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Abstract

Searching agents have achieved significant
progress in NLP, yet their multimodal counter-
parts are constrained by a lack of suitable evalu-
ation benchmarks requiring reasoning over con-
tinuous video, audio, and images. We propose
long-form TV dramas as a natural solution and
introduce DramaSearch, encompassing 3,600
riddles across 9 dramas totaling 239 hours. Our
dataset is generated via a graph-constrained
pipeline that processes enriched captions into
structured events and multi-granularity evi-
dence views. By employing character-to-view
and entity-to-view indexing, we ensure con-
trollable clue disclosure and strictly unique an-
swers. The riddles are categorized into multi-
clue, multi-hop, and compositional types, re-
quiring agents to aggregate isolated clues and
navigate complex dependency chains. Exper-
iments demonstrate that a Qwen3-8B agent,
trained on a held-out set using SFT and RL,
achieves an accuracy of 48.3%. This result es-
tablishes a strong baseline that performs favor-
ably against zero-shot GPT-5 (37.0%), while
indicating significant room for future research.
All data and code will be publicly released.

1 Introduction

Searching agents that interleave reasoning with
retrieval have produced steady progress in text
QA (Yang et al., 2018; Trivedi et al., 2022; Wei
et al., 2025), but their multimodal counterparts re-
main comparatively underexplored, largely because
evaluation scenarios and datasets that genuinely re-
quire reasoning over video, audio, and images are
scarce. Most existing long-video benchmarks (Wu
etal., 2024; Fu et al., 2025; Wang et al., 2025; Chen
et al., 2024a) extend QA from short clips to longer
videos, yet questions still tend to be answerable
from a local segment or a few visually salient cues,
leaving little room for a genuine search policy.

“Equal contribution.
Corresponding authors.

Long-form TV dramas are a natural testbed for
multimodal searching agents. A full drama spans
tens of hours and contains many named characters,
places, objects, and events that are tied together by
rich narrative relations, so an agent has to search
across distant scenes, resolve recurring characters,
and integrate scattered evidence into a single an-
SWer.

Building such a benchmark, however, is non-
trivial. Existing long-video QA benchmarks fall
short on search-intensive reasoning along two di-
mensions. First, their reasoning complexity is lim-
ited, and many questions are still answerable from
a single clip or short window, so high accuracy
can be achieved without a real search policy. Sec-
ond, the question construction process is weakly
controlled, since naive caption-to-LLM pipelines
easily expose overly specific cues that enable local
shortcuts, and answer uniqueness is rarely verified.
The two limitations compound: easy questions do
not require search, and poorly controlled hard ones
reward shortcut reasoning over faithful evidence
composition.

We introduce DramaSearch, a benchmark for
complex riddle reasoning in ultra-long videos. It
is built from 9 long-form TV dramas (239 hours)
and contains 3,600 curated riddles. Unlike con-
ventional video QA, the answer is never directly
revealed and must be inferred by aggregating indi-
vidually insufficient evidence, following dependent
reasoning chains, or composing both. All riddles
are open-ended fill-in-the-blank questions with a
single-entity ground truth, which avoids the option-
pruning shortcuts of multiple choice and lets an
LLM judge score predictions by semantic equiva-
lence.

The core of DramaSearch is a graph-constrained
construction pipeline. Auxiliary-enriched clip cap-
tions, produced from subtitles, OCR texts, face IDs,
and speaker IDs, are first parsed into structured
events and expanded into multi-granularity evi-
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Figure 1: Reasoning through a complex riddle. Such a riddle cannot be answered directly. It requires multi-step
reasoning and combining several clue sources to pin down a common answer. Here the agent decomposes the
problem into two steps. It first finds a bridge answer via Q'-! and Q'-, and then solves ()? on top of it. Exploring
Q"' and Q' ? independently yields no unique answer, and only their joint clues determine the bridge.

dence views. Views are then indexed by Character—
View and Entity—View graphs, and a candidate-set
diagnosis verifies whether the disclosed evidence
uniquely supports the target answer. This makes
clue disclosure controllable and reduces leakage.
On top of these views, DramaSearch spans three
riddle families. Multi-clue Riddles integrate in-
dividually insufficient clues from distinct events.
Multi-hop Riddles, with two or three hops, chain
dependent evidence. Compositional Riddles take
the answer of an initial multi-clue riddle as the
entry condition for a subsequent multi-hop chain.
Quality is then enforced by rule-based checks,
LLM validation, closed-book posterior probing,
and human validation.

We also provide a baseline multimodal search-
ing agent that iterates a search-and-integrate loop
over a database aggregating clip captions, subtitles,
face IDs, speaker IDs, and OCR signals. We train
Qwen3-8B (Team, 2025c¢) on a held-out drama, A
Lifelong Journey, that is not part of the 9-drama
evaluation set. After supervised fine-tuning on fil-
tered trajectories and reinforcement learning on a
difficulty-balanced subset, the agent reaches 48.3%
accuracy and is favorable to zero-shot GPT-5 at
37.0%, indicating that the benchmark is non-trivial
yet tractable while leaving substantial headroom.

Our contributions are three-fold:

* We formulate complex riddle reasoning over
ultra-long TV dramas as a benchmark task em-

phasizing evidence search, problem decomposi-
tion, and long-range information integration.

* We design a graph-constrained construction
pipeline based on structured events, multi-
granularity views, and candidate-set diagnosis,
enabling controllable clue disclosure, uniqueness
verification, and shortcut reduction.

* We establish a baseline searching agent and show
that, despite SFT and RL gains, substantial head-
room remains for future multimodal agents.

2 Related Work

Video reasoning benchmarks. Early benchmarks
such as ActivityNet (Heilbron et al., 2015) and
NExXT-QA (Xiao et al., 2021) target action recog-
nition and short-video QA. A later wave including
MMBench (Liu et al., 2023) and MVBench (Li
et al., 2023) evaluates reasoning over short
clips, while LongVideoBench (Wu et al., 2024),
Video-MME (Fu et al., 2025), HourVideo (Chan-
drasegaran et al., 2024), Neptune (Nagrani et al.,
2024), and CinePile (Rawal et al., 2024) ex-
tend evaluation to longer sequences. Narrative-
driven benchmarks such as DramaQA (Choi et al.,
2021), SeriesBench (Zhang et al., 2025), and
MovielO01v2 (Yue et al., 2024) emphasize story-
line understanding, and clue-grounded ones (Zhao
et al., 2025; Hu et al., 2025; Chen et al., 2024a)
probe multi-step reasoning. Even so, none of them
require an agent to actively search for latent clues
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scattered across hundreds of scenes. DramaSearch
fills this gap by combining ultra-long video du-
ration, tool-augmented multi-step reasoning, and
graph-constrained answer uniqueness, as summa-
rized in Table 1.

Multi-hop reasoning and leakage. Text multi-hop
QA benchmarks such as HotpotQA (Yang et al.,
2018), MuSiQue (Trivedi et al., 2022), and 2Wiki-
MultiHopQA (Ho et al., 2020) establish how to
compose questions that chain multiple pieces of ev-
idence. They also surface a recurring pitfall, in that
many nominally multi-hop questions remain an-
swerable from a single supporting fact (Min et al.,
2019), which reflects the broader shortcut-learning
phenomenon (Geirhos et al., 2020). Graph-based
composition was introduced to suppress such leak-
age at the text level. DramaSearch extends this idea
to multimodal long-form video and strengthens it
with an explicit graph-intersection uniqueness test,
so that no strict subset of the disclosed clues suf-
fices to solve the riddle.

Long-video understanding and multimodal
agents. Full-length TV series routinely exceed
the context length of current MLLMs, motivat-
ing three complementary directions. Long-context
VideoLLMs (Zhang et al., 2024; Shen et al., 2024;
Cheng et al., 2024; Liu et al., 2024; Li et al.,
2024a) enlarge the temporal window or add mem-
ory, token-compression and visual-encoder meth-
ods (Shu et al., 2024; Li et al., 2024b; Yang et al.,
2025; Zhao et al., 2024; Gao et al., 2025) shorten
or strengthen the visual sequence, and retrieval- or
agent-based systems (Ren et al., 2025; Yuan et al.,
2025; Wang et al., 2024; Fan et al., 2024; Yang
et al., 2024) pull multimodal evidence such as cap-
tions, OCR, speakers, and faces from external in-
dices. A parallel line couples LLMs with tool use
over open corpora (Jin et al., 2025; Wu et al., 2025;
Jiang et al., 2024), and BrowseComp (Wei et al.,
2025) shows that search-based reasoning over pre-
indexed content is viable yet challenging for text-
only agents. DramaSearch extends this paradigm
to multimodal video. Most existing pipelines still
decouple retrieval from reasoning, and our base-
line trains the two jointly through SFT and RL,
making DramaSearch a natural testbed for future
end-to-end multimodal searching agents.

3 The DramaSearch Benchmark

DramaSearch aims to establish a comprehensive
benchmark for evaluating complex reasoning in

| Duration Reasoning Tools # QA Ans.

Video-MME min. 1-step X 2,700 MC
LVBench ~1h 1-step X 1,549 MC
CG-Bench ~1h w/ clues X 12,129 MC
BrowseComp N/A multi-step v 1,266 ent.
DramaSearch | 9-54h multi-step Vv 3,600 ent.

Table 1: Comparison of DramaSearch with represen-
tative benchmarks: Video-MME (Fu et al., 2025),
LVBench (Wang et al., 2025), CG-Bench (Chen et al.,
2024a), and BrowseComp (Wei et al., 2025).

ultra-long videos. The two most critical challenges
during construction are ensuring the uniqueness
of the ground-truth answer and preventing uninten-
tional information leakage. We address them with a
four-stage pipeline. Each drama is first turned into
auxiliary-enriched captions (§3.2). The captions
are then parsed into structured events and indexed
by evidence graphs that enable uniqueness diag-
nosis (§3.3). On top of these graphs, we compose
three families of riddles under explicit uniqueness
constraints (§3.4), and finally screen all candidates
with hierarchical quality control (§3.5).

3.1 Key Concepts and Riddle Types

We define the key terms used throughout the pa-
per. A semantic cue is an atomic element such
as a character, location, object, action, relation, or
contextual anchor that is extracted from narrative
evidence. A clue is an evidence-bearing descrip-
tion derived from an event view that carries one
or more semantic cues without directly revealing
the answer. An evidence view is a structured event
description at a given granularity and serves as the
basic unit for clue selection. A hop is a dependent
reasoning step whose outcome relies on the pre-
vious one. Built on these notions, our benchmark
contains three types of riddles. Multi-clue Riddles
require integrating individually insufficient clues
from distinct events. Multi-hop Riddles require
sequential evidence chaining. Compositional Rid-
dles use the answer to an initial multi-clue riddle
as the entry condition for a subsequent multi-hop
chain. These concepts define the target structure
of our riddles. We next describe how raw drama
videos are first converted into auxiliary-enriched
captions, which serve as the narrative source from
which structured events, evidence views, and clues
are later derived.
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Figure 2: Video clip captioning with auxiliary data:
subtitles, texts, face IDs, and speaker IDs.

3.2 Auxiliary-Enriched Video Captioning

The benchmark is built from 9 popular long-form
TV dramas, each spanning tens of hours. A 10th
drama, A Lifelong Journey (41h46m), is processed
by the same pipeline but reserved for constructing
the SFT and RL training sets of our baseline agent.

Directly captioning such long videos with cur-
rent MLLMs often yields incomplete or unstable
descriptions, so we instead construct auxiliary-
enriched clip captions. As shown in Figure 2, we
collect four types of auxiliary information, namely
subtitles, on-screen texts, face IDs, and speaker IDs,
which together provide linguistic cues, ground visi-
ble characters, and associate dialogue with speak-
ers. Each drama is segmented into clips of at most
15 seconds, key frames are sampled at about one
frame per second, and an MLLM is prompted to
generate detailed clip-level descriptions. Subtitles
and speaker IDs are inserted into the text prompt,
while recognized face IDs are rendered on sam-
pled frames. These enriched captions form the raw
narrative source for riddle construction.

3.3 Graph-based Knowledge Formalization

TV drama scenarios often contain shortcut cues
that make questions trivial for models. For instance,
“Who likes tinkering with machines and inventing
things?” is ambiguous in the real world but nearly
deterministic in /ron Man. We mitigate this by
decomposing captions into structured events, ex-
panding each event into multi-granularity evidence
views, and indexing all views into evidence graphs

that enable explicit uniqueness diagnosis.

As shown in Figure 3, given the caption corpus
C ={C4,...,Cn}, each caption C. is parsed into
a set of structured events & = {ec1,...,€cn.},
where each event is a semantic frame over char-
acters, action, interaction target, location, objects,
context, and evidence span. Since raw character
mentions may appear as full names, nicknames, ti-
tles, or relations, we perform human-assisted char-
acter normalization, manually mapping easily iden-
tifiable aliases to canonical identities so that every
event of the same character is indexed under a uni-
fied identity.

For each event e, we build evidence views
Vie) = {wevent oGl G2 v&3Y, where vSVe™ is
the full view and v&'=%3 are three rewritings rang-
ing from minimal self-contained descriptions to
more discriminative and complete descriptions.
This separates evidence modeling from surface
question generation, so that clues can be informa-
tive yet avoid answer leakage.

All views are indexed into two bipar-
tite evidence graphs, a Character—View
graph and an Entity—View graph. In prac-
tice, these graphs are implemented with
the indices character to _views and
entity_to_views, which return the views
containing a given character or entity. Given
a target y and a view v, we form a clue signa-
ture S(v,y) after removing y and its aliases,
retrieve candidate views by intersecting all
postings, R(v,y) = (Nyeg(y,y) Postings(s), and
take the union over their answerable entities,
Cand(v,y) = Uyer(v,y) Answerable(u). A view
is uniquely identifying iff Cand(v,y) = {y}.
To control disclosed information, we scan the
granularities of the same event and select the least
specific view that still uniquely identifies the target,
while events with no uniquely identifying view are
removed from the sampling pool. Equivalently,
this enforces an incompleteness property at the
riddle level, since removing any single disclosed
clue leaves multiple consistent answers and the
model cannot shortcut its way to the target without
aggregating all of them.

3.4 Complex Riddle Construction

All riddles are drawn from verified evidence views
rather than raw captions, and each construction
routine enforces answer uniqueness through the
intersection procedure above.

Multi-clue Riddles test whether a model can iden-
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by mask-driven question generation and hierarchical quality control. The pipeline enables controllable evidence
disclosure, answer uniqueness verification, and traceable riddle construction.

tify a character by integrating evidence that is in-
dividually insufficient but jointly discriminative.
Given a target y and a clue count k, we sample k
views {v1,..., v} from k distinct events in dif-
ferent captions, requiring each to be individually
insufficient (|Cand;| > 1) while their intersection
is the target: ﬂle Cand; = {y}. Thus the answer
only becomes unique after aggregating evidence
from all k£ events.

Multi-hop Riddles evaluate whether a model can
follow a chain of dependent reasoning steps across
dispersed video segments. We adopt reverse-chain
construction: starting from the final answer a*, we
recursively search backward for bridge entities or
intermediate characters that connect the current hop
to a previous supporting view, producing a chain
of length K € {2, 3} reversed into natural order
hiy — -+ = hg — a*. To prevent shortcuts,
different hops must come from different captions,
bridge entities must be non-trivial, and each hop
must pass event-level uniqueness verification.
Compositional Riddles use the answer r of
an initial multi-clue riddle as the entry con-
dition for a subsequent multi-hop chain end-
ing at a*, i.e., Multi-clue evidence — r —
Multi-hop chain — a*. This is not a simple con-
catenation of two questions: the inferred r must be
necessary for entering the multi-hop chain.

Before natural-language generation, target char-
acters, bridge entities, and their aliases are masked
from the selected views. An LLM is then prompted
to rewrite the masked evidence into a single natu-

ral riddle while preserving the original facts and
avoiding unsupported causal or temporal relations.
Across the three families, hop depth K and clue
count k serve as the main controllable factors for
difficulty, whose effect is quantified in Section 5.

3.5 Hierarchical Quality Control

Each accepted riddle should be structurally ver-
ifiable, semantically unambiguous, and resistant
to shortcut reasoning. We therefore apply four
quality-control stages. Rule-based checks enforce
evidence alignment, entity normalization, answer
uniqueness, evidence dispersion, reasoning depen-
dencies, and mask coverage. An LLM validator
based on Qwen3-32B then checks faithfulness to
the selected evidence views, single-answerness, ab-
sence of identity leakage, and consistency with the
intended riddle type, and invalid cases are rewritten
under constraints or discarded. A posterior evalu-
ation stage uses GLM-4.6V as a closed-book short-
cut probe and removes riddles that are solvable
without access to videos, captions, or structured
evidence, such as cases in The Knockout where
cues like Gao Qigiang and “son” directly suggest
Gao Xiaochen from series-level priors. Finally, hu-
man validation by three annotators verifies answer
correctness, evidence support, and question natural-
ness, and failed cases are revised or replaced. The
quantitative effect of this procedure is analyzed in
Section 5.3. Additional details on implementation
and data production are provided in the supplemen-
tary material.
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4 A Multimodal Searching Agent

To measure the difficulty of DramaSearch and to
facilitate future comparisons, we provide a mul-
timodal searching agent (MSA). The agent cou-
ples an LLM controller with a multimodal retrieval
backend, where the LLM plans, reasons, and is-
sues structured queries while the backend stores
and retrieves evidence extracted from the ultra-long
video. MSA serves as a reference point that shows
the benchmark is non-trivial yet tractable and as a
concrete starting point for future work.

4.1 Tool Integrated Multi-turn Reasoning

The Multi-modal Toolkit. The four tools in 7 cor-
respond to complementary retrieval channels over
the video repository. Each is exposed as a func-
tion that takes a free-form text query and returns a
ranked list of supporting snippets:
* CAPTION — queries semantic clip captions pro-
duced by the video-captioning model.
* SPEAKER - retrieves subtitles of a given speaker
via voiceprint recognition.
* FACEID - locates appearances of specific roles
via face recognition.
* OCR - searches textual elements from subtitles
or on-screen texts.
The policy dynamically selects a tool based on the
current reasoning context, which enables adaptive
multi-hop grounding in ultra-long video.
Multi-turn Reasoning Loop. MSA treats rid-
dle solving as a closed-loop interaction be-
tween an LLM policy mg and a multimodal
retrieval backend. At each turn, my emits a
<think> segment for internal reasoning, fol-
lowed by either a <search> segment that issues
a structured tool call {"query":"<text>",
"type":"<tool_type>"} whose returned ev-
idence is appended to the context as a
segment, or an <answer> segment that ter-
minates the episode. The action space 7 =
{CAPTION, SPEAKER, FACEID, OCR} lets the
agent reach beyond its parametric knowledge and
query the multimodal content of the video reposi-
tory V directly.

4.2 Training the Agent

We train Qwen3-8B in two stages, namely super-
vised fine-tuning (SFT) on high-quality reasoning
trajectories and reinforcement learning (RL) with
the GRPO (Shao et al., 2024) algorithm.

Stage 1: supervised fine-tuning. We first build

a corpus of reasoning trajectories under the Dra-
maSearch protocol. To avoid a single-teacher bias,
we prompt several frontier models (GPT-4.1, GPT-
5, and GPT-5.4) to roll out candidate trajectories
on the same training riddles, where each trajectory
follows the <think>-<search>-—< -
...—<answer> format with JSON-formatted tool
calls. Candidates are then scored along seven
dimensions, including answer correctness, struc-
tural integrity of the tag sequence, <search>—
pairing, search diversity, retrieval-
score quality, bridge-entity coverage, and LLM-
judged logical coherence, and the seven dimensions
are combined into an overall score. Keeping only
the top-scoring trajectory per riddle yields a 14K-
trajectory SFT set. Fine-tuning on this set teaches
the student both the structural tool-call format and
a diverse repertoire of search strategies aggregated
from the teachers.
Stage 2: reinforcement learning. For RL, we
reuse the same multi-teacher rollouts to estimate
per-riddle difficulty. The number of teachers that
answer a riddle correctly partitions the pool into
five bins, namely trivial (solved by all models),
easy, medium, medium-hard, and hard (failed by
all). We filter out instances at both extremes and
uniformly sample 5K riddles from the middle three
bins. The policy is initialized from the SFT check-
point and optimized with GRPO for 800 steps.
Reward design. Each rollout receives a scalar
reward 74 = Tanswer + A171ground + A2Tformar that
combines three terms. The answer reward 7,ngwer
is a sparse terminal reward of 1 when the predicted
answer matches the ground truth and O otherwise.
The grounding reward rgrouna = Nhit /Nirye is the
fraction of ground-truth clues that appear in the
retrieved evidence, which supplies a dense signal
when the final answer is wrong but the agent has be-
gun to localize relevant clips. The format reward
Tformat Checks the validity of the tag sequence via
regex matching. We set A\; = 0.3 and A\ = 0.5.

S Experiments

5.1 Drama-level Results

QA format and answer judging. We adopt an
open-ended fill-in-the-blank format rather than mul-
tiple choice to forestall shortcut solutions, since
with explicit options an agent could eliminate candi-
dates by searching each one or simply guess when
search is uninformative. Every ground-truth an-
swer in DramaSearch is a single entity such as a
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Model |[Av¢g| A B C D E F G H I ||2clue 2-hop 3-hop Compositional
Inference without calling any tools

GPT-5 (OpenAl, 2025) 129 48 7.8 11.8 7.0 155 20.8 165 12.0 20.0|| 249 8.0 9.5 9.2
Gemini-2.5-Pro (Team, 2025b) | 30.0 | 31.8 24.5 37.5 285 355 29.5 31.8 23.0 27.8 512 21.0 235 24.3
Qwen3-8B (Team, 2025¢) 16 |13 33 28 15 13 23 00 00 20 2.3 0.8 1.3 2.0
Inference with naive RAG

GPT-5 345|383 33.8 425 355 36.0 29.5 338 28.8 31.8| 539 330 273 23.8
Qwen3-8B 342|415 328 36.8 32.8 345 328 35.8 29.5 315 53.6 359 247 22.6
Inference with multi-turn tool calling

GPT-5 37.0|40.3 36.5 45.8 39.0 38.8 32.0 358 30.8 34.5]|| 56.1 355 299 26.5
Qwen3-8B 08|13 15 03 05 05 08 13 08 03 1.1 0.8 0.9 0.4
Search-R1 (Jin et al., 2025) 176|195 21.8 145 173 19.5 198 160 165 13.5|| 18.8 228 195 9.3
MMSearch-R1 (Wu et al., 2025) | 20.2 | 22.5 243 17.3 19.5 225 223 18.8 188 155 22.1 254 224 11.1
Ours, SFT 44.0 | 48.0 41.5 455 403 46.0 48.0 50.5 41.8 348 || 53.5 460 453 31.2
Ours, SFT+RL 483|532 48.0 47.5 48.5 478 51.0 56.0 455 37.5|| 61.5 485 469 36.3

Table 2: QA accuracy (%) on DramaSearch. Left block: per-drama results (all zero-shot; A Lifelong Journey held
out as the training drama). Right block: results by riddle category. Drama codes: A: The Long Night; B: The Qin
Empire; C: Ode to Joy; D: The Knockout; E: Three-Body; F: Minning Town; G: The Long Way Home; H: Battle of

Changsha; 1. Empresses in the Palace. Best in bold.

character, location, object, or event label, which in
turn makes free-form judging tractable. We score a
prediction as correct if an LLM judge decides it is
semantically equivalent to the ground-truth entity,
for example by accepting aliases and translations,
and incorrect otherwise. All accuracies reported
below use this judgment.

Models and matching protocol. The judge is
GPT-5.1, which only decides semantic equivalence
against the fixed, human-validated answer and
never produces the ground truth or scores the rea-
soning process. The backend indexes all four chan-
nels with BM25, and inference runs on a single
H800 GPU; Appendix B.1 lists every model with
its role, version, and access mode. Since the judge
is itself a model, in Table 3(a) we score a 1,000-
riddle subset with strict exact-text matching and
canonical-name + alias matching, on which the
judge gives 49.2 against 48.3 on the full bench-
mark. Alias matching and the judge differ by a
fraction of a point, and both recover about two
points that strict matching rejects as false negatives
from aliases, translations, and paraphrases. We
therefore report the judge as the primary metric
and alias matching as a reproducible lower bound.

Table 2 summarizes riddle-solving QA accuracy
on the DramaSearch benchmark, broken down by
drama in the left block and by riddle category in
the right block. All results are zero-shot cross-
drama transfer, where the agent is trained on a
single held-out drama, A Lifelong Journey, and
evaluated on the 9 benchmark dramas. To establish

(a) Answer-matching scheme

Strict Alias Judge

Accuracy 46.6 490 492
(b) Retriever

R@3 R@6 R@9

BM25 (used) 232 338 416

Qwen3-Embedding-8B | 10.0 169 22.7

Table 3: Ablation on evaluation and retrieval (%).

a rigorous baseline, we evaluate both proprietary
models such as GPT-5 and Gemini-2.5-Pro and
open-source counterparts such as Qwen3-8B and
Search-R1 under three inference configurations,
including direct inference without any external tool,
naive RAG, and multi-turn tool calling.

We observe several consistent trends across the
baselines. First, world knowledge alone already
drives a non-trivial portion of the zero-shot direct
inference performance: the proprietary models an-
swer a substantial share of riddles with no tool at all,
and Gemini-2.5-Pro is strongest on 2-clue, whereas
Qwen3-8B’s compact parametric memory yields
almost nothing. Second, agentic capability is the
bottleneck for small models. Naive RAG improves
Qwen3-8B considerably, but its performance col-
lapses in the multi-turn setting, because early re-
trieval failures trap the agent in repetitive tool-call
loops without the capacity for self-correction or
early termination. Our SFT+RL framework ex-
plicitly addresses this bottleneck. Third, Compo-
sitional riddles are the hardest across every model

27804



and setting. On GPT-5 multi-turn, accuracy falls by
29.6 points from 2-clue to Compositional, a compo-
sition penalty roughly an order of magnitude larger
than the few-point gaps reported when stacking
ordinary multiple-choice video QA into two-hop
chains. This confirms that our compositional fam-
ily stresses end-to-end search-and-reasoning rather
than merely longer surface forms.

Our agent. With access to multiple tools and
multi-turn inference, our trained agent reaches
48.3% micro-average after SFT+RL, far above both
Qwen3-8B and Search-R1 on the same multi-turn
setup. Supervised fine-tuning first establishes the
tool-use behavior, which paves the way for RL to
explore more effective search strategies and yield
consistent gains across all 9 benchmark dramas.
The performance on the 9 unseen dramas confirms
the transferability of the learned reasoning and tool-
calling behavior, since training on the held-out A
Lifelong Journey generalizes to dramas with very
different genres and production styles, from histori-
cal epics to contemporary urban stories. Section 5.2
analyzes the per-category breakdown.

5.2 Ablation Studies

Table 2 also breaks performance down by riddle
type. Against naive RAG with the same back-
bone, SFT gains most where sequential search
is indispensable, +10.1 on 2-hop and +20.6 on
3-hop, while 2-clue stays flat at —0.1, since the
two clues of a 2-clue riddle are often surfaced to-
gether by a single well-formed query, whereas a
multi-hop chain cannot be traversed without de-
pendent queries. RL then improves the subsets on
which SFT saturates, 8.0 on 2-clue and 4-5.1 on
Compositional, both of which require reformulat-
ing an under-specified query rather than following
a longer chain. The two stages are thus complemen-
tary, with SFT establishing the search-and-integrate
format and RL pushing beyond the teacher trajec-
tories.

Impact of caption quality. In Table 4, we com-
pare three caption indexes on Empresses in the
Falace, the default clip-level captions with auxil-
iary information (Type (1)) and section-level cap-
tions with and without it (Types (2) and (3)), each
evaluated with and without the SPEAKER, FACEID,
and OCR tools in the action space. Richer captions
consistently help, and the auxiliary tools add a fur-
ther gain that grows as the captions weaken, which
shows that the agent can compensate for missing
information by invoking multimodal tools. Summa-

Multimodal Toolkit | Type (1) Type (2) Type (3)

w/ all tools 37.5 19.0 14.8
w/o OCR 36.0 - -
w/0 SPEAKER 353 - -
w/o FACEID 33.8

w/o auxiliary tools 29.0 16.8 12.0

Table 4: QA accuracy (%) across different caption qual-
ity and tool sets on Empresses in the Palace.

rizing that information into captions is nonetheless
more efficient, since the agent then reaches it in
fewer search rounds.

Contribution of each auxiliary channel. In the
last three rows of Table 4, we remove one tool at a
time from the full action space on Type (1) captions,
and report each tool’s share of all searches. The per-
channel drops follow the invocation order, FACEID
before SPEAKER before OCR, and they sum to less
than removing all three at once. This is consistent
with the multi-view uniqueness constraint of Sec-
tion 3.3, as each riddle is verified against several
evidence views, so a clue lost from one channel can
often be recovered from another. Dropping a single
channel therefore degrades accuracy only mildly,
whereas removing every video-derived signal caps
performance.

Case study. We show two examples of riddle solv-
ing in Figure 4. In the first example, the agent calls
the captioning tool and finds a probable bridge, the
character Zhou Bingkun, and then confirms the an-
swer using the speaker tool, which illustrates its
ability to switch across multimodal tools. In the
second example, the agent obtains multiple candi-
dates from the first search and then pinpoints the
final answer with one additional search.

5.3 Benchmark Quality Analysis

Does the pipeline reduce shortcuts? The pos-
terior probe of Section 3.5 discards riddles that a
closed-book model answers correctly twice, but its
removal rate alone does not show that the discarded
riddles were genuinely shortcut-solvable. For an in-
dependent check, we re-evaluate the entire pre-filter
candidate pool with Qwen3-32B, which took no
part in filtering, under the same question-only set-
ting, and partition its predictions by the GLM-4.6V
decisions, so both sides come from a single pass.
In Table 5, closed-book accuracy more than halves
on the retained pool and stays comparably low on
the final benchmark; the slight rise on multi-hop
types reflects answer-balanced stratified sampling.
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DramaRiddles: At the tractor factory, Cai Xiaoguang advised someone,

the man that sent the letter?

<think> First find who Cai Xiaoguang advised, then
search this person’s talk with his.</think>

This person later read a family letter to his mother at home. Who i w
Tools

o . [
[ <search> {'query" 'Cai Xiaoguang, tractor factory, advice' : <search> {'query': ‘'Field: f  Happi ipt'
- B , . Capt query ields o appiness  script’,
type'i'caption'} </search> @ 'type':'caption'} </search>
Caption 1!
<result>... Cai Xiaoguang advises Zhou Bingkun at the tractor ~——— || «result>.. Cai Xiaoguang gives the script Fields of Happiness to Zhou
factory..</result> [uj Rong, making her hopeful about the future. ..</result>

DramaRiddles: Someone was associated with the script Fields of
Happiness and later received advice in prison. Who is this person?

<think> Identify who is associated with the script; then
confirm who receives advice in prison.</think>

2 FaceID L
% <think>The advised person is Zhou Bingkun. Next, search — g <think>Zhou Rong and Cai Xiaoguang are tied to the script.
- for ZhOlé'B'ngkl{"‘-i;‘/fhénk>k ther famil ca ! - ' Next, check prison scenes..</think>
query':'Zhou Bingkun, mother, family . 050yof o . .
letter','type':'speaker'} €5 \[8; Caption 'Typz':'cépil::r:‘}l) biisorieiecyicezioty
l Text '
<result>..Zheng Juan: Dad sent a letter.... Zhou Bingkun reads it to |/ ) | | <result>  In prison, Zhou Bingyi advises Zhou Rong to take care of
his mothe..</result> ' I I Zheng Juan and Congcong. - </result>
Speaker
:,& | <think>The dialogue explicitly says "Dad sent a letter”, RN - o
lél so the sender is Zhou Bingkun's father.</think> ] ] G Thzehzlueps :°'m 10 Zhou Rong..</think>
Zhou Bingkun's father | 4 ong
Figure 4: Examples of our agent solving two complex riddles in the drama A Lifelong Journey.
Type | Before Pool Final | Rel. | 45% at top-9. A single query therefore rarely re-
2-clue 1718 7.89 622 | 54.1% turns the complete evidence set, which motivates
2-hop 289 196 211 |32.1% the multi-turn loop of Section 4.1.
3-hop 2.87 215 256 |251% Tool I
. . In Table 4, CAPTION nts for
Compositional | 2.61 112 1.56 | 56.9% ool usage able 4, CAPTION accounts fo
64.3% of all searches, and the three auxiliary chan-
Overall \ 7.53 346 3.11 \ 54.0%

Table 5: Closed-book accuracy (%) of Qwen3-32B be-
fore filtering (Before), after filtering (Pool), and on the
final benchmark (Final). Rel. |: relative reduction from
Before to Pool.

Since the drop transfers to a model never used for
filtering, the removed candidates are disproportion-
ately shortcut-solvable rather than an artifact of the
filtering model. Table 9 in Appendix B.10 reports
pool sizes and per-type removal rates.

Human agreement. To quantify the reliability of
human validation, three annotators independently
re-annotated 100 stratified samples covering all
dramas and riddle types, judging each riddle for an-
swer correctness, evidence sufficiency, and natural-
ness. They agreed on 87% of the samples, and the
remaining cases were resolved through discussion.
Appendix B.8 reports the guidelines, the resolution
procedure, and representative rejected cases.

5.4 Diagnostic Analysis

Single-query retrieval. We measure how often
one query places the gold evidence in the top-k,
using 2-clue riddles because their two gold events
form an unambiguous target set. In Table 3(b),
BM25 outperforms dense retrieval with Qwen3-
Embedding-8B, which is why the backend indexes
all channels with BM25, but recall remains below

nels make up the remainder. The agent calls them
when a clue hinges on an unnamed face, a speaker
attribution, or on-screen text, and their invocation
order matches the per-channel ablation.

Efficiency. Because the multimodal signals are
indexed as text, retrieval is inexpensive, and a sin-
gle query over our million-character corpus takes
under 1 ms with bm25s, so latency is dominated by
the number of reasoning turns. On a single H800
GPU, one riddle on Empresses in the Palace takes
5.7 s over 3.66 search turns. Appendix D reports
the full inference and construction cost.

6 Conclusion

In this paper, we present a novel benchmark on
long-form TV dramas. The task is to solve com-
plex riddles that mainly involve the relationship
between named entities, such as roles and events.
We ensure answer uniqueness and prevent infor-
mation leakage during construction by adopting a
graph-constrained pipeline with controllable clue
disclosure and four-stage quality control. As a
baseline, we train a multimodal searching agent
via SFT and RL, reaching favorable performance
against proprietary models and other open-source
agents. We hope DramaSearch encourages further
work on long-video understanding and multimodal
reasoning models.
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Limitations

The modest absolute accuracy of current agents
suggests that complex riddle reasoning over ultra-
long videos remains far from solved, and evidence
search is still a key bottleneck. Even our best
SFT+RL agent leaves more than half of the rid-
dles unanswered, and a non-trivial share of failures
traces back to queries that never return the relevant
clip rather than to faulty reasoning over retrieved
evidence. The gap is most pronounced on Com-
positional riddles, where the agent must chain a
multi-clue inference into a multi-hop search, and
current agents tend to commit to an early bridge
entity and rarely revise it when later hops contra-
dict the choice. Closing this gap likely requires
query reformulation, retrieval-feedback loops, and
tighter coupling between reasoning and search than
the simple search-and-integrate template explored
here.

Our construction pipeline also depends on auxil-
iary signals such as subtitles, on-screen text, face
IDs, and speaker IDs, whose residual errors may
introduce noise into the generated captions and rid-
dles. Subtitle OCR and face recognition are reliable
in aggregate, but speaker recognition operates at
the noisier subtitle-line level, and the underlying
caption MLLM occasionally misses small visual
details or attributes actions to the wrong character.
Errors at any of these stages can propagate through
structured events, evidence views, and finally riddle
generation. The hierarchical quality-control pro-
cedure of rule-based checks, an LLM validator, a
closed-book posterior probe, and human validation
reduces but cannot eliminate such residual noise,
particularly for minor characters with sparse face
libraries or short on-screen presence.

Finally, the benchmark inherits biases from the
TV-drama domain itself. Dramas lean heavily on
dialogue and on a small cast of recurring faces, so
purely visual scenes with no speech and no clearly
visible character remain comparatively harder, and
formulaic plot structures can sometimes be ex-
ploited in place of genuine temporal reasoning.
Our closed-book probe removes riddles that are
solvable from script-level priors alone, but it can-
not remove the underlying skew. These proper-
ties also bound how the pipeline transfers to other
domains. In sports video, wide camera angles,
rapid motion, and protective gear break face and
speaker identification, and the task instead demands
fine-grained spatiotemporal action tracking. In ed-

ucational video, storylines give way to abstract
concepts and formulas over largely static slides,
which requires strong OCR and chart comprehen-
sion rather than social or narrative analysis. The
construction pipeline of structured events, multi-
granularity views, and graph-based uniqueness di-
agnosis applies to any narrative video that admits
such an entity graph, but extending it to these do-
mains is left to future work.
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A Details of Auxiliary Data Extraction

A.1 Subtitles

There are three main steps to extract accurate sub-
title data. First, the subtitle region for each TV
drama is manually delineated, and the subtitle seg-
ments are cropped from the original video frames
based on these predefined regions. Second, Pad-
dleOCR v4 (Cui et al., 2025) is employed to con-
duct frame-by-frame recognition on the cropped
video frames. To cluster consecutive frames cor-
responding to the same sentence, we calculate the
Levenshtein distance between the recognition re-
sults of adjacent frames and perform normaliza-
tion. Specifically, if the normalized distance be-
tween two adjacent frames is less than 0.2, they
are deemed to express the same sentence. For
each clustered sentence, the middle frame is sam-
pled and input into Doubao-1.5-Vision-Pro (Team,
2025a) for re-recognition; this step serves to rectify
recognition inaccuracies, optimize text segmenta-
tion for overlapping or incomplete subtitles, and
unify formatting consistency. Based on the above
three-step processing, the accuracy rate of the ex-
tracted subtitle results—including subtitle content
and start-end timestamps—can be guaranteed to
exceed 99.5%.

A.2 FaceIDs

A two-stage pipeline is proposed for robust charac-
ter identification. First, cast information and face
images of actors/actresses are collected from web
sources to construct an initial face library. The
correspondence between characters and actor/ac-
tress names is verified manually. Second, high-
quality face instances are extracted from video data
to enrich this initial library. This enrichment pro-
cess processes all videos at 1 frame per second,
extracting drama-related face images for each char-
acter. We design a filtering pipeline for high-quality
face instance selection, including multi-face sam-
ple filtering, high-similarity deduplication (thresh-
old 0.8), and low-quality face filtering (threshold
0.45). Finally, 15 images are randomly sampled
from the remaining face pictures to form a refined
face library, where human verification is also em-
ployed. The enriched library is then used with
the InsightFace library (Deng et al., 2019) to scan
every frame for recognizing and labeling all face
instances.

A.3 Speaker IDs

We assume that each time-aligned subtitle line
corresponds to a single speaker—a condition that
holds true in over 99% of scenarios. Voiceprint fea-
tures are extracted using a pre-trained ERes2Net
model (Chen et al., 2024b). The main assignment
algorithm uses a two-stage approach: (1) clustering
to construct a high-confidence voiceprint library
for all known roles, and (2) label propagation to al-
locate speaker IDs to the remaining subtitles while
identifying outlier entries. Overall, it takes around
1 GPU hour for speaker feature extraction and ap-
proximately 0.2 CPU hours for label clustering and
propagation per drama.

A.4 Video Clip Captioning

The generation of video caption data consists of
two main steps: using a multimodal model to de-
scribe short video clips, and leveraging a large lan-
guage model (LLM) to aggregate the underlying
annotation results. First, key frames are extracted
for each video clip at 1 frame per second. Subse-
quently, Gemini-2.5-Pro is used to generate cap-
tions via a designed prompt template. To address
the excessive total length of base clip captions (over
1 million words per drama), an LLLM aggregates
the clips into sequential, non-overlapping sections.
The grouped clips are summarized into higher-level
captions, laying a foundation for plot comprehen-
sion and downstream QA construction.

B Additional Details of Benchmark
Construction

B.1 Models Used Across the Pipeline

Table 6 consolidates every model used in this work,
together with its role, exact version, and access
mode. The stack deliberately spans several model
families. The generator, the automatic validator,
the closed-book shortcut probe, and the answer
judge come from different families, so no single
family both produces and certifies the benchmark.
The judge is also independent of the evaluated
agent, and it only decides semantic equivalence
against a fixed, human-validated answer rather than
determining the ground truth or scoring the reason-
ing process. Unless stated otherwise, API models
are queried with default decoding parameters, and
local models are served with temperature O for val-
idation and judging and with temperature 1.0 for
trajectory rollouts.
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Role | Model Access

Construction

Clip captioning Gemini-2.5-Pro  API

Event parsing GPT-5.3 APIL
Riddle generation GPT-5.3 API
Quality control

Automatic validator | Qwen3-32B local
Closed-book probe | GLM-4.6V API

Agent training

SFT teachers GPT-4.1/5/5.4  API
Agent backbone Qwen3-8B local
Evaluation

Answer judge | GPT-5.1 API

Table 6: Models used across construction, quality con-
trol, agent training, and evaluation. Construction, val-
idation, shortcut probing, and judging are deliberately
assigned to different model families.

B.2 Auxiliary-Enriched Caption Source

Before constructing QA samples, we first obtain
dense narrative captions for each drama. This cap-
tioning stage is performed outside the QA genera-
tion codebase, but it provides the raw knowledge
source consumed by the event parsing and ques-
tion generation pipeline. We extract four types
of auxiliary information to support video caption-
ing: subtitles, on-screen text, face identities, and
speaker identities. Subtitles and on-screen text are
extracted using PaddleOCR (Clui et al., 2025), re-
fined by Doubao-1.5 (Team, 2025a), and manually
checked on 1% of the data. Faces are detected
and recognized with InsightFace (Deng et al., 2020,
2019). For speaker recognition, we first extract
voiceprint features using a pre-trained ERes2Net
model (Chen et al., 2024b), followed by clustering
and label propagation.

We estimate the recognition accuracy of the aux-
iliary signals as reported in Table 7. Although mi-
nor recognition errors remain, these auxiliary sig-
nals substantially improve the richness and ground-
ing quality of clip-level captions. Their residual
effect on the constructed riddles is bounded by the
multi-view uniqueness diagnosis of Appendix B.5,
since each riddle is verified against several evi-
dence views and an isolated error in one channel
rarely survives into an accepted sample. We ad-
ditionally performed manual verification on the
noise-prone steps, in particular character normal-
ization and speaker attribution.

We use SceneDetect (Castellano) to partition
each drama into short clips, each with a maximum
length of 15 seconds. Key frames are sampled at ap-

Signal \ Accuracy  Granularity
Subtitles 99.8% character
Face identities 98% instance
Speaker identities 90% subtitle line

Table 7: Estimated recognition accuracy of the auxiliary
signals. Speaker identification operates at the noisier
subtitle-line level and is the least reliable channel.

proximately one frame per second. We then prompt
Gemini-2.5-Pro (Team, 2024) to generate detailed
clip-level descriptions. Auxiliary information is
injected into the captioning process in two ways:
subtitles and predicted speaker identities are in-
serted into the text prompt, while face identities are
visually integrated by rendering a red bounding box
and the corresponding role name next to each rec-
ognized character in sampled frames. The MLLM
is asked to produce approximately 200 words of
description for each 15-second clip. Since the re-
sulting clip-level captions can exceed one million
words per drama, we further use an LLM to aggre-
gate them into sequential, non-overlapping higher-
level captions. These higher-level captions serve
as the raw input to the structured event extraction
stage described below.

B.3 Data Construction Pipeline

This section provides additional details for con-
structing QA samples from the auxiliary-enriched
captions above. The pipeline converts long-form
drama captions into structured event evidence, con-
structs multi-granularity evidence views and evi-
dence graphs, samples reasoning-oriented QA can-
didates, and uses LLMs to generate and validate
natural-language questions. We construct four
question types: two-event riddles, two-hop multi-
hop questions, three-hop multi-hop questions, and
riddle—multi-hop compositional questions.

Pipeline stages. Table 8 summarizes the end-
to-end construction pipeline, from auxiliary sig-
nal extraction to final benchmark filtering. Af-
ter auxiliary-enriched captioning, the QA con-
struction stage proceeds as follows: higher-level
captions are parsed into structured events with
a caption-to-event LLM prompt; character men-
tions are normalized into canonical identities with
human assistance; each event is converted into
multi-granularity evidence views; evidence graphs
connect views with characters and semantic enti-
ties; candidate QA structures are sampled from
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the graphs under type-specific uniqueness and de-
pendency constraints; a generation LLM rewrites
masked evidence into natural-language questions;
and generated questions are checked by determin-
istic rules, an LLM validator, posterior shortcut
probes, and human validation.

Model configuration. We use GPT-5.3 for struc-
tured event parsing and all QA generation stages.
We use Qwen3-32B as the automatic validator for
generated questions, followed by posterior shortcut
filtering and human validation.

B.4 Structured Event Representation

Event schema. Each caption is parsed into one
or more structured events. An event is represented
as a semantic frame containing: (1) the event con-
text, including scene background, temporal context,
and narrative anchors; (2) participants explicitly
involved in the event; (3) the main action or inter-
action; (4) the interaction target, object, or coun-
terparty; (5) the location; (6) salient objects; (7)
the original evidence span; and (8) characters that
can be inferred as potential answers. This repre-
sentation converts free-form narrative descriptions
into explicit event-level evidence units, enabling
graph-based sampling, uniqueness diagnosis, and
answer verification.

Multi-granularity evidence views. For each
structured event e, we construct a set of evidence
views:

t Gl G2
V(e) = {vg"™" ,veG ,veG ,veGB}. (D

Here, v2¥" denotes the full event view, while
v&1, v&?, and v$&? provide progressively more
specific descriptions. G1 is the minimal self-
contained view, G2 adds discriminative details, and
G3 adds a small number of additional verifiable
facts. The multi-granularity design allows the sam-
pler to choose evidence that is informative enough
for uniqueness while avoiding overly explicit de-

scriptions that would leak the answer.

Character normalization. Characters in TV dra-
mas may be referred to by full names, first names,
nicknames, titles, kinship terms, or relational de-
scriptions. To avoid fragmenting evidence associ-
ated with the same character, we perform human-
assisted character normalization. Clear aliases are
mapped to canonical character identities, while am-

biguous mentions such as “the man”, “the woman”,

or underspecified kinship references are not ag-
gressively resolved unless the reference is explicit.
All downstream operations, including graph con-
struction, candidate diagnosis, uniqueness verifica-
tion, and sample deduplication, are performed over
canonical character names.

B.5 Graph Construction and Candidate-set
Diagnosis

We construct two bipartite evidence graphs from
the evidence views. Let ) be the set of canonical
characters, Z be the set of non-character semantic
entities, and V be the set of all evidence views. The
Character—View graph is

gchar — (ya Vv gchar)’ (2)

where an edge (y,v) € Epar indicates that charac-
ter y is answerable or explicitly involved in view v.
The Entity—View graph is

gent - (Zavagent)u (3)

where an edge (z,v) € &t indicates that entity z
is semantically grounded in view v.

For a target answer y and an evidence view v,
we extract a clue signature S(v,y) consisting of
entities, actions, locations, objects, and contextual
anchors. The target answer and its aliases are re-
moved from S(v, y) to avoid self-revealing clues.
Let

Nent(s) ={u €V | (s,u) € Eent } 4

denote the graph neighbors of clue s. Views com-
patible with the clue signature are

R(U,y) = ﬂ Nent(s)- (5)

s€S(v,y)

The candidate answer set is then induced by the
Character—View graph:

Cand(v,y) = U { eV | (W, u) € Enar}
wER(v,y)
(0)
A view is uniquely identifying if and only if
Cand(v, ) = {y}. ™

This diagnosis is used both to select informative
evidence and to reject candidates that are either
under-specified or too revealing.
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Stage

Purpose

Model or supervision

Output

Auxiliary signal
extraction

Recover subtitles, on-screen
text, faces, and speakers

OCR / face recognition /
speaker recognition

grounded auxiliary cues

Auxiliary-enriched
captioning

Describe short clips and
aggregate them into
higher-level captions

Gemini-2.5-Pro + LLM
aggregation

higher-level narrative captions

Event parsing

Convert captions into
structured event frames

GPT-5.3

structured event frames

Character normalization

Merge aliases into canonical
identities

human-assisted verification

canonical character inventory

Evidence view

Convert each event into

GPT-5.3

G1/G2/G3 evidence views

construction multi-granularity views
Evidence graph Connect views with characters deterministic graph evidence graphs for candidate
construction and semantic entities construction diagnosis

Candidate sampling

Select valid reasoning
structures under uniqueness
constraints

deterministic constraints

riddle, multi-hop, and
compositional candidates

Mask-driven question
generation

Rewrite masked evidence into

natural-language QA

GPT-5.3

generated QA samples

Hierarchical validation
and filtering

Filter leakage, hallucination,
and shortcut cases

deterministic checks +
Qwen3-32B + GLM-4.6V
posterior probe + human
validation

final benchmark samples

Table 8: Overview of the data construction pipeline. The table describes the methodological stages rather than

implementation-specific scripts.

B.6 Candidate Sampling Strategies

Two-event riddle sampling. Given a target char-
acter ¢, we sample two evidence views v; and v
derived from two distinct events in different cap-
tions. For each view v;, we compute the candidate
answer set Cand;. A valid two-event riddle must
satisfy

|Cand;| > 1, i€ {1,2}, 8)

and
Cand; N Cands = {y}. 9)

The first condition ensures that neither event alone
uniquely identifies the target, while the second con-
dition ensures that the target becomes unique only
after combining the two clues. Before generation,
the target character and all aliases are masked from
both views. Candidates are rejected if masking fails
or if either view contains explicit identity leakage.

Multi-hop sampling. Multi-hop questions are
constructed with a reverse-chain strategy. Given a
target hop number K, we first sample a final answer
a* and an endpoint evidence view supporting it. We
then recursively search backward for bridge entities
or intermediate characters connecting the current
hop to a previous supporting view. Once a valid

chain is obtained, it is reversed into the natural
reasoning order:

hi— hy — -+ — hg — a”. (10)
Each hop h; contains a supporting view, a local
target, a bridge condition, and the corresponding
evidence span. We require different hops to come
from different captions, enforce non-trivial bridge
conditions, and deduplicate chains with structural
keys. For each hop, we also verify that removing
the bridge information supplied by the previous
hop makes the current hop non-unique or under-
specified, reducing shortcut reasoning.

Riddle-multi-hop composition. A composi-
tional question combines evidence aggregation and
sequential reasoning:

Ve = 7, (r, V) = a*. (11)
Here, V,, denotes the two-event riddle evidence,
r is the intermediate riddle answer, V,,, denotes
the multi-hop evidence, and a* is the final answer.
We first select a validated two-event riddle whose
answer is 7, then build a targeted two-hop chain
conditioned on r. Captions used by the initial riddle
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and those used by the multi-hop chain are required
to be non-overlapping. The final generated ques-
tion is a single compositional query rather than a
concatenation of two questions, and it must not
explicitly reveal either 7 or a*.

B.7 Generation, Validation, and Filtering

Mask-driven generation. Before natural-
language generation, answer-bearing entities are
masked from the selected evidence views. For
two-event riddles, the target character and all
aliases are replaced with [MASK]. For multi-hop
questions, intermediate bridge entities and final
answers are masked in the hop evidence. For
compositional questions, both the intermediate
riddle answer and the final answer are prohibited
from appearing in the question. The generation
prompts require the model to preserve the original
facts, avoid unsupported information, avoid answer
leakage, and maintain the intended reasoning
structure.

LLM validation. After question generation, we
use an LL.M-based validator to assess the semantic
quality of each sample. The validator checks faith-
fulness to the supporting evidence, answer unique-
ness, factual consistency, identity leakage, type
consistency, and shortcut risk. Samples that fail
validation are either rewritten under the validator’s
feedback or discarded, depending on the retry con-
figuration.

Posterior shortcut evaluation. We further con-
duct posterior evaluation as a closed-book shortcut
probe. A model is asked to answer each generated
question without access to the video, supporting
captions, or structured evidence. Since the ques-
tions are intended to require video-grounded clues,
a question that can be reliably answered from the
text alone may contain shortcut cues or implicit an-
swer leakage. For robustness, we query the model
twice; if both responses match the ground-truth
answer, the sample is discarded.

Human validation. All final samples undergo
human validation. Three annotators independently
verify each sample for answer correctness, unique-
ness under the given clues, and naturalness of the
question phrasing. Samples that fail any criterion
are revised or replaced.

B.8 Human Validation Protocol and
Agreement

Annotation criteria. Annotators judge each can-
didate riddle as valid or invalid along three crite-
ria. Answer correctness requires that the recorded
ground-truth entity is in fact the entity the riddle
describes. Evidence sufficiency requires that the
disclosed clues jointly determine that entity, and
that no strict subset of them already does so. Ques-
tion naturalness requires that the riddle reads as a
single fluent question rather than a concatenation
of masked evidence fragments, and that it intro-
duces no causal or temporal relation absent from
the supporting views. A sample is accepted only if
it passes all three.

Agreement study. To quantify the reliability
of this stage, we conducted an independent re-
annotation study on 100 stratified samples covering
all dramas and riddle types. Three annotators la-
beled every sample independently, without access
to one another’s decisions or to the automatic val-
idator’s output. The three annotators agreed on
87% of the samples. The remaining cases were re-
solved through discussion, and the resolved labels
were used to correct or replace the affected riddles.
Disagreements concentrate on evidence sufficiency
rather than answer correctness, which is consistent
with the observation that borderline cases are typi-
cally riddles whose clues are individually weak but
jointly close to unique.

Rejected cases. Representative rejection reasons
include residual identity leakage, where a masked
view still contains a uniquely identifying title or
kinship term; over-specific clues, where a single
view already determines the answer and the rid-
dle collapses to a one-step lookup; and unnatural
phrasing produced by literal stitching of masked
evidence. Riddles rejected for the first two rea-
sons are discarded, while those rejected only for
phrasing are regenerated under the same evidence.

B.9 Prompt Templates

This section reports the prompt templates used by
the pipeline. We preserve the operational content
of the prompts while formatting them for readabil-
ity in the supplementary material. The caption-to-
event parsing prompt is shown in Fig. 5-8. The
QA generation and validation prompts are reported
for two-event riddles in Fig. 9 and Fig. 10, for two-
hop and three-hop multi-hop questions in Fig. 11—

27814



Type \ Initial Removed Rate Remaining
2-clue 3,533 934 26.4% 2,599
2-hop 3,083 124 4.0% 2,959
3-hop 2,266 79 3.5% 2,187
Compositional | 1,879 100 5.3% 1,779
Overall | 10,761 1,237 11.5% 9,524

Table 9: Effect of the closed-book shortcut probe on
the candidate pool. A candidate is removed only when
GLM-4.6V answers it correctly in both of two indepen-
dent question-only queries. The remaining column is
the post-filter pool, from which the final 3,600 riddles
are drawn by answer-balanced stratified sampling.

12 and Fig. 13, and for riddle-multi-hop composi-
tional questions in Fig. 14 and Fig. 15.

B.10 Benchmark Statistics

After the full construction and validation pipeline,
we obtain a balanced benchmark across dramas
and riddle types. For each TV drama, we retain
100 riddles for each of the four fine-grained riddle
types. Since our benchmark contains 9 dramas, the
final benchmark contains

9 x 4 x 100 = 3,600 12)

riddles in total. A 10th drama, A Lifelong Journey,
is processed by the same pipeline but used solely to
construct SFT and RL training data for our baseline
agent and is excluded from the benchmark. The
benchmark can be sliced by drama, riddle type, or
reasoning structure for fine-grained analysis.

From candidate pool to benchmark. Table 9
reports the effect of the closed-book shortcut probe
on the candidate pool. Of 10,761 candidates that
pass rule-based checks and LLM validation, 1,237
(11.5%) are removed because the probe answers
them correctly in both independent queries. Re-
moval is concentrated on 2-clue candidates, which
are the most exposed to series-level priors, while
the multi-hop and compositional families lose only
3.5% to 5.3%. We stress that the resulting 9,524
candidates form the post-filter pool rather than the
benchmark itself. The final 3,600 riddles are ob-
tained from this pool by answer-balanced stratified
sampling, retaining 100 riddles per riddle type per
drama. The downstream effect of this filtering on
shortcut solvability is analyzed in Section 5.3.

C Training Details

C.1 SFT Configuration

We fine-tune Qwen3-8B using the following hy-
perparameters: learning rate 1 x 10> with cosine
decay, batch size 16, maximum sequence length
8192 tokens, 3 training epochs. The training is
conducted on 8 NVIDIA A100 GPUs and takes
approximately 4 hours.

C.2 RL Configuration

For the GRPO-based RL stage, we use the follow-
ing settings: learning rate 5 x 107, batch size 128,
group size G = 8§, clipping parameter ¢ = 0.2, KL
penalty coefficient 5 = 0.01. The reward coeffi-
cients are A\; = 0.3 (grounding) and Ay = 0.5 (for-
mat). Training is conducted on 8 NVIDIA H800
GPUs for 800 steps.
The GRPO objective optimized in Stage 2 is:

Ti(e) = RAASER N (Oi | q) )
TOo1a (Oi | Q)
74(0) = clip (r,(0),1 - ,1+¢),
1 G
Jarro(0) =E  4op@) [5 Z
{Oi}iG:INﬂgold =1

min(ri(Q)Ai, 721(9)141)} - BDKL (770H7Tref> ’

where ¢ is a riddle, {0;}%, are G sampled trajec-
tories, and A; is the group-relative advantage of
trajectory o;.

D Computational Cost

Table 10 summarizes the cost of both inference and
benchmark construction.

At inference time, because all multimodal infor-
mation is structured into text, retrieval is negligible:
a single query over our million-character-level cor-
pus takes under 1 ms with the optimized bm25s
backend. Latency is therefore dominated by the
number of reasoning turns rather than by retrieval
itself, which is what makes the multi-turn search
loop affordable despite the length of the underlying
videos.

For construction, we report a self-hosted ref-
erence configuration so that others can estimate
the cost of reproducing the pipeline locally. A
30-hour drama, corresponding to 45 minutes per
episode over 30 episodes, can be fully processed—
captioning together with speaker, subtitle, OCR,
and face-recognition extraction—in about 24 hours
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Caption-to-Event Parsing Prompt (Part 1/4)

structured events and output valid JSON only.
Task order:
Segment the main events into ‘events®
. Complete the event frame for each event first

. Extract ‘named_characters' for each event

o Ul W N

[1. caption_context]
events. It includes:

time anchors

location anchors

scene background

news, narration, or subtitle background

* ok ok %

character participants.
[2. Event segmentation]

An event must satisfy all of the following:

It has clear core participants
It is self-contained when read alone

* ok % o

Segmentation rules:

clearly changes

modification

* Number ‘event_id‘ in order, such as ‘545_e0O1‘Y,

You are a strict film and TV plot event parsing assistant. Parse the input caption data into

. Extract the full-caption background information into ‘caption_context®

. Generate G1/G2/G3 from the completed event frame

. Extract ‘core_entities' and ‘auxiliary_entities‘ for each G1/G2/G3

‘caption_context' stores background anchors for the whole caption and must not be output as standalone

Pure establishing shots, scenery descriptions, camera language, narration, or subtitle-only background
should usually go into ‘caption_context', not into ‘events‘.
Do not treat narrative devices such as "shot", "frame", "narration", "subtitle", or "audience" as

It has exactly one main action, main change, or main reaction

It at least expresses "who + did what + to whom/with whom/affected what"

« Consecutive actions may stay in one event if they serve the same main action
« Split into a new event when the action center, leading character, result, or time progression

« Do not create standalone events for pure atmosphere, pure summary, or abstract generalization

* Weak events such as "passing by a place" or "the camera follows movement" should preferably be
merged into adjacent events or placed in ‘event_context‘ unless they introduce a new key
character, key object, key location, or askable fact

* A roughly l-minute caption usually contains 2 to 8 events

* ‘evidence_span' must be a continuous or near—-continuous verbatim span from the caption, with no

* Do not concatenate text spans that are far apart
‘545_e02®

Figure 5: Caption-to-event parsing prompt, Part 1: task definition, caption context, and event segmentation rules.

on 16 A800 GPUs using Qwen2.5-VL-72B for cap-
tioning. For the released benchmark we instead
used the Gemini-2.5-Pro API for captioning in or-
der to maximize caption quality, so the self-hosted
figure should be read as a reproducibility reference
rather than as the cost we actually incurred.

E Additional Case Studies

We provide additional examples of our agent’s
reasoning trajectories in this section. These ex-
amples illustrate the agent’s ability to decompose
complex riddles, select appropriate tools, and inte-
grate multi-source evidence across multiple search
rounds. Due to space constraints, we present abbre-
viated versions of the trajectories, highlighting the
key reasoning steps and tool invocations.

Quantity | Value

Inference, single HS00 GPU

Retrieval latency per query | < 1ms
Search turns per riddle 3.66
Latency per turn 1.56s
Latency per riddle 5.7s

Construction, self-hosted reference

Drama length 30h (45 min x 30)
Hardware 16 x A800
Captioning model Qwen2.5-VL-72B
Wall-clock time ~24h

Table 10: Computational cost of inference and of the
construction pipeline. Inference figures are measured
on Empresses in the Palace. Construction figures de-
scribe a self-hosted reference configuration; the released
benchmark uses the Gemini-2.5-Pro API for captioning.

27816



Caption-to-Event Parsing Prompt (Part 2/4)

[3. Event completion]
For each event, internally complete:

omitted or pronominal core participants

the action object or dialogue counterpart

the current scene when necessary

directly relevant background information from ‘caption_context®

* ok ok o

Requirements:

* Only use information clearly supported by the original text and local context

« Do not invent information absent from the original text

« If the original text only gives a descriptive identity such as "an adult" or "a child", do not
complete it as "mother", "partner", "wife", etc. unless the context clearly confirms it

* Use """ or ‘[]' when information cannot be reliably determined

[4. Event grading]
Each event must output G1/G2/G3 as different granularities of the same event.

Gl (minimal self-contained level):

*+ Must contain ‘agent + action + patient/counterparty/target®

«+ Do not write vague descriptions such as "has a dispute", "has a conversation", or "has complex
emotions"

* Do not use ambiguous pronouns such as "he", "she", "they", or "that person"

G2 (disambiguation-enhanced level):

* Add 1 to 2 of the most discriminative details on top of G1
« Prefer location, key object, dialogue topic, or explicit counterpart identity

G3 (complete-description level):

* Add 1 to 2 supplementary facts on top of G2

+ Prefer manner/tone/obvious emotion, cause, or result/consequence

« Only add verifiable facts; do not add theme or atmosphere

« Do not add thematic summaries, atmosphere summaries, or literary phrasing

* Avoid lightly subjective inference or interpretive words, such as "symbolizes", "reflects", "echoes
", "means", "shows", "reveals", "highlights", "warmth", "growth", "inheritance", "resilience", "

seems", "as if", "suggests", "indicates", or "explains"
Additional requirements for dialogue events:

* Write ‘action' as a verifiable action whenever possible, such as "proposes", "refutes", "reminds", "
questions", "answers", "confirms", or "gives"
« Avoid abstract summaries such as "communicates", "misunderstands", or "has an ideological clash"

[5. named_characters]
For each event, extract ‘named_characters':

« Only extract character names that can be clearly identified after event completion

« Keep only explicit names or name-like role labels

« Do not include generic descriptions such as "a man", "a child", "family", or "staff" in ‘
named_characters®

« If no clearly identifiable character name appears in the event, use ‘[]‘

Figure 6: Caption-to-event parsing prompt, Part 2: event completion, grading, and character extraction rules.
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Caption-to-Event Parsing Prompt (Part 3/4)

[6. Key entity extraction]
For each G1/G2/G3, extract:

* ‘core_entities‘: key entities required for that level’s event to hold; keep them minimal but
sufficient
« ‘auxiliary_entities‘: useful but nonessential supplementary entities

Entity types are limited by default to:

*« character/person

* key object

* location

* organization/institution
* proper noun

* explicit event topic term

Requirements:

* ‘core_entities‘ should preferably be directly found in, or clearly correspond to, that level’s ‘
description®

«+ Do not treat pure emotion words, modifiers, or abstract evaluation words as entities

«+ When a character identity is unclear, keep the original descriptive label, such as "the adult in a
dark coat" or "the child wearing a green hat"

* Do not replace specific descriptions with overly abstract group words such as "family", "crowd", or
"people"

[7. event_frame requirements]
‘event_frame' contains:

* ‘core_participants®

« ‘context_participants®
* ‘action®

* ‘target_or_counterparty’
« ‘location®
* ‘key_object®
* ‘cause’

* ‘result®

Requirements:
* Fill ‘cause/result' only when directly supported by the original text or nearby context

* Use ‘""" when the content is only a reasonable guess, thematic summary, or comment
* Do not put narrative devices into ‘core_participants?®

Figure 7: Caption-to-event parsing prompt, Part 3: key entity extraction and event-frame requirements.
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Caption-to-Event Parsing Prompt (Part 4/4)

[8. Output requirements]

Output valid JSON only

Do not output explanations

Use """ or “[]" for uncertain information

Keep ‘evidence_span' verbatim from the input caption

R

Output format:

{
"captions": [

{

json

"caption_id": "xxx",
"caption_context": {
"time_anchor": "",
"location_anchor": "",
"scene_anchor": [],
"news_or_narration": []
I
"events": [
{
"event_id": "xxx_eOl",
"evidence_span": "",
"event_context": {
"time_anchor": "",
"location_anchor": "",
"scene_anchor": [],
"news_or_narration": []
by
"named_characters": [],
"event_frame": {

"core_participants": [],
"context_participants": [],
"action": "V,
"target_or_counterparty": [],
"location": "",

"key_object": [],

"cause": "V,

Myresult": mw

by
"grading": {
"Gl": |
"description": "",
"core_entities": [],
"auxiliary_entities": []
by
"G2": |
"description": "",
"core_entities": [],
"auxiliary_entities": []
by
"G3": |
"description": "",
"core_entities": [],
"auxiliary_entities": []

Figure 8: Caption-to-event parsing prompt, Part 4: output requirements and JSON schema.
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Two-Event Riddle Generation Prompt

You are a drama QA data annotation expert. Based on the given clue views, generate one high-quality
riddle-style question in English.

Your task has two steps:
Step 1: Check whether the sample is suitable for generation.
Step 2: Only if it is suitable, output the question.

Important notes:

The input description is internal evidence, not the riddle text shown directly to users.

Text in the description that matches the answer character has been anonymized as [MASK].

You must extract clues from the anonymized evidence and rewrite them into a question, but you must not
copy [MASK] into the output.

[Stage 1: Suitability Check]
Only decide whether a question should be generated. Do not try to write the question yet.

Must follow:

1) Judge only from each view’s description field; do not use or implicitly introduce any other fields.

2) If the description still contains obvious hints to the answer identity outside [MASK] (such as
surname, stable alias, direct form of address, unique title, etc.), you must reject.

3) If a natural and fluent question cannot be written from the description alone, reject.

4) If the question would require invented chronology or causality to be coherent, reject.

5) If the question is hard to make natural without leaking the answer, reject.

6) If the description contains a relationship-chain clue that uniquely identifies the answer (such as
someone’s son, mother, husband, wife, father, etc.) and it is hard to rewrite naturally without
leaking identity, reject.

[Stage 2: Question Generation]
Generate only if Stage 1 passes.

Must follow:

1) Generate only from the description fields; do not implicitly introduce any other information.

2) Do not directly mention the answer character’s name.

3) Do not mention the answer character’s surname, stable alias, direct form of address, unique title,
or any information that would clearly leak the answer identity.

4) Do not invent chronology or causality across clues. Avoid words and phrases such as "later", "
afterward", "subsequently", "then", "after that", "as a result", "therefore", "leading to", etc.

5) Do not add facts that are not explicitly provided in the input, and do not rely on information
outside the descriptions.

6) Prefer a parallel clue-listing style, presenting each clue as a relatively independent hint.

7) Avoid narrative plot retelling. Do not force multiple clues into a complete story.

8) You may flexibly use patterns such as:

* This person once ..., and in another scene also .... Who is this person?

* In one scene, ...; in another scene, .... Who is this character?

x The following clues point to the same person: ...; .... Who is it?

* One clue is ...; another clue is .... Which character do these clues indicate?

Prefer one of these patterns after rewriting; if you do not use them, still keep a parallel clue-
listing style.
9) The question should be concise and natural, preferably 1 to 2 sentences rather than a long
paragraph.

[Output Requirements]
Output the unified JSON structure only. Do not output any extra explanation:

{
"status": "ok|reject",
"leak_risk": 1,
"naturalness_score": 1,
"hallucination_risk": 1,
"question": "...",
"answer": "...",
"reject_reason": "..."

Rules:

— When status=reject, question and answer must be empty strings, and reject_reason must be filled.
— When status=ok, answer must exactly equal answer_character, and reject_reason must be an empty
string.
- All scores are in the range 1 to 5:
— leak_risk: higher means greater leakage risk.
— hallucination_risk: higher means more likely to induce hallucination.
— naturalness_score: higher means the question is more natural.

Figure 9: Prompt for generating two-event riddle questions from masked clue views.
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Two-Event Riddle Validation Prompt

You are a drama riddle-question validation expert. Judge whether the given question satisfies the data

Criteria:

1)
2)

3)

4)
5)

Output JSON only. Do not output extra text:

{

construction requirements.

question must not contain the answer character name answer_character.

question should be a natural and readable riddle-style question with appropriate length, not
gibberish or a fragment.

question should not obviously leak identity, such as through direct address, stable alias, unique
title, etc.

question should be based on the anonymized clues and should not invent facts.

question should keep a riddle-style ending such as "Who is this person?" or "Which character is
this?"

"status": "pass|fail",
"issues": ["..."],
"reason": "...",

"answer_mentioned": true,
"format_ok": true,
"naturalness_score": 1

Figure 10: Prompt for validating generated two-event riddle questions.
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Multi-Hop QA Generation Prompt (Part 1/2)

You are a multi-hop QA data construction expert. Based on the input hop evidence, generate a question
that must be solved step by step through a chained sequence of subquestions.

Core definitions:
- Subquestion chain: subquestion 1 -> subquestion 2 -> ... -> subquestion N -> final answer (a person)

- For i>=2, subquestion i must depend on the answer to subquestion i-1; if any hop is removed, the
reasoning chain should break.

— Multi-hop reasoning should come from identity carryover, relationship carryover, or semantic
carryover, not from chronology or explicit step-by-step wording.

— The surface form of the question should be natural and readable. Prefer parallel clues or clause-by-
clause progression plus one final question, and avoid templated long attributive chains.

Must satisfy these constraints:
1. Each hop (i>=2) must not independently determine that hop’s answer before the previous hop answer
is known:
— either that hop’s answer is not unique;
- or that hop question is incomplete and must rely on the previous answer.
2. Each hop must be uniquely solvable after the previous hop answer is known.
3. Removing the previous-hop information must prevent unique identification at the whole-series scope:
- previous-hop information alone cannot directly answer the final question;
- the final-hop information also cannot bypass the previous hop and answer directly.
4. Bridge answers must not be mechanically repeated as explicit labels in later questions:
— do not directly insert the previous answer into the next hop as a template like "Who is the
person holding X?"
— implicit carryover through role function, relationship semantics, or scene constraints is allowed

5. question must be a single question with exactly one final answer:
- do not write two or more parallel questions, such as "Who ...? And who ...?2"
- do not expose multiple hops as "first answer A, then answer B".
6. The final solving target of question must exactly match the final-hop answer:
— do not ask about A in the subquestion chain while the overall final answer is B.
7. Surface style:
- Split clues from different events into clauses or sentences separated by semicolons or periods.
All clauses must serve the same final question.
— Avoid stiff concatenation in the form of "very long front modifier + final question".
— Keep the question natural and concise, avoiding overly long single sentences.
8. The question text must rely only on input description_masked; do not invent extra facts.
9. question must not contain chronology words or phrases such as:
- later, afterward, afterwards, subsequently, after that, then, next, eventually, soon after,
thereafter
10. The final answer must exactly equal input answer_character.
11. question sentence-form requirements:
- question must explicitly use semicolons ";" or periods "." to split clues from different hops
into multiple clauses or sentences.
- Key information from each hop should occupy a relatively independent clause or sentence, forming
a clear chain.
- Earlier clauses or sentences provide preceding hop clues in order, and the final clause or
sentence provides the last-hop clue and asks the final question.

Figure 11: Prompt used for both two-hop and three-hop multi-hop question generation, Part 1: task definition and
generation constraints.
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Multi-Hop QA Generation Prompt (Part 2/2)

Positive examples:

— "In one clue, someone emotionally reminds An Xin that he is not the only one who has been hurt
and bled when An Xin despairs that he cannot even shoot accurately; in another clue, while
calling An Xin at home and revealing the true purpose of the guidance team, what hairstyle is
this person shown with?"

Negative examples:

- "Who is the person who spoke in ... and later ...?"
- "Who is the character in ... who ...?2"
- "... the person who ..., later when .

- "First answer A, then answer B"

Output JSON (no extra text):
{

"status": "ok|reject",

"question": "...",

"reasoning_chain": ["hopl_answer=...", "hop2_answer=...", "..."],
"answer": "...",

"reject_reason": "..."

Rules:
— When status=ok:
- question must be filled;
— reasoning_chain must be filled;
— answer must be filled and must equal the final person answer;
- reject_reason must be an empty string.
— When status=reject:
- question must be an empty string;
— reasoning_chain must be an empty array;
- answer must be an empty string;
- reject_reason must clearly explain why generation is impossible.
— Output reject only in the following cases:
1) the input hop evidence cannot form a strict dependency chain;
2) the input hop evidence is insufficient to support a unique answer;
3) connecting the hops into a natural question would require invented facts, added relationships, or
added chronology not present in the input;
4) the chain cannot be expressed as a single question with a single answer without becoming a double
/multiple question or a severely awkward structure;
5) the input hops conflict clearly and make a coherent question impossible.

- Do not reject merely because the wording is not elegant. Reject only when the chain is invalid, the
answer is not unique, facts must be invented, or double-question/severe-structure errors cannot
be avoided.

— Return JSON only. Do not add explanations, comments, or markdown.

Figure 12: Prompt used for both two-hop and three-hop multi-hop question generation, Part 2: examples, rejection
rules, and JSON format. The required hop count is supplied in the input payload.
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Multi-Hop QA Validation Prompt

You are a multi-hop drama question validator. You will receive a generated question and its chain
context. Judge strictly whether it satisfies the rules.

Focus on:
1) Whether question contains banned chronology words or phrases: later, afterward, afterwards,
subsequently, after that, then, next, eventually, soon after, thereafter.
2) Whether question is essentially a double/multiple question or contains two independent solving
targets.
3) Whether question relies heavily on an awkward "very long front modifier + final question" template.
4) Whether question only uses input hops[«*].description_masked and introduces no new facts.
5) Whether the solving target of question matches expected_answer, not another person or object.
6) Whether question is natural, readable, and clear, rather than mechanically stitched.
7) Do not default to a "the person who X, who is Y?" structure; prefer expanding different hops
separately and asking only one final question.
8) Whether question satisfies the required num_hops:
- It must reflect a continuous and indispensable chain of reasoning; the effective number of
reasoning steps must match num_hops.
- For example, when num_hops=3, the question must require at least 3 chained solving steps to reach
the answer; if it can be compressed to 2 steps, it is invalid.
— If hops are insufficient, the chain is broken, or the answer can be reached by skipping steps,
mark fail.

Output JSON only. Do not output extra text:
{

"status": "pass|fail",

"hop_count_ok": true,

"estimated_hops": 0,

"issues": ["..."],

"reason": "..."

Requirements:

- If any hard violation exists, status=fail.

— When status=pass, hop_count_ok must be true and estimated_hops >= num_hops.
— When status=pass, issues may be an empty array.

— Output must be a valid JSON object.

Figure 13: Prompt for validating generated two-hop and three-hop questions.
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Riddle-Multi-Hop Compositional Generation Prompt

You are an expert in constructing combined "riddle + multi-hop" questions.

You will receive two existing questions:
- A riddle question (with question and answer)
- A two-hop multi-hop question (with question and answer)

Generate one new combined question that must satisfy:
1) The reasoning order must be exactly 3 steps:
- Step 1: solve the riddle answer first;
— Step 2: use that answer as the key clue for hop 1 of the multi-hop question to get the
intermediate answer;
— Step 3: complete hop 2 of the multi-hop question to get the final answer.
2) The combined prompt must be a single question, not double/multiple questions.
3) The combined question must not leak answers:
— The riddle answer must not appear directly in question;
- The final answer (i.e., multi-hop answer) must not appear directly in question.
4) The combined question must be based only on the provided two questions and their answers. Do not
add new facts.
5) The combined question should be natural and readable, not a rigid template:
- Do not simply concatenate the riddle text and the multi-hop text;
- riddle_answer must naturally act as the bridge entity or bridge reference in the downstream
reasoning chain;
— question should read like one organically valid question, not a stitched artifact.
6) The output answer must be exactly equal to the input multi-hop answer.
7) Style constraints:
- Keep language natural, concise, and readable; avoid rigid templating;
- Avoid long stacked modifiers;
- Do not use explicit chronology connectors such as: later, afterward, then, subsequently, after that,
soon after.

Output JSON only (no extra text):
{

"status": "ok|reject",

"question": "...",

"reasoning_chain": [
"stepl_riddle_answer=...",
"step2_multihop_hopl_answer=...",

"step3_final_answer=..."
1,
"answer": "...",
"reject_reason": "..."

Rules:
- status=ok:
- question must be non-empty;
- reasoning_chain must contain at least 3 steps;
- answer must equal the given final_answer exactly;
- reject_reason must be empty.
- status=reject:
- question must be empty;
- reasoning_chain must be an empty array;
- answer must be empty;
- reject_reason must explain why.
— Return JSON only, no additional text.

Figure 14: Prompt for synthesizing a single riddle-multi-hop compositional question.
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Riddle-Multi-Hop Compositional Validation Prompt

You are a validator for combined "riddle + multi-hop" questions.
You will receive:

— Combined question question

- Riddle QA (question + answer)

- Multi-hop QA (question + answer)

Expected final answer expected_final_answer

Expected reasoning steps expected_steps (fixed to 3)

Please strictly validate:
1) Whether question is a single question (not double/multiple questions).
2) Whether question leaks answers:
— Must not directly include riddle_answer;
— Must not directly include expected_final_answer.
3) Whether the following chain strictly holds:
- Step 1: riddle_answer can be solved from question first;
— Step 2: hop 1 of multi-hop must rely on Step 1 answer to get an intermediate answer;
— Step 3: Step 2 answer must be required to reach expected_final_ answer.
4) Whether the answer can be obtained without chain reasoning:
- If Step 2 can still hold without Step 1 answer, fail;
- If expected_final_answer can be directly identified by skipping Step 2, fail;
- If any step can be bypassed, the question is invalid.
5) Whether question is strictly based on the given two source QAs without introducing new facts.
6) Whether the final solving target of question is indeed expected_final_answer.
7) Text quality:
— Natural and readable;
- No obvious rigid template, hard stitching, or overlong modifier chains;
— Avoid explicit chronology connectors such as later, afterward, then, subsequently, after that.

Output JSON only (no extra text):
{

"status": "pass|fail",
"chain_steps_ok": true,
"estimated_steps": 0,
"issues": ["..."],
"reason": "..."

}

Requirements:

- If any hard violation exists, status=fail;
— When status=pass, chain_steps_ok must be true and estimated_steps >= expected_steps;
— Output must be a valid JSON object.

Figure 15: Prompt for validating the three-step reasoning structure of compositional questions.
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