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Abstract

LLM-planned generation pipelines compile a
natural-language brief into an intermediate rep-
resentation before invoking a downstream gen-
erator, the same pattern used for structured pro-
grams (VisProg, ViperGPT, LayoutGPT) and
agent pipelines (MetaGPT, DSPy). That plan
is typically checked, if at all, only after genera-
tion. We introduce a deterministic constraint
pass that verifies the compiled plan before
any generation spend. Applied to multi-shot
video, where text-to-video models lose cross-
shot continuity as a character’s face, costume,
or a recurring prop drifts between cuts, Cine-
matic Compiler compiles a story brief into a
typed Cinematic IR, checks every shot prompt
against the continuity facts its entities require
before any pixels are generated, and anchors
shot generation on a character reference image
at inference time, on frozen, commodity back-
ends with no training. Three results: (1) the
compiled IR satisfies 100% of per-shot conti-
nuity constraints versus 2% for direct prompt-
ing and 23% for LLM-expanded prompting (a
true-by-construction fact-propagation guaran-
tee, distinct from pixel-level satisfaction, which
we measure separately), and the checker rejects
both seeded impossible briefs before spend; (2)
reference anchoring raises cross-shot identity
similarity from 0.605 to 0.714 (12/13 briefs,
Wilcoxon p=0.003, dz=0.91), where matched
text-only prompting does not (∆=+0.027, n.s.)
— a same-backbone control shows most of this
gain is attributable to the reference-conditioned
backend rather than conditioning alone; (3)
reference-anchored repair raises identity-vs-
reference 0.628→0.713 over 46 audit-failing
shots (p=1×10−4), where text-prompt repair
does not move identity. We also show the field’s
default continuity metric, pairwise cross-shot
embedding similarity, can be gamed by degen-
erate near-static output, and report identity-vs-
reference jointly with a dynamic-degree score
to guard against it. All quantitative results are
keyframe-level; we additionally validate gener-

alization on briefs from an uninvolved external
contributor (exposing and fixing a real conflict-
detector gap) and on independently authored
ViStoryBench stories. The demo lets attendees
compile, check, edit, and repair a short film
interactively.

1 Introduction

Single-clip text-to-video quality is no longer the
bottleneck for narrative generation: frontier models
exceed 93% VBench subject consistency (Huang
et al., 2024), yet a five-shot film made from five
independent generations shows a different protago-
nist in every cut.1 EntityBench quantifies the fail-
ure: cross-shot entity consistency degrades sharply
with recurrence distance (He et al., 2026). The
2025–26 response is a wave of multi-agent film sys-
tems (Wu et al., 2025; Huang et al., 2026; Shi et al.,
2025; Zhou et al., 2026a) and generator-side mech-
anisms: entity memory (Wei et al., 2026; Zhou
et al., 2026b), entity-grounded shot scheduling (Lai
et al., 2026), storyboard anchoring (Zhang et al.,
2026b), and closed-loop multimodal-feedback en-
forcement (Sun et al., 2026). All of these verify
output after generation, and most require model
access or training.

Cinematic Compiler instead treats continuity as
a checked property of a symbolic plan, verified
before generation, on frozen commodity back-
ends (Fig. 1). The system compiles a one-line brief
into a typed Cinematic IR spanning narrative, shots
with per-shot must_preserve facts, ten design de-
partments, and a continuity graph of characters,
props, and locations with appearance schedules.
Two deterministic passes run before any generation
spend: a constraint-satisfaction pass and a conflict
detector that rejects impossible briefs outright. At
generation time, shots are anchored on the com-
piled character reference image via commodity im-

1Code:https://github.com/ssrakash5/
cinematicompiler. Live demo: http://8.222.231.140/.
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age editing, and a vision-model audit scores each
shot against the graph.

We make four measured contributions. (1) Pre-
generation constraint checking. The determin-
istic pass reaches 100% per-shot constraint satis-
faction versus 2% for direct prompting and 23%
for LLM-expanded prompting; an ablation shows
the pass itself, not merely having an IR, sup-
plies the majority of the gain (36.5% with the
pass disabled). This figure is true by construc-
tion — fact propagation into the prompt, not pixel
fidelity, which §5 measures separately. The con-
flict detector classifies all 15 benchmark briefs cor-
rectly. (2) A controlled decomposition of where
cross-shot identity lives. Holding prompts and
references fixed and swapping only the genera-
tion mechanism, text-level identity constraints do
not transfer to pixels (∆=+0.027, n.s.), while
reference anchoring raises identity-vs-reference
similarity 0.605→0.714 (+0.108±0.119, 12/13
briefs, Wilcoxon p=0.0034, dz=0.91); the gain
anti-correlates with the text-only baseline (Pearson
r=−0.810, p<0.001). (3) A gaming-resistant,
human-validated continuity evaluation. We ex-
hibit an adversarial case where pairwise cross-shot
embedding similarity scores a degenerate near-
duplicate baseline above a visibly better film (0.86
vs. 0.73), and define the corrected protocol. Three
independent raters scoring 90 shots stratified across
the metric’s full range correlate with it at Pearson
r=0.82 (Spearman ρ=0.80, both p<0.001), with
substantial inter-rater agreement (Krippendorff’s
α=0.72). (4) CineBench-Plan v0 and a reusable
harness: 22 briefs (15 team-authored + 7 external)
with gold constraints and an offline metric suite that
re-scores stored artifacts with no further generation
calls.

2 Related Work

Multi-agent film generation. MovieAgent (Wu
et al., 2025) plans films with hierarchical CoT
agents; ViMax (Huang et al., 2026), AniMaker (Shi
et al., 2025), and DramaDirector (Zhou et al.,
2026a) extend the recipe; FilmAgent (Xu et al.,
2025) stages crews in Unity 3D; Anim-Director (Li
et al., 2024) self-refines an animation pipeline. Ev-
ery critic in this family judges generated output.
We introduce a deterministic symbolic check that
runs before generation and rejects impossible plans
before any spend.

Cross-shot consistency mechanisms. Ground-

Shot (Lai et al., 2026) schedules shots over
grounded entities; STAGE (Zhang et al., 2026b)
anchors on storyboards; Memento (Wei et al.,
2026) and EntityBench’s EntityMem maintain en-
tity memory; ARGUS (Meng et al., 2026) and
VideoGen-of-Thought (Zheng et al., 2024) inject
identity-preserving conditioning into the genera-
tor. These operate inside or alongside the generator.
Our contribution is the controlled decomposition:
measuring text-level and image-level continuity
separately under matched prompts, finding the gain
concentrates where prompting fails.

Verify-before-render (2026 concurrent work).
MUSE (Sun et al., 2026) frames story genera-
tion as closed-loop constraint enforcement, but its
loop verifies generated multimodal output via feed-
back — the same shape as our own audit→repair
— and reports no deterministic satisfaction rate.
GEST (Cudlenco et al., 2026) compiles a story into
a structured event graph executed deterministically
inside a 3D game engine, guaranteeing physical
validity by construction, but on a different back-
end class (a deterministic renderer, not a frozen
generative model) and target (physics, not entity
continuity). Our checker runs before generation,
against a frozen commodity backend, and reports
the pass’s isolated contribution directly (§5.1); nei-
ther reports this combination.

Benchmarks. VBench (Huang et al., 2024)
and EvalCrafter (Liu et al., 2024) measure single-
clip quality; EntityBench (He et al., 2026) and
MuSS (Zhang et al., 2026a) measure cross-shot
consistency of generated output. CineBench-Plan
evaluates the plan before pixels exist. SketchVer-
ify (Huang et al., 2025) shares our verify-before-
synthesis motivation for physics plans; our checker
verifies symbolic continuity constraints.

LLM planning and structured IRs. VideoDi-
rectorGPT (Lin et al., 2024) established LLM
video plans; LayoutGPT (Feng et al., 2023) and
VisProg (Gupta and Kembhavi, 2023) established
LLM-emitted structured programs; DSPy (Khattab
et al., 2024) compiles LM pipelines against a met-
ric; MetaGPT (Hong et al., 2024) passes structured
documents between role agents. We specialize the
paradigm to a typed, temporally-indexed cinematic
IR whose value the checker ablation demonstrates.

3 System

Cinematic IR. A job compiles through six stages:
script, storyboard, design bible (ten departments),
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Figure 1: Brief → typed IR → deterministic constraint pass and conflict detector (pre-generation, no spend) →
reference-anchored generation on a frozen backend → vision audit and anchored repair (post-generation). Impossible
briefs are rejected before any generation cost; audit-failing shots re-generate on the same reference anchor rather
than a text re-roll. Generated and repaired shots shown are real pipeline output.

System Verifies pre-gen.? Frozen backend? Reports CSR? Continuity mechanism

Prior multi-agent film & cross-shot systems† ✗ varies ✗ LLM/VLM critic, scheduling, or entity memory (post-hoc)
MUSE (Sun et al., 2026) ✗ (verifies output in loop) unspecified ✗ (human-validated) closed-loop multimodal feedback
GEST (Cudlenco et al., 2026) ✓ (graph checked pre-exec) ✗ (3D game engine) validity-by-construction simulator constraints
Cinematic Compiler ✓ ✓ ✓ (100% vs. 2%/23%)∗ deterministic checker + ref. anchoring

Table 1: Comparison with existing systems (§6.2). CSR = constraint-satisfaction rate. †MovieAgent, ViMax,
AniMaker, DramaDirector, FilmAgent, Anim-Director, GroundShot, STAGE, Memento, VideoMemory, EntityMem.
∗Plan-level, true by construction (§3); pixel-level satisfaction is measured separately (§§5.3–5.4).

continuity graph, references, shots. Shots carry
must_preserve fact lists; the graph tracks charac-
ters, props, and locations with appears_in sched-
ules and identity/costume attributes. The same
schema represents benchmark gold constraints and
live pipeline output, so one metric path scores both
(spec released as IR_SPEC.md).

Pass 1: constraint satisfaction (pre-
generation, deterministic). For each shot,
the union of its must_preserve facts, the at-
tributes of characters scheduled to appear, the
required props, and location facts must appear
in the compiled shot prompt; missing facts are
propagated in. Disabling propagation drops
satisfaction from 100% to 36.5%. This checks fact
propagation into text, not pixel fidelity, which Pass
4 and §§5.3–5.4 assess empirically.

Pass 2: conflict detection (pre-generation,
deterministic). Targeted contradiction checks
(weather vs. locked location; costume vs. locked
wardrobe with no change beat) reject impossible
briefs before spend; 15/15 briefs classified cor-
rectly.

Pass 3: reference anchoring (generation-time).
Shot images are generated by identity-preserving

image editing conditioned on the compiled charac-
ter reference portrait plus the compiled shot prompt,
on a frozen commodity endpoint.

Pass 4: vision audit and anchored repair.
A VLM scores each shot against its constraint
checklist (threshold 0.75); failing shots regenerate
through Pass 3 with the repair prompt. Text-prompt
repair does not move identity (§5.4); reference-
anchored regeneration through Pass 3 does, and is
the repair path we report.

Harness. A model-fallback client (text, vi-
sion, t2i, image-edit chains) completed all reported
batches with zero generation errors; artifacts re-
score offline with no further calls.

4 Evaluation Methodology

Pairwise similarity is gameable. The default
cross-shot metric, mean pairwise CLIP/DINO simi-
larity, rewards monotony: a baseline emitting near-
duplicate generic frames scores higher (0.86) than
a visibly better, more varied film (0.73) on the same
brief. Any planning layer that increases shot variety
is penalized by construction.

Metric of record. We score (a) identity-vs-
reference: mean CLIP similarity of each shot to the
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Figure 2: Per-shot continuity-constraint satisfaction
across prompting conditions (15 briefs).

film’s character reference portrait, anchoring the
comparison to a fixed identity; and (b) dynamic de-
gree: mean pairwise visual change across shots, re-
ported alongside every continuity number so static
output is visible.

Human validation. Since CLIP similarity
can be brittle, three raters independently scored
90 shots (1–5 Likert, same-character confidence),
stratified across the metric’s full score range (0.345–
0.958). Mean human rating correlates with identity-
vs-reference at Pearson r=0.82 (p<0.001) and
Spearman ρ=0.80 (p<0.001); inter-rater agree-
ment is substantial (Krippendorff’s α=0.72, 3
raters). Sampling, protocol, and analysis are re-
leased.

5 Results

5.1 Constraint adherence and pass ablation
Fig. 2: direct prompting satisfies 2.2% of per-shot
continuity constraints, LLM-expanded prompting
22.8%, the IR with the constraint pass disabled
36.5%, and the full pass 100% (15 briefs, offline,
deterministic). Conflict detection: 15/15. The
increase from 36.5% to 100% indicates that con-
straint propagation, rather than the IR alone, ac-
counts for most of the adherence gain.

5.2 External benchmark: a generalization gap
we found and fixed

The 15 briefs above are team-authored, risking
rules tuned to our own test cases. A contributor
uninvolved in the design, given only the schema,
added 7 briefs: 5 consistent, plus 2 impossible with
new contradiction types — a prop destroyed then
required intact later, and a fixed identity marker
required on the opposite side. This exposed a real
gap: our original two-rule detector (weather, cos-
tume) scored 3/7 (43%) — 2 false positives from

checking a shared must_preserve list against each
present character’s lock individually rather than the
union of everyone present, and 2 false negatives,
since neither new type had a matching rule. We
fixed the union bug and added identity-orientation
and prop-state rules; re-run: external detection 7/7,
zero regression on the original 15 (combined 22-
brief benchmark: A=0.018, C=0.227, E0=0.369,
E/F=1.000, conflict detection 22/22). We report the
pre-fix 3/7 alongside the post-fix 7/7, since the gap
it exposed is itself informative.

5.3 Where cross-shot identity lives
Text-level constraints do not transfer to pixels:
across 6 briefs with matched references, identity-
vs-reference for direct prompting vs. the full text-
only compiler is 0.533 vs. 0.560 (∆=+0.027, 3/3
per-brief split, n.s.). The compiler’s prompts carry
the identity facts (§5.1); the frozen backend does
not preserve them. Reference anchoring closes
the gap (Fig. 3, Fig. 4a): holding the reference
and compiled prompts fixed and swapping only
the generation mechanism, identity-vs-reference
rises 0.605 → 0.714 (+0.108±0.119; Wilcoxon
p=0.0034; dz=0.91; 12/13 briefs). The single
loss is the brief whose text-only baseline was al-
ready highest (0.719), and across briefs the gain
anti-correlates with the text-only baseline (Pear-
son r=−0.810, p=0.0008): anchoring contributes
most exactly where prompt-level continuity fails
worst (e.g., 0.445 → 0.755; 0.489 → 0.844).
Trade-off: anchoring reduces dynamic degree
0.267 → 0.188 (p=0.0002): anchoring identity
reduces shot variety, and we report both numbers
in every table so this trade-off stays visible.

Same-backbone control (n=6). The compari-
son above also swaps backbones (wan2.1-t2i-turbo
→ qwen-image-edit-max), confounding it with con-
ditioning. Holding the backbone fixed and only tog-
gling input.ref_img on wan2.1-t2i-turbo (fresh
reference, same prompts), identity-vs-reference
rises 0.623 → 0.646 (∆=+0.023±0.034, 5/6
briefs, paired t p=0.165, Wilcoxon p=0.156,
dz=0.66) — real and same-direction, but about
a fifth of the +0.108 backbone-swap gain, n.s. at
this n. Most of the reported gain is attributable to
the edit-capable backend, with a modest additional
contribution from conditioning alone.

5.4 Repair
Text-prompt repair (rewriting the shot prompt from
audit findings and regenerating via text-to-image)
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Figure 3: Paired identity-vs-reference per brief, text-
only vs. reference-anchored generation under identical
compiled prompts (n=13).

does not move identity (audit 0.630 → 0.635 over
6 briefs, clearing the threshold on none): repair
that stays in prompt space cannot correct pixel-
level identity drift. Reference-anchored repair
does. Regenerating all 46 audit-failing shots across
the 13 briefs through Pass 3 (image edit on the
character reference with the stored repair prompt)
raises identity-vs-reference 0.628 → 0.713 (38/46
shots improved, Wilcoxon p=1×10−4, dz=0.62),
with zero generation errors. The VLM audit score
moves only 0.599 → 0.612 (n.s.): the determin-
istic identity metric registers a repair effect the
noisy vision audit largely misses: evidence that
verification should weight deterministic identity
measurement over VLM scoring, consistent with
§4.

5.5 Reproducibility: a negative result
Under default sampling the compiled plan is not
reproducible: across 5 reruns of each of 3 briefs,
mean structural IR distance (normalized edit dis-
tance over shot-level structural fields; 0 = identical,
1 = disjoint) is 0.77 (per-brief 0.68–0.83). The
pipeline invents continuity facts from the one-line
logline, so each run invents a different set, and no
seed is plumbed into the text calls; this motivates
gold-constraint ingestion and seed control (§8) and
does not affect §§5–5.4, which hold the plan fixed
per condition.

5.6 System
IR validity 1.0 on gold briefs. All live batches com-
pleted with zero generation errors. Wall-clock la-
tency across the 13 benchmark films (script through
shot generation, harness timestamps) is 20.3 min-
utes mean / 25.9 minutes median (range 6.8–35.9
minutes, driven by DashScope rate limiting rather
than compute). Pinned models: qwen3.5-flash
(text), qwen-vl-plus (audit), wan2.1-t2i-turbo (t2i),

qwen-image-edit-max (anchoring).

6 Demonstration

Attendees drive the pipeline from a canvas UI2:
(1) Compile a one-line brief and inspect the IR
building stage by stage. (2) Check: run the con-
straint pass on a seeded conflict brief and watch it
rejected before generation with the contradiction
named; post-hoc critics only evaluate output after
generation. (3) Break and steer: chat with the De-
sign Bible node (“change her coat to red”); the edit
propagates through the graph into references and
every scheduled shot, downstream stages regener-
ate, and the checker re-verifies — a live, editable
plan, not a one-shot LLM output. (4) Extend: at-
tendees drop a custom agent into any stage with
a one-line system prompt; its output slots into the
graph as a new node. (5) Generate and audit:
shots render reference-anchored; the vision audit
scores each; the film assembles. If connectivity
fails, every benchmark brief has stored jobs that
replay through the same UI. Fig. 4b shows the Shot
01 detail panel from a stored job.

6.1 Target Audience
Two audiences: (1) researchers building LLM-
planned generation pipelines, who need a worked
example of verifying a compiled plan before spend-
ing generation budget on it, and can reuse the IR,
checker, and custom-agent interface outside the
video domain; (2) narrative content creators and
tooling teams evaluating multi-shot AI video sys-
tems, who get a checked, editable alternative to
blind re-prompting.

6.2 Comparison with Existing Systems
Table 1 (§2) situates Cinematic Compiler against
the closest 2026 systems: MUSE verifies generated
output in a feedback loop; GEST verifies a struc-
tured plan inside a deterministic 3D game engine
rather than a generative backend. §2 details each.

7 Limitations

Scope: keyframe continuity, not mo-
tion/temporal coherence. The system assembles
a final video via an image-to-video backend and
concatenation (§3), and the demo plays a full film,
but every quantitative result (§5) is measured on the

2Video demo: https://drive.google.com/file/
d/1yrI7hZjjy863PW6OzdCTZ6WH1kYty4Ur/view?usp=
sharing.

5
21



(a) Same compiled prompts per row, only the generation mechanism swapped.
Left column: text-only generation loses the subject entirely by Shot 2. Right
column: reference-anchored generation holds identity across all three shots.

(b) Shot 01 detail panel from the live
canvas UI against a stored job (read-
only, zero new generation): the audit
score ring (63%, below the 0.75 thresh-
old) and the “why a retake” report nam-
ing exactly which must_preserve facts
the shot failed.

Figure 4: Reference-anchored generation vs. a text-only baseline (a), and the live audit/retake UI that drives repair
(b).

compiled shot images, before the image-to-video
step; motion quality, intra-clip temporal coherence,
and transition continuity are inherited from the
frozen backend and unevaluated here. Read
this paper’s claims as claims about cross-shot
keyframe continuity; full-film motion/transition
evaluation is future work.

Identity-vs-reference uses CLIP embeddings; we
validate it against human judgment (§4, r=0.82,
n=90), but on a stratified sample, and the adver-
sarial pairwise case is one brief. The benchmark
is 15 team-authored briefs plus 7 external ones
(§5.2, uninvolved contributor, 2 new contradiction
types) — this exposed and let us fix a real gener-
alization gap in the conflict detector rather than
confirming a clean result. A larger externally-
sourced benchmark at ≥100 briefs remains v1
future work; 7 briefs bounds rather than elimi-
nates the risk that our taxonomy misses classes
a larger benchmark would surface. As a support-
ing check on genuinely third-party content, we
replicated §5.3 on 9 ViStoryBench (Zhuang et al.,
2025) stories (real characters/shots/photos, our own
metric, not their GPU-only evaluator): 0.635 →

0.702 (∆=+0.066±0.093, 6/9 improved, paired t
p=0.067, Wilcoxon p=0.129, dz=0.71) — same
direction and comparable effect size to the main
result, n.s. at this n; a full run against their official
evaluator is future work. The pipeline invents con-
tinuity facts from the logline rather than ingesting
gold constraints, so gold-referenced satisfaction for
live runs understates the mechanism of §5.1. Refer-
ence anchoring uses a single character portrait per
film; multi-character anchoring and the dynamic-
degree trade-off are open. §5.3’s comparison also
changes backend (text-to-image vs. image-editing);
the same-backbone control there isolates condition-
ing. Pixel quality is inherited from the backends;
we make no pixel-quality claims.

8 Conclusion

Continuity is better treated as a checked property
of a plan plus an anchored property of generation
than an emergent hope of a generator: a determin-
istic pre-generation pass reaches perfect adherence
where prompting reaches 2%, and a reference an-
chor delivers pixel-level identity prompting did not
preserve.
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