue-free, these films limit data con-
tamination, expose long-range causal structure, and
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remove the dialogue shortcut, at the cost of ex-
pensive manual annotation. CMD-CC is a larger
dataset built on CMD-AD (Han et al., 2024), pro-
viding a sizable pool with reliable chains derived
from manual audio descriptions, at the cost of short
clips with truncated narrative arcs. CMD-CC is
split into a train set (used in Section 4) and a test
set drawn from disjoint movies, both produced by
the same automated pipeline (below), with the test
split additionally manually curated to improve an-
notation quality.

Annotation protocol. Both datasets are built with
the same three-step protocol. We first obtain dense
audio descriptions (ADs) for every video, writing
them manually for the SF20K-CC silent short films
and reusing the existing manual ADs of CMD-
AD (Han et al., 2024) for CMD-CC.

From these ADs, we prompt a large language
model (OpenAI, 2025) to build a full causal graph
over the video’s events; the exact prompt is given
in Figure 13. We then review this graph and ex-
tract causal chains as sub-parts of it, each taking
a start event Estart and an end event Eend together
with the intermediate events that causally connect
them. For each extracted chain we build the asso-
ciated Causal-QA bank with the filtering pipeline
of Section 3.2.2, and the CMD-CC test split is ad-
ditionally manually curated to improve annotation
quality.

Causality types. To ensure coverage of diverse rea-
soning patterns, we adopt the taxonomy proposed
by Hu et al. (Hu and Walker, 2017), which distin-
guishes four types of narrative causality: Physical
(Event A physically causes Event B), Motivational
(Event A provides the goal or reason for Event B),
Psychological (Event A triggers an emotional state
change leading to Event B), and Enabling (Event A
creates the necessary conditions for Event B to oc-
cur). We classify each chain accordingly. Figure 2
shows one example per type, and Appendix M re-
ports the distribution across types and a per-type
performance analysis.

Statistics. Table 1 summarizes the two datasets.
SF20K-CC-Test comprises 20 full silent short films
with 205 manually verified causal chains, and
CMD-CC-Test provides 1,031 chains with 2,001
Causal-QA MCQs, drawn from movies disjoint
from the 14,175-chain training set. Figure 3 shows
the distributions of chain durations and lengths on
SF20K-CC.

4 A training recipe for CCG

While current VLMs can identify isolated events,
they struggle to assemble them into coherent causal
chains. In this section, we describe a training recipe
for CCG that we benchmark in Section 5. The
recipe pairs two off-the-shelf ingredients, each tai-
lored to the task: supervised fine-tuning (SFT) on
the CMD-CC train split as a simple baseline, and
Group Relative Policy Optimization (GRPO) with
a composite verifiable reward whose terms corre-
spond directly to our two metrics. We addition-
ally explore test-time scaling in Appendix G. The
novelty of this section is not in the choice of al-
gorithms but in the design of the reward signal,
which we show is the key driver of performance in
Section 5.4.

4.1 Supervised fine-tuning

As a baseline training recipe, we fine-tune the
model to maximize the likelihood of the ground-
truth causal chain Cgt via standard cross-entropy
(full objective in Appendix D). SFT is simple and
stable, but it penalizes any deviation from the exact
phrasing of the reference, even when the generated
chain is semantically correct or conveys the same
causal coherence in different words. This rigidity
is suboptimal for an open-ended task like CCG,
motivating the RL-based recipe below.

4.2 GRPO with a composite verifiable reward

Objective. We employ Group Relative Policy Op-
timization (GRPO) (Shao et al., 2024), which op-
timizes the policy πθ to maximize a task-specific
composite reward. For each training query q =
(V, Estart, Eend), we sample a group of G candi-
date chains {o1, . . . , oG} from the old policy πθold

and update πθ with the standard clipped GRPO
objective using the group-relative advantage Ai =
(R(oi)−µR)/σR, where each chain’s reward R(oi)
is normalized within the group. The full objective
is given in Appendix D.
Composite reward. The core design choice of our
recipe is the structure of the reward. We use a sum
of three complementary, non-differentiable signals,
each targeting a distinct failure mode:

R(oi) = Rformat(oi) +RSODA-E(oi, Cgt)

+RCausal-QA(oi,Qgt) (1)

Rformat(oi) is a binary reward that requires the
output to be valid JSON containing a list of events.
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Video
+ (start, end)

Policy πθ

chains
{o1, . . . , oG}

Rformat

RSODA-E

RCausal-QA

Global
reward

GRPO update

Figure 4: Our composite GRPO reward. The policy
samples a group of candidate chains for each query;
every chain is scored by three complementary signals, a
JSON format reward, the SODA-Embedding alignment
to the ground-truth chain, and the Causal-QA accuracy
of a fixed reader LLM, which combine into a global
reward that drives the GRPO update (Section 4.2).

RSODA-E(oi, Cgt) ∈ [0, 1] is the SODA-Embedding
score (Section 3.2.1) between the generated chain
oi and the ground-truth chain Cgt, rescaled from
[0, 100], providing a dense signal that captures lo-
cal semantic matching and correct event ordering.
RCausal-QA(oi,Qgt) ∈ [0, 1] is the accuracy of the
fixed judge LLM on the MCQ bank Qgt when con-
ditioned only on oi (Section 3.2.2). This is a sparser
but more directly causal signal, since a chain that
omits or distorts a key intermediate event fails to
support the correct MCQ answer regardless of how
fluent it is.

5 Experiments

In this section, we first validate our SODA-
Embedding metric via synthetic perturbations and
human correlation (Section 5.1). We then bench-
mark state-of-the-art VLMs on our task (Sec-
tion 5.2), evaluate the training recipe of Section 4
(Section 5.3), and ablate the composition of the
composite reward (Section 5.4).

5.1 Metric validation

Perturbation analysis. A robust metric should
score a high-quality prediction p above a degraded
version p̃. We build (g, p, p̃) triplets from a ground-
truth g, where p̃ applies one of four operators to p:
Swapping (exchange two elements), Shuffling (re-
order the sequence), Intruder (replace one element
at random), and Random (replace p entirely). A
‘success’ is metric(g, p̃) < metric(g, p). As Fig-
ure 5 (top) shows, text embeddings significantly
outperform n-gram metrics, and robustness im-
proves with the scale of the base embedding LLM.
Agreement with human judgment. We run a
pairwise meta-evaluation: an annotator is shown a
ground-truth chain g and two predictions (p1, p2)
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Figure 5: SODA-Embedding validation. Top: robust-
ness to perturbation (mean success rate over the four op-
erators, where a success is metric(g, p̃) < metric(g, p)).
Bottom: pairwise agreement with human judgment.
Embedding-based metrics dominate ngram metrics on
both axes; in particular SODA-E beats its ngram abla-
tion SODA-C.

and picks the better one, and a metric agrees
if the prediction it scores higher is the one pre-
ferred. Over 256 stratified A/B pairs (128 CMD-
CC, 128 SF20K-CC) with three independent an-
notators in strong agreement (Fleiss κ = 0.881),
Figure 5 (bottom) reports each metric’s pairwise
agreement. Embedding-based metrics agree with
the annotator far more than ngram ones (SODA-E
at 79.2% versus 61.8–72.0% for METEOR, CIDEr,
and ROUGE-L). Crucially, SODA-E beats its own
ngram ablation SODA-C, which has the same align-
ment method but scores with METEOR (79.2%
versus 66.1%): the embedding scorer, not the align-
ment, is what makes the metric better aligned with
human judgment. Moreover, SODA-E improves
with the embedder quality and size, going from
76.2% (SODA-E with MiniLM) to 79.2% (SODA-
E with Qwen3-Embedding-4B).

Robustness to the underlying models. Each met-
ric relies on an auxiliary model (SODA-Embedding
on a text embedder, Causal-QA on a judge LLM),
so we verify that our system rankings are not
an artifact of those choices by re-scoring all sys-
tems while varying only that model. The rank-
ings are remarkably stable, not only across model
sizes but, more importantly, across model fami-
lies. Swapping the SODA-Embedding embedder
from Qwen3-Embedding-4B to its 0.6B/8B vari-
ants or to the cross-family all-MiniLM-L6-v2 pre-
serves the system ordering (≥ 91% rank agreement,
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Spearman ρ ≥ 0.91). Causal-QA is just as stable
when the judge is competent: a 7B Qwen judge
and the cross-family Gemma-3-12B and Llama-
3.1-8B judges all reproduce the ranking of our de-
fault Qwen2.5-3B judge (≥ 85% agreement). The
only exception is a 0.5B judge, too weak to sepa-
rate systems, which collapses to near-chance agree-
ment on the smaller SF20K set. We therefore fix
Qwen3-Embedding-4B and Qwen2.5-3B-Instruct
and conclude that our findings are robust to these
choices (see Table 11 and Appendix H).

5.2 Baselines
Setup. We benchmark a broad set of sys-
tems on SF20K-CC and CMD-CC: open-source
VLMs of varying scale, proprietary models, dedi-
cated causal-reasoning baselines, and caption-then-
reason pipelines, alongside trivial Random, Guess-
ing, and Blind references (full list, citations, and
inference details in Appendix I). Each model is run
on either the full video (1 FPS) or a truncated clip
centered on the chain (32 frames). These condi-
tions are comparable (Appendix K), so all rows
share one table. All models receive the subtitle
transcript, and metrics use the embedder and judge
of Section 3.2.
Scaling behavior. Sweeping the Qwen3.5 fam-
ily (Appendix J) shows performance rising steeply
with model size up to 4B and then saturating.
Even the strongest baseline (27B, 59.9 SODA-
Embedding on CMD-CC) leaves substantial head-
room, indicating that CCG is far from solved. Re-
turns in the number of input frames are roughly log-
arithmic, with Causal-QA the more frame-hungry
axis.
Trends. Model scale is the single largest factor,
with a broadly consistent ordering across the two
datasets. The chain-of-thought (“thinking”) variant
reaches the best Causal-QA among non-finetuned
open models (24.9 / 21.7) but at much lower SODA-
Embedding, as its verbose reasoning diverges from
the reference. The caption-then-reason pipelines
underperform the corresponding single-pass VLM
on CMD-CC, indicating that decomposing the task
loses causally relevant visual detail. GPT-5.4-mini
reaches the highest Causal-QA overall (29.5 / 23.4).
Since the full-video and truncated-clip conditions
are comparable (Appendix K) and all models re-
ceive the ground-truth number of events, this is
a genuine gap. Gemini-3.1-Flash-lite, run in the
same constrained regime, matches GPT-5.4-mini
on SF20K (56.0 SODA-Embedding, 22.6 Causal-

QA).
Where difficulty lives. Slicing CMD-CC Causal-
QA along causality type, chain length, and dia-
logue availability (Appendix L) shows that dia-
logue dominates: models score +11 to +20 Causal-
QA points higher on with-dialogue clips than on
silent ones, and on the former a text-only control
rivals the video model. Stripping the subtitle track
from Qwen3.5-9B erases this advantage (−4.2 on
CMD-CC), confirming it comes from the transcript.
The silent subset, where the text-only baseline col-
lapses, is therefore the more challenging evaluation
of visual causal reasoning. Chain length, by con-
trast, is not a primary difficulty axis.

5.3 Method performance
Setup. We fine-tune the Qwen3.5-9B backbone
on our synthetic CMD-AD training chains (Sec-
tion 3.3) in two stages, both LoRA (r = 16,
α = 32, on the q/k/v/o projections) for one epoch
each. We first run supervised fine-tuning (SFT)
on the reference chains, then apply GRPO with
the composite reward of Equation 1: Rformat +
RSODA-E + RCausal-QA. Videos are decoded at 1
FPS, matching the baseline setup. All metric values
use the same judge and embedder as the baselines.
Training algorithm. Every fine-tuning improves
the base model (Table 3). SFT gives the largest
chain-quality gain (+7.6 SODA-Embedding on
CMD-CC, to 62.3) but barely moves Causal-QA.
GRPO from the base model instead pushes Causal-
QA highest (32.2 on CMD-CC, 24.9 on SF20K-
CC) at slightly lower SODA-Embedding, since
it chases the judge without SFT’s fluency prior.
Stacking the two (SFT + GRPO) is best balanced,
reaching the top chain quality (63.3 / 57.9 SODA-
Embedding) while recovering much of the Causal-
QA gain (29.4 on CMD-CC). The two routes thus
trade chain quality against causal accuracy, a ten-
sion we dissect in the reward ablation below. Be-
cause both evaluation metrics are used as rewards
during GRPO fine-tuning, we verify these per-
formance gains against a held-out judge: it rises
monotonically from the base model through SFT
to SFT + GRPO on both test sets (see Table 6 in
Appendix E).

5.4 Reward ablation
To disentangle the contribution of the two semantic
terms in our composite reward (Equation 1), we
train Qwen3.5-9B with GRPO directly from the
base model (no SFT initialization) under each com-
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Table 2: Baseline performance. Zero-shot performance on CMD-CC and SF20K-CC, grouped by baseline family.
The reference conditions isolate each input modality: Random shuffles reference chains across test instances,
Guessing sees the query alone, Blind adds subtitles but no frames. Video: full video at 1 FPS, or a truncated segment
centered on the causal chain (32 frames); the two give comparable scores for the same model (Appendix K). Subs.:
subtitle transcript provided. All models receive the ground-truth number of events. Best per column in bold.

CMD-CC SF20K-CC

Model Size Video Frames Subs. SODA-E CQA SODA-E CQA

Reference conditions
Random – – – – 35.6 13.0 36.5 2.4
Guessing (query-only) – – – × 45.6 7.5 45.8 11.6
Blind (query + subtitles) – – – ✓ 52.9 20.8 45.0 11.6

Open-source VLMs
VideoLLaMA3-7B (Zhang et al., 2025a) 7B full 1 FPS ✓ 34.4 9.8 36.4 8.5
InternVL-3.5-8B (Wang et al., 2025b) 8B full 1 FPS ✓ 53.3 18.7 53.1 13.2
GLM-4.6V-Flash (GLM-V Team, 2025) 9B full 1 FPS ✓ 47.2 19.1 44.6 16.7
Qwen3.5-9B (Team, 2025) 9B full 1 FPS ✓ 54.6 21.5 52.7 16.5

Causal-specialized baselines
Qwen3.5-9B-Thinking (Team, 2025) 9B full 1 FPS ✓ 40.3 24.9 40.0 21.7
MECD (Chen et al., 2024b) 9B full 1 FPS ✓ 44.2 10.1 48.2 12.4
TEMPURA-3B (Cheng et al., 2025) 3B full 1 FPS ✓ 30.5 12.0 29.6 11.3

Two-stage pipelines
Two-stage (caption → chain) 9B full 1 FPS ✓ 45.9 8.5 50.2 13.3
Two-stage (graph → chain) 9B full 1 FPS ✓ 47.4 11.2 50.1 14.3

Proprietary VLMs
GPT-5.4-nano (OpenAI, 2026) – trunc. 32 ✓ 52.5 22.2 52.5 15.5
GPT-5.4-mini (OpenAI, 2026) – trunc. 32 ✓ 47.9 29.5 52.7 23.4
Gemini-3.1-Flash-lite (Google DeepMind, 2026) – trunc. 32 ✓ 61.6 26.4 56.0 22.6

Table 3: Training-algorithm ablation of Qwen3.5-9B:
no fine-tuning (Base), SFT, GRPO from the base model,
and SFT followed by GRPO. All GRPO runs use the full
composite reward. Best per column in bold, second-best
underlined.

CMD-CC SF20K-CC

Method SODA-E CQA SODA-E CQA

Base 54.6 21.5 52.7 16.5
SFT 62.3 24.6 56.6 19.3
GRPO 58.9 32.2 57.2 24.9
SFT + GRPO 63.3 29.4 57.9 22.1

bination of RSODA-E and RCausal-QA, with Rformat
always on. Arms that include RCausal-QA are trained
on the subset of clips with a Causal-QA bank
(DQA-only

train ), while the remaining arms use the full
chain set, and evaluation is identical across all arms.
Results are reported in Table 4, with the non-fine-
tuned base model as a reference point.
Interpretation. The reward you optimize is the
metric you win. Format-only (✓F) regresses be-
low the base model on every metric, since it en-
forces valid JSON but supplies no content signal.
Adding RSODA-E (✓F✓S) yields the largest SODA-
Embedding gain (the highest in the table on both
datasets: 60.1 on CMD-CC and 58.8 on SF20K-
CC), as expected since it is essentially its own

Table 4: Reward ablation. Performance of GRPO-
fine-tuned Qwen3.5-9B (from the base model, no SFT
initialization) as we vary the composition of the com-
posite reward (Equation 1). We report the base (non-
fine-tuned) Qwen3.5-9B row for reference.

Reward CMD-CC SF20K-CC

F S C SODA-E CQA SODA-E CQA

Base (no fine-tuning)
– – – 54.6 21.5 52.7 16.5

GRPO fine-tuning
✓ × × 55.4 17.7 53.9 12.9
✓ ✓ × 60.1 26.8 58.8 17.7
✓ × ✓ 57.0 37.8 54.9 26.0
✓ ✓ ✓ 58.9 32.2 57.2 24.9

loss. Adding RCausal-QA (✓F✓C) instead maxi-
mizes Causal-QA, reaching 37.8 on CMD-CC (the
highest Causal-QA of any open-weights configura-
tion we trained), but at lower SODA-Embedding.
The full reward (✓F✓S✓C) is the best-balanced
arm, recovering most of the SODA-Embedding of
the SODA-only run while retaining most of the
Causal-QA of the QA-only run. The two semantic
terms are thus complementary rather than redun-
dant, each binding the metric it targets.
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6 Discussion

We introduced Causal Chain Generation, a new
task targeting narrative causality in videos, to-
gether with two complementary metrics (SODA-
Embedding, an embedding-based extension of the
SODA framework capturing semantic matching,
and Causal-QA, a question-answering probe of
causal coherence) and two datasets: SF20K-CC,
a small but contamination-controlled diagnostic
over full silent films, and CMD-CC, a larger-scale
AD-derived dataset with train and test splits. Our
analysis reveals that state-of-the-art VLMs struggle
with causal coherence, especially over long event
sequences. We also established a strong baseline
recipe, combining SFT and GRPO with a compos-
ite verifiable reward derived from our metrics, as a
reference point for future work on this open chal-
lenge.

More broadly, the persistent gap between chain
quality and causal accuracy suggests that dense cap-
tioning and causal understanding remain distinct
capabilities, a distinction our task and metrics are
explicitly designed to measure and that we hope
will guide future work.

Limitations

Benchmark scale and domain. SF20K-CC is
relatively small (20 silent animated short films, 205
chains), so per-split and per-type estimates have
limited statistical power. CMD-CC is larger but
consists of short clips with truncated narrative arcs.
Metrics depend on auxiliary models. SODA-
Embedding relies on a frozen text embedder and
Causal-QA on a frozen judge LLM. We show that
rankings are stable across embedders and across
judges of 3B–8B parameters (including cross-
family), but absolute scores are model-dependent,
and a weak judge (≤0.5B) fails to discriminate.
Results should therefore be read as relative com-
parisons under the disclosed, fixed embedder and
judge, not as absolute capabilities.
Partial human validation. We validate two com-
ponents with human annotators: the metric–human
agreement study, and the answerability of Causal-
QA questions given the full chain . However, we
do not report human performance on the CCG task
itself.
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A Source material

Our benchmark consists of 20 high-quality movies
curated from the SF20K dataset. These films are
selected based on their rich visual narratives and
lack of dialog, ensuring that causal reasoning must
be derived only from visual cues. Table 5 lists the
metadata for the included films.

B Metric implementation details

In this section, we provide the detailed pseudo-code
for our proposed SODA-Embedding metric. This
metric evaluates the semantic and structural quality
of generated causal chains by finding an optimal,
order-preserving alignment between the predicted
sequence and the ground truth in a semantic em-
bedding space. Figure 6 illustrates the computation
on a small example.

C Causal-QA examples

Figure 7 shows two Causal-QA items spanning dif-
ferent causality types. Each MCQ is answerable
only from the intermediate events of the ground-
truth chain, so a generated chain that omits or dis-
torts the key causal link leaves the fixed reader
LLM unable to recover the correct option.

D Training objectives

In this section, we detail the two training objectives
explored in our work: Supervised Fine-Tuning
(SFT) and Group Relative Policy Optimization
(GRPO). We provide the mathematical formula-
tions to highlight the fundamental difference in
how they optimize the model’s reasoning capabili-
ties.
Supervised Fine-Tuning (SFT). The SFT base-
line optimizes the model to maximize the likeli-
hood of the exact ground-truth token sequence.
Given a video V and a target causal chain Cgt =
(y1, y2, . . . , yT ), the loss function is the standard
cross-entropy loss:

JSFT (θ) = −
1

T

T∑

t=1

log πθ(yt | y<t, V ) (2)

SFT penalizes any deviation from the exact phras-
ing of the ground truth, even if the generated rea-
soning is semantically correct. This rigidity is sub-
optimal for open-ended causal reasoning tasks.
Group Relative Policy Optimization (GRPO). To
address the limitations of SFT, we employ GRPO,

which treats the generation as a Reinforcement
Learning problem. Instead of a single ground
truth, GRPO optimizes the policy πθ relative to
a group of sampled outputs, using a composite re-
ward signal derived from our two metrics (SODA-
Embedding and Causal-QA) plus a format reward.
For each query q, we sample a group of G outputs
{o1, o2, . . . , oG} from the old policy πθold . The
objective function is defined as:

JGRPO(θ) = Eq∼D,{oi}∼πθold

[ 1
G

G∑

i=1

min
(
ri(θ)Ai,

clip(ri(θ), 1− ϵ, 1 + ϵ)Ai

)]

−βDKL(πθ∥πref )

(3)

where ri(θ) =
πθ(oi|q)

πθold
(oi|q) is the probability ratio, ϵ

is the clipping parameter that prevents large policy
updates, and β controls the strength of the KL-
divergence penalty that keeps the model close to
the reference model πref .
Reward formulation. The advantage Ai

is computed by normalizing the total reward
R(oi, Cgt,Qgt) within the group. To ensure struc-
tural validity, semantic matching, and causal coher-
ence, our total reward is composed of three distinct
terms:

R(oi) = Rformat(oi)+Rsoda(oi, Cgt)+Rqa(oi,Qgt)
(4)

(i) Format reward (Rformat): Since causal rea-
soning requires structured output to be machine-
readable, we impose a strict binary reward for ad-
herence to the JSON schema, defined in Figure 8.

The function verifies that the output oi is valid
JSON and contains a chain with at least 3 events
(start, end, and at least one intermediate step).

Rformat(oi) =

{
1.0 if valid JSON ∧ len(oi) ≥ 3

0.0 otherwise
(5)

(ii) Semantic reward (Rsoda): If the format is
valid, we evaluate the reasoning quality using the
SODA-Embedding metric defined in Section 3.2.1.
We scale the metric (originally [0, 100]) to the [0, 1]
range.

Rsoda(oi, Cgt) =

{
1

100SODAE(oi, Cgt) if valid
0.0 otherwise

(6)
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Table 5: SF20K-CC Benchmark metadata. Detailed list of the 20 movies curated from the SF20K dataset,
including YouTube IDs, movie title, and synopsis.

YouTube ID Movie Title Synopsis

qEaoaRpRRzo After The Rain A dog turn sheep’s wool into clouds.
nfK79Xblpus Nullarbor A man with road rage confronts an elderly driver.
2p1YK2w8j38 Boy In The Woods A young boy is lost in the forest.
tzJl6XdByZo Wild Love The heart has its reasons of which nature knows nothing.
koRvRsflL4Y The Sea Is Blue The ocean gets its color.
nfK79Xblpus Nate And John A barber and his client form an unlikely bond that develops over their lifetimes.
eTAqEVMbdRg Time Chicken The chicken or the egg came first.
aU3YHs30gDo The Cocoon A man cleans a dirty room.
rU8H5T8zZZM Follow Your Heart A young woman loses her ‘heart’.
8SPu5uydAts Kayak On a peaceful summer day, a dad takes his baby son on a kayak day trip.
CIKEdG4mZxI Hors Piste A man with road rage confronts an elderly driver.
zVW5Do-WZh8 Taking Flight A young boy spends a day with grandpa.
CmQneYZvTlM Tales From The Multiverse God tries to create Earth.
_kYUf-Qncss Corporate Monster A man sees monsters.
fSW3a0zb0rQ Lily Meets Charlie An escort meets a client.
VXI0Gn0Pwck Swim A swimmer tries out.
j01Hg4QJ6NE Best Friend In a near future, a lonely man is addicted to a product called “Best Friend”

which offers him perfect virtual friends.
XGI-Vac5kQY Hot Dog LOVE is a four legged word.
CyGGpsbN55A Memo Louis, a retired man, resists the overprotection of his daughter Nina to keep

his independence.
XrqSF2OOz_M Paperman Paper airplanes reunite two strangers.
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Figure 6: Illustration of the SODA-Embedding metric. (a) A semantic similarity matrix is computed (predicted
M = 3, ground-truth N = 4). (b) An optimal, order-preserving alignment path is found via dynamic programming,
yielding a “soft” True Positive (TP ) sum of 2.65. (c) The final F1-Score is calculated from this TP sum, robustly
handling different chain lengths.

(iii) Causal-QA reward (Rqa): We pass the gen-
erated chain oi as sole context to the fixed judge
LLM (Qwen2.5-3B-Instruct) and measure its ac-
curacy acc(oi,Q) on the MCQ bank Q associated
with the clip (Section 3.2.2). This reward applies
to clips that have a Causal-QA bank; for all others
it is set to 0.

Rqa(oi,Q) =
{

acc(oi,Q) if valid ∧ |Q| > 0

0 otherwise
(7)

E Evaluation with a held-out judge

A natural concern with GRPO fine-tuning is that
improvements on SODA-Embedding and Causal-
QA could partly reflect optimization against the
reward signal itself, rather than a genuine improve-

ment in causal-chain reasoning. To assess this, we
evaluate all models with a held-out LLM judge
(GPT-5.6-Luna) that scores each response on a 0–5
scale and is never used as a reward signal during
training.

As shown in Table 6, the held-out judge score
improves monotonically from the pretrained base
through SFT to SFT + GRPO on both benchmarks,
tracking the trend observed in the reward-coupled
metrics. On CMD-CC, the score rises from 2.59
(base) to 2.83 (SFT) to 2.92 (GRPO); on SF20K-
CC, it rises from 2.41 to 2.55 to 2.58.

F Reward ablation across initializations

Table 4 in the main paper reports the reward abla-
tion for GRPO trained directly from the base model.
For completeness, Table 7 reports the full abla-
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(a) type: Consequence

The marmot leader
appears on a rock

The marmot leader
shows a picture
of the couple

The marmot crowd re-
sponds with a scream ground-truth chain

Q: What is the direct result of the marmot leader showing a picture of the couple?
A. The marmot leader disappears. B. The marmot crowd screams in response. ✓
C. The marmot crowd becomes silent. D. The marmot crowd starts digging holes.
E. This information is not specified.

(b) type: Cause

The baby floats
on the water

The father tries
to grab the baby
with his paddle

The father accidentally
turns the baby over

The baby floats
upside down

Q: Why did the baby float upside down?
A. The baby was initially floating on its back. B. The father intentionally flipped the baby.
C. The baby turned over due to the father’s accidental
movement. ✓

D. The baby rolled over on its own.

E. This information is not specified.

Figure 7: Causal-QA examples. Two items spanning different causality types. For each, the source frames are
shown above the ground-truth chain (event boxes read left to right), and the Causal-QA question is answerable only
from the intermediate events. The correct option is highlighted.

Table 6: Held-out evaluation. Our two metrics and
a held-out judge (GPT-5.6-Luna, 0–5 scale) across the
training pipeline. The held-out judge appears in no
reward term.

CMD-CC SF20K-CC

Method SODA-E CQA Judge SODA-E CQA Judge

Base 54.6 21.5 2.59 52.7 16.5 2.41
SFT 62.3 24.6 2.83 56.6 19.3 2.55
SFT + GRPO 63.3 29.4 2.92 57.9 22.1 2.58

tion for both initializations, GRPO from scratch
(no SFT) and GRPO on top of the SFT-merged
model, under all four reward compositions, using
a converged 8,192-example training budget. The
two initializations specialize in opposite directions.
From scratch, the Causal-QA reward drives the
highest causal accuracy anywhere (37.8 Causal-
QA on CMD-CC, with the SODA-E reward added
back recovering chain quality at a small accuracy
cost), since the policy chases the judge without a
fluency prior. The SFT initialization instead yields
the best chain quality (up to 63.3 SODA-E) but
caps the Causal-QA gains, as the penalty toward
the fluent SFT policy keeps chains well-formed yet
prevents aggressive judge-chasing. Across both,

format-only GRPO regresses below its initializa-
tion on both metrics, confirming that the semantic
reward terms, not the format constraint, are what
drive the gains.

G Test-time scaling

At inference time we can trade compute for qual-
ity by sampling several candidate chains from
the GRPO-fine-tuned policy and selecting one
with a reference-free selector. We use judge self-
consistency: each candidate is scored by the agree-
ment of the fixed judge LLM’s answers on the
candidate’s own auto-generated MCQ bank, and
the highest-scoring candidate is returned. Table 8
sweeps the number of samples k: both metrics im-
prove monotonically with k and saturate around
k=16, lifting CMD-CC SODA-Embedding from
54.9 (k=1) to 60.0 and Causal-QA from 27.5 to
29.9. These runs use the 150-clip CMD-CC subset
supported by the selection pipeline, so they are not
directly comparable to the main results.

H Metric validation analysis

Table 9 reports the per-operator success rates sum-
marized in Figure 5 (top): for every perturbation
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1 %\ begin{lstlisting }[ language=json ,
basicstyle =\ ttfamily\small]

2 {
3 "causal_chain": [
4 {
5 "timestamp": "mm:ss-mm:ss",
6 "event": "Event 1 (Start event)

"
7 },
8 {
9 "timestamp": "mm:ss-mm:ss",

10 "event": "Event 2 (Intermediate
)"

11 },
12 ...
13 {
14 "timestamp": "mm:ss-mm:ss",
15 "event": "Event {num_events} (

End event)"
16 }
17 ]
18 }

Figure 8: JSON output schema. The strict JSON for-
matting template enforced during generation to ensure
valid causal chain structure.

operator, text-embedding metrics dominate n-gram
metrics, and robustness improves with the scale of
the base embedding model.

Table 10 reports the full pairwise meta-
evaluation summarized in Figure 5 (bottom). Over
256 stratified A/B pairs (128 CMD-CC, 128
SF20K), we report each metric’s agreement with
the majority human preference, a 95% bootstrap
confidence interval, and Kendall’s τ = 2 acc − 1
on decided pairs. All embedding-based metrics
(76–79%) outrank all lexical metrics. The decisive
comparison is SODA-E against its exact lexical
ablation SODA-C, which retains the SODA align-
ment but substitutes METEOR for the embedding
scorer: 79.2% versus 66.1% (p < 0.001, paired
McNemar), indicating that the embedding scorer
accounts for the gain. Across SODA-E variants,
agreement increases with the capacity of the under-
lying encoder: 76.2% with MiniLM-L6-v2, 78.5%
with Qwen3-Embedding-0.6B, and 79.2% with
Qwen3-Embedding-4B, which we adopt. Each pair
was judged independently by three human annota-
tors, with strong inter-annotator agreement (Fleiss’
κ = 0.881).
Robustness to the underlying models. Table 11
details the rank-stability experiment summarized
in Section 5.1. We score a fixed panel of nine
systems on both test sets, then vary only the
metric’s auxiliary model: the SODA-Embedding
text embedder (Qwen3-Embedding-0.6B/4B/8B

Table 7: Reward ablation across initializations.
GRPO-fine-tuned Qwen3.5-9B under all four reward
compositions (Rformat always on; S = RSODA-E, C =
RCausal-QA), trained from the base model (scratch) or
on top of the SFT-merged model (SFT), at a converged
8,192-example budget. The scratch block is the from-
scratch ablation condensed in Table 4. Best per column
in bold; the from-scratch F+C SF20K cell has no trained
eval.

CMD-CC SF20K-CC

Init Reward SODA-E CQA SODA-E CQA

Scratch

F 55.4 17.7 53.9 12.9
F+S 60.1 26.8 58.8 17.7
F+C 57.0 37.8 54.9 26.0
F+S+C 58.9 32.2 57.2 24.9

SFT

F 57.8 18.3 53.9 14.1
F+S 63.3 25.5 59.3 18.1
F+C 62.9 27.8 56.2 24.1
F+S+C 63.3 29.4 57.9 22.1

Table 8: Test-time scaling of GRPO-fine-tuned
Qwen3.5-VL-9B: sampling k candidate chains and se-
lecting one by judge self-consistency. Evaluated on the
150-clip CMD-CC subset and the SF20K-CC clips sup-
ported by the selection pipeline; not directly comparable
to the main tables. Best per column in bold.

CMD-CC SF20K-CC

k SODA-E CQA SODA-E CQA

1 54.9 27.5 53.4 18.1
2 56.9 27.6 53.4 18.5
4 58.4 28.9 54.3 20.1
8 59.4 29.3 53.9 18.9

16 60.0 29.9 54.7 18.5
32 59.8 29.9 54.7 20.9

and the cross-family all-MiniLM-L6-v2) or the
Causal-QA judge (Qwen2.5-Instruct-0.5B/3B/7B,
the cross-family Llama-3.1-8B-Instruct, and the re-
cent cross-family Gemma-3-12B-it). For each vari-
ant we report how closely the system ranking it in-
duces matches the ranking from our default model
(Qwen3-Embedding-4B for SODA-E, Qwen2.5-
3B-Instruct for Causal-QA), as the percentage of
system pairs ordered identically, the Spearman ρ,
and the Kendall τ . Rather than collapsing these
into a mean, which would hide the single weak
model, we list every variant separately.

The rankings are preserved across both model
size and model family. SODA-Embedding agrees
with its 4B reference at ≥ 91% (Spearman ρ ≥
0.91) for every embedder, including the cross-
family all-MiniLM-L6-v2, even though the latter
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Table 9: Perturbation analysis of the SODA-
Embedding metric.

Metric Sim LLM Swapping Shuffling Intruder Random
Sentence Sequence

Random - - 50.00 50.00 50.00 50.00

CIDEr N - 45.6 56.1 67.7 75.8
BLEU-1 N - 40.3 40.3 67.7 87.0
ROUGE-L N - 35.0 49.1 70.9 90.3
METEOR N - 61.4 70.1 77.4 91.9
Sentence-BERT T BERT 61.4 61.4 83.8 96.7
Qwen3-Embedding-0.6B T Qwen3 71.9 71.9 85.4 100.0
Qwen3-Embedding-4B T Qwen3 71.9 77.1 87.0 100.0

Oracle - - 100.0 100.0 100.0 100.0

Table 10: Agreement with human judgment. Pairwise
meta-evaluation over 256 A/B pairs: a metric agrees
when the prediction it scores higher is the one anno-
tators prefer. We report agreement, a 95% bootstrap
confidence interval, and Kendall τ = 2 acc − 1 on de-
cided pairs. SODA-C is the lexical ablation of SODA-
Embedding (same alignment, METEOR scorer). Em-
bedding metrics are in bold.

Metric Family Agree. τ

SODA-E (Qwen-4B) embed 79.2 .584
SODA-E (Qwen-0.6B) embed 78.5 .570
BERTScore embed 77.3 .547
SODA-E (MiniLM) embed 76.2 .523

ROUGE-L lexical 72.0 .441
SODA-C lexical 66.1 .323
CIDEr lexical 63.9 .278
METEOR lexical 61.8 .236

shifts absolute scores down by roughly 13 points.
Causal-QA is equally stable whenever the judge
is competent: the 7B Qwen judge and the two
cross-family judges (Llama-3.1-8B and the 2025
Gemma-3-12B) reproduce the 3B reference rank-
ing at ≥ 85% agreement. The lone exception is the
0.5B judge, whose accuracy is nearly flat across
systems (close to the one-in-five chance band), so it
cannot discriminate and falls to near-chance agree-
ment (ρ ≈ 0) on the smaller SF20K set. We there-
fore adopt Qwen3-Embedding-4B and Qwen2.5-
3B-Instruct.

I Baseline setup

We evaluate four families of systems with
SODA-Embedding and Causal-QA: (i) end-to-end
VLMs of varying scale (the Qwen3.5-VL family,
0.8B–27B (Team, 2025), GLM-4.6V-flash (GLM-
V Team, 2025), and InternVL-3.5-8B (Wang
et al., 2025b)); (ii) proprietary models (GPT-5.4-
nano/mini (OpenAI, 2025)); (iii) causal-reasoning
baselines (a chain-of-thought “thinking” variant,
MECD (Chen et al., 2024b), and TEMPURA-
3B (Cheng et al., 2025)); and (iv) two-stage
caption-then-reason pipelines. Each model is run

Table 11: Metric robustness. Per-model stability of sys-
tem rankings when only the metric’s underlying model
is varied. For each variant we report agreement with the
default-model ranking (% of system pairs ordered identi-
cally), Spearman ρ, and Kendall τ , on both test sets. Ref-
erences: Qwen3-Embedding-4B (SODA-E), Qwen2.5-
3B-Instruct (Causal-QA). †: cross-family model.

CMD-CC SF20K

Metric Model Agr. ρ τ Agr. ρ τ

SODA-E
0.6B 97 .97 .94 97 .98 .94
8B 100 .99 1.00 100 1.00 1.00
MiniLM† 94 .95 .89 91 .91 .83

Causal-QA

0.5B 89 .92 .78 52 −.02 .03
7B 97 .98 .94 89 .90 .77
Gemma-12B† 94 .95 .89 85 .82 .71
Llama-8B† 100 1.00 1.00 85 .84 .71

under one of two input conditions: the full video
sampled at 1 FPS, or a truncated clip centered on
the causal chain from which we sample 32 frames
(≈1 FPS over the clip). Open-weights models use
the full video; the proprietary GPT-5.4 and Gemini
models are restricted to the truncated-clip condi-
tion by API constraints (the two conditions are
comparable, see Appendix K). All models receive
the clip’s subtitle transcript and the ground-truth
number of events. We further report three trivial
references: Random, a shuffled chain over a generic
event vocabulary; Guessing, a text LLM given only
the query; and Blind, a text LLM given only the
subtitle transcript and no frames. Metric values
use Qwen3-Embedding-4B (SODA-Embedding)
and Qwen2.5-3B-Instruct (Causal-QA), in line with
Section 3.2.

J Baseline scaling

Figure 9 sweeps two axes for the Qwen3.5-VL fam-
ily on the full video. With model size, performance
rises steeply up to 4B and then largely saturates—
SODA-Embedding climbs from 18.0/20.8 (0.8B)
to 53.3/53.2 (4B) on SF20K-CC/CMD-CC, with
only marginal gains beyond. With the number of in-
put frames, returns are roughly logarithmic: going
from 32 to 256 frames adds +6.1 Causal-QA points
on CMD-CC and +4.6 on SF20K-CC, whereas
SODA-Embedding saturates around 128 frames.
Causal-QA is thus the more frame-hungry axis.

K Full vs. truncated video

Our proprietary baselines are restricted by API lim-
its to a truncated clip centered on the causal chain
(32 sampled frames), whereas open-weights mod-
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Figure 9: Baseline scaling for the Qwen3.5-VL family
on the full video. Left: vs. model size (0.8B–27B); both
metrics rise steeply up to 4B and then saturate. Right: vs.
number of input frames for the 9B model; Causal-QA
keeps rising while SODA-Embedding saturates around
128 frames.

Table 12: Full vs. truncated video for Qwen3.5-VL-9B
(with subtitles). Sampling the full video at 1 FPS and
sampling 32 frames from a clip centered on the chain
give near-identical scores.

CMD-CC SF20K-CC

Condition SODA-E CQA SODA-E CQA

Full video (1 FPS) 53.8 20.7 54.3 15.3
Truncated clip (32 frames) 54.6 21.5 52.7 16.5

∆ +0.8 +0.8 −1.6 +1.2

els see the full video at 1 FPS. To verify this does
not confound the comparison, we run the same
backbone (Qwen3.5-VL-9B, with subtitles) under
both conditions (Table 12). The two conditions dif-
fer by at most∼2 points on either metric and either
test set, and leave the system ranking unchanged.
We therefore treat the full-video and truncated-clip
conditions as comparable and place all baselines in
a single table (Table 2).

L Difficulty breakdown

Figure 10 slices CMD-CC Causal-QA along three
axes, comparing GPT-5.4-mini, Qwen3.5-VL-9B
with subtitles, and a text-only control that sees the
subtitles but no frames. Causality types follow a
stable hardness ordering across all models, with
consequence the hardest and motivation the easiest
among the well-populated types, while counter-
factual appears easy but rests on very few ques-
tions (29 on CMD-CC) and is exploitable by the
judge, so we read it with caution. Performance is
essentially flat in chain length, with neither metric
decaying from short to long chains. Most strik-
ingly, dialogue availability dominates: every model
that sees subtitles scores +11 to +20 Causal-QA
points higher on with-dialogue clips than on silent
ones, and on with-dialogue clips the text-only con-
trol rivals the video model. Stripping the subtitle

Table 13: Causality-type distribution across the CCG
test sets (% of chains; CMD-CC over 1,031 chains).
Per-type labels are annotated by an LLM classifier.

Causality type CMD-CC SF20K-CC

Motivational 35.8% 33.7%
Psychological 30.6% 14.7%
Physical 24.2% 45.3%
Enabling 8.3% 5.3%
Other 1.2% 1.1%

track from Qwen3.5-VL-9B erases this advantage
entirely (−4.2 on CMD-CC), confirming it comes
from the subtitle text rather than from dialogue
clips being intrinsically easier to watch.

M Causal chain type distribution

Table 13 reports how the four-type taxonomy (Sec-
tion 3.3) is distributed across the test sets. Motiva-
tional, Psychological, and Physical together cover
over 90% of chains; Enabling is rare and Other is
negligible, so the taxonomy fits the data. The split
character differs intuitively: dialogue-rich CMD-
CC skews toward intent (Motivational + Psycholog-
ical ≈66%), whereas the whole-film SF20K skews
Physical (45%).

N Success and failure cases

We present a qualitative analysis of the baselines
performance using examples from GPT-4.1-mini,
as illustrated in Figure 11. These examples high-
light both the emerging reasoning capabilities of
VLMs and their persistent limitations in tracking
specific causal mechanisms.
Success cases. In the first example (Row 1),
the model successfully identifies the use of the
stretcher as a physical solution for crossing the
gap. In the second example (Row 2), the model
understands the key reason, the vending machine
getting stuck, that drives the man to hit the vending
machine.
Failure cases. Despite these successes, the model
frequently struggles with complex visual causal-
ities, often resorting to generic events or halluci-
nations. In the third example (Row 3), the model
does not notice the brief action that leads to the
helicopter falling from the mountain (“The res-
cue worker hits the helicopter’s propellers with his
skis”); instead, it generates a generic event (“The
helicopter takes off and approaches the moun-
tain”), making the subsequent crash logically in-
explicable. In the fourth example (Row 4), the
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Figure 10: Where the difficulty lives. Causal-QA accuracy on CMD-CC sliced by (a) causality type, (b) gold
chain length, and (c) dialogue availability, for GPT-5.4-mini, Qwen3.5-9B (full video with subtitles), and a text-only
control that sees the subtitles but no frames. Dialogue is the sharpest axis: silent movies are significantly harder to
understand.

model fails to connect the inattentiveness of the
driver looking for cigarettes and near collision with
another car, causing the driver to suddenly and vio-
lently brake, making him sick and causing him to
vomit inside his car. Instead, it hallucinates a com-
pletely unrelated event: “The man finds cigarettes
and lights one but suddenly the tire of his car
bursts”. This illustrates a tendency for models
to generate events that are logically plausible but
not grounded in the video content.

O Prompts

In this section, we provide the exact prompts
used for both the automated chain-construction
pipeline (Section 3.3) and the evaluation of Vision-
Language Models (VLMs) (Section 5.2).
Synthetic data generation. To transform the
raw Audio Descriptions (AD) from the CMD-AD
dataset into structured causal chains, we employ
a Large Language Model (LLM) to filter and link
events. We provided the LLM with the instructions
detailed in Figure 13.
Baselines prompt. For the evaluation of all base-
line models (GPT-4.1, Gemini-2.5, Qwen3-VL),
we use a unified prompt structure to ensure a fair
comparison (see Figure 12).
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GT The rescue workers arrive at a huge gap. The rescue workers create a bridge with the injured man. The helicopter falls from the mountain.

Pred The rescue workers arrive at a huge gap. The rescue workers prepare to cross the gap with a stretcher. The helicopter falls from the mountain.

GT The rescue worker gets in the helicopter. The rescue worker hits the helicopter’s propellers with his
skis.

The helicopter falls from the mountain.

Pred The rescue worker gets in the helicopter. The helicopter takes off and approaches the mountain. The helicopter falls from the mountain.

GT The man puts a coin in a vending machine. The cigarettes get stuck in the vending machine. The man hits the vending machine with a crowbar.

Pred The man puts a coin in a vending machine. The vending machine fails to dispense the item, frustrating
the man.

The man hits the vending machine with a crowbar.

GT The man looks for cigarettes. The man suddenly brakes to avoid a car accident. The man vomits inside his car.

Pred The man looks for cigarettes. The man finds cigarettes and lights one but suddenly the tire
of his car bursts.

The man vomits inside his car.

Figure 11: Qualitative analysis. Comparison of ground-truth chains (top) vs. GPT-4.1-mini predictions (bottom).
The examples illustrate successful physical (Row 1) and motivational reasoning (Row 2) contrasted with failures
due to missed fine-grained visual details (Row 3) and hallucinations (Row 4).
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You will be given video frames, a start and an end event, and a specific number of events to identify.

Your task is to generate the causal sequence of exactly {num_events} events (including the start and end) that connects the start event to the end event.

Your output must be a single JSON object and nothing else.

JSON format:

```json
{{
  "causal_chain": [
    {{
      "timestamp": "mm:ss-mm:ss",
      "event": "Event 1 (Start event)"
    }},
    {{
      "timestamp": "mm:ss-mm:ss",
      "event": "Event 2 (Intermediate)"
    }},
    ...
    {{
      "timestamp": "mm:ss-mm:ss",
      "event": "Event {num_events} (End event)"
    }}
  ]
}}
```

Note that the causal chain in the example above contains a single intermediate event for brevity, but your response should include exactly {num_events}
events.

---

**Task**

**Input Data:**
- Start event: [{start_timestamp}] {start_event}
- End event: [{end_timestamp}] {end_event}
- Total number of events: {num_events}

**Output JSON:**

Figure 12: Evaluation prompt. The unified prompt used to evaluate all baseline VLMs (GPT-4.1, Gemini-2.5,
Qwen3-VL) on the Causal Chain Prediction task.
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**You are an expert film analyst and narrative theorist.** Your task is to identify and extract meaningful causal sequences from a movie clip. You will be provided with
metadata about the clip and a detailed list of timestamped events from its audio description.

Your goal is to generate a single, high-quality data sample that represents a causal reasoning problem. This involves identifying a clear "cause" event and a resulting
"effect" event, and then extracting the intermediate chain of events that causally links the two.

Follow these four steps to construct your output:

**Step 1: Select a Causal Pair (Cause and Effect).**
Scan the `events` log and identify a pair of events: a **cause_event** and an **effect_event**.
* The `cause_event` should be an action that clearly initiates a sequence (a "setup").
* The `effect_event` should be a clear consequence or outcome of the `cause_event` and the actions that follow (a "payoff").
* **Crucially, ensure there are at least 1, but no more than 5, causally relevant intermediate events** to create a non-trivial but focused reasoning path.

**Step 2: Extract the intermediate Causal Chain.**
From the event log, identify the key events that form a logical bridge between your chosen `cause_event` and `effect_event`. This will be your `causal_chain`.
* **Filter for Relevance:** Do not simply list all intermediate events. Select only those that are **essential parts of the causal sequence**. Omit coincidental or irrelevant
actions that occur in the same time frame.
* **Rephrase for clarity:** You may rephrase or summarize the original event descriptions to create a more fluid and logical narrative chain. Your new descriptions must
remain **factually consistent** with the original event log.

**Step 3: Formulate the Question.**
Formulate the question using the following template. To make the task challenging, use brief, high-level summaries for the [summary of start event] and [summary of effect
event] placeholders instead of the full event descriptions.
**Template:** "What is the sequence of events that leads from [summary of start event] at [timestamp of start event] to [summary of effect event] at [timestamp of effect
event]?"

---

**Output Format**

Your final output must be a single JSON object that strictly follows this schema. Do not add any extra text or explanations outside of the JSON object.

```json
{{
  "movie_title": "The movie title.",
  "movie_year": "The movie year.",
  "clip_name": "The clip name.",
  "clip_description": "The clip description.",
  "cause_event": {{
    "timestamp": "mm:ss-mm:ss",
    "event": "A concise description of the cause event."
  }},
  "effect_event": {{
    "timestamp": "mm:ss-mm:ss",
    "event": "A concise description of the effect event."
  }},
  "question": "A question following the desired format.",
  "causal_chain": [
    {{
      "timestamp": "mm:ss-mm:ss",
      "event": "A concise description of an intermediate event."
    }}
  ]
}}
```

Replace the placeholder content with your analysis. Note that the causal_chain in the example above contains a single event for brevity, but your response should include
as many event objects as are necessary to form a complete logical chain.

---

**TASK**

Now, generate a new JSON object based on the following input data.

**Input Data:**

```json
{input_data}
```

**Output JSON:**

Figure 13: Synthetic data generation prompt. The prompt used to instruct the LLM to filter raw Audio Descriptions
and extract structured causal chains for the training set generation pipeline.
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Algorithm 1 SODA-Embedding metric calculation

Require: Predicted chain P = (p1, p2, . . . , pm)
Require: Ground-truth chain G =

(g1, g2, . . . , gn)
Require: Pre-trained text encoder Φ(·) (i.e.,

Qwen3-Embedding-4B)
1: Step 1: Semantic Similarity Matrix
2: S ← Matrix[m][n]
3: for i← 1 to m do
4: for j ← 1 to n do
5: u← Φ(pi)
6: v ← Φ(gj)
7: S[i][j]← CosineSimilarity(u, v)
8: end for
9: end for

10: Step 2: Sequential Alignment
11: DP ← Matrix[m+ 1][n+ 1] initialized to 0
12: for i← 1 to m do
13: for j ← 1 to n do
14: match← DP [i− 1][j − 1] + S[i][j]
15: skip_p← DP [i− 1][j]
16: skip_g ← DP [i][j − 1]
17: DP [i][j] ←

max(match, skip_p, skip_g)
18: end for
19: end for
20: Step 3: Soft F1-Score
21: TPsoft ← DP [m][n]
22: Precision← TPsoft / m
23: Recall← TPsoft / n
24: if Precision+Recall > 0 then
25: F1 ← 2 · Precision ·

Recall/(Precision+Recall)
26: else
27: F1← 0
28: end if
29: return F1
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