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Abstract—Producing high-quality audio dramas requires her-
culean efforts and hours of intensive labor across analysis, gener-
ation, alignment, and mixing. This makes the process tedious for
professional sound engineers and prohibitively difficult for novice
creators. While a few recent automated approaches address high-
level planning and speech generation, the low-level layering,
placement, and mixing of background music (BGM) and sound
effects (SFX) remain largely unaddressed within such end-to-end
pipelines. To bridge this gap, we present SAGA (Script-to-Audio-
Generation-Agent), a novel three-stage agentic framework that
automates an expert sound engineer’s workflow end to end, from
script understanding to a final mastered episode. We show that
SAGA matches the quality of a human-in-the-loop workflow in
objective evaluation scores while reducing production time from
several hours to a few minutes, making it an effective tool for
both expert and novice creators.

Index Terms—Audio drama, Audio mastering, Sound Design,
Text-to-Speech

I. INTRODUCTION

Producing a compelling audio drama requires a meticulous
fine-tuning and orchestration of multiple audio layers: (i)
dialogues and character interactions, (ii) background music
(BGM) to set the overall emotional tone and enhance the key
moments, (iii) ambient sounds to establish the spatial environ-
ments, and (iv) sound-effect tracks to support the happenings
in the scene. With recent advances in large language models
(LLMs) and generative audio models, each of these tracks can
now be synthesized from text based prompts. For example,
we can use LLMs for structural planning [1], [2], Text-to-
Speech (TTS) models for synthesizing dialogue and speaker
interactions [3], [4], and text-to-audio models for generating a
suitable BGM and sound effects (SFX) tracks [5], [6]. In the
traditional workflow that involves a human in the loop, a sound
engineer is thereafter responsible for bridging the underlying
gaps. The text-prompts often need iterative refinements and
finetuning to get the desired acoustic outputs from the models.
Then, these individual tracks need to be manually aligned,
layered and mixed in a multi-track session, at the right volume
levels and necessary cross-fades to produce the final mix.
This manual alignment and mixing approach can be extremely
tedious and time-consuming even for expert sound engineers.
For novice creators, without the underlying domain knowledge
of sound engineering, this process can be prohibitively difficult
and inaccessible.

There have been a few recent attempts [7], [8] to make
the creation process more accessible and scalable using LLM
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agents. The closest approach to our work, AuDirector [9],
produces long-form audiobooks using a critic agent that listens
and regenerates the wrong portions. However, most of these
approaches have largely focused on the overall planning and
content direction parts of the pipeline. The mixing and master-
ing stages themselves have been studied only in isolation [10],
[11], not as part of an end-to-end audio-drama system. We
approach the problem in a much more holistic way and try to
recreate the individual steps of an expert sound-engineer in an
automated agentic way to deliver the final mastered audio.

We approach the problem using the following 3-stage
pipeline:

Lane A: Multi-Agent Script Analysis
In the first lane, we setup an agentic creative director for
the audio drama. Given the script, we use a combination of
LLMs to analyze the script and plan out the entire show. This
planning involves multiple underlying steps like (i) finding
suitable voice styles and descriptions for the characters, (ii)
planning speaker turns and assigning emotional tags, (iii)
understanding narrative beats and scene intensity curves, and
(iv) designing the nature, styles, and placements of background
music and sound effects. It’s important to note that there is not
audio level timing information yet at this stage.

Lane B: Generating and Placing Audio Layers
In the second lane, we use the upgraded script-specific ex-
tractions from the first lane to synthesize the underlying
audio layers. We pass character and voice-design specifications
to a TTS model [12] to generate emotive dialogues and
the corresponding speaker turns in case of multi-character
scenes. Similar prompts and other corresponding generative
text-to-audio models are used to generate the BGM and SFX
tracks [13]. Now that we have the audios and the aligned
text available, we also establish a global clock using anchor
words generated in lane 1. These anchor words and their
corresponding timestamps ensure that the SFX and BGM
sounds are placed at the right locations in the scenes.

Lane C: Layering, Mixing and Mastering
In the final lane, we mix these individual audio tracks. We
use the scene intensities to get suitable the volume levels for
the BGM and Ambience tracks thereby fitting these sounds
appropriately to the script’s narrative. The individual layers
are also processed and loudness normalized [14], [15] before
being combined to produce a professionally mastered final
audio output.
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Fig. 1. Lane A generates script annotations via LLM; Lane B renders voices and sound beds into the master clock; Lane C mixes/masters the output.

The key contributions of this work are as follows:
• A Holistic, Automated End-to-End Production

Pipeline: We present a novel, agentic three-lane structure
to automate the entire production pipeline for producing
high-quality audio dramas. Our system replicates and
handles the comprehensive workflow of a professional
sound engineer to generate the complete mastered file
only from the script.

• Empirical Validation Against Professional Human
Mixing: Through our evaluations, we demonstrate that
our approach delivers compelling audio dramas more
consistently than the traditional human-in-the-loop ap-
proach while delivering the same quality across multiple
aesthetic evaluation metrics.

• Democratization and Turnaround Optimization: Our
evaluations also show that our framework drastically re-
duces the end-to-end production time from hours to mere
minutes of automated execution. The text-prompt based
pipeline removes the need for deep domain expertise and
makes this automated approach a viable and accessible
alternative for both experts and novice creators.

II. ALGORITHM DETAILS

The system is organized into three sequential lanes that
transform a script into a mastered audio episode as shown in
Fig. 1. The first lane operates as a creative-direction pipeline
composed of multiple specialized LLM passes. A character
casting pass identifies all speaking characters and assigns each
a voice specification, and a segmentation pass divides the
script into speaker-level turns while embedding performance-
oriented emotion tags to guide the speech model’s emotional
rendering. The remaining passes carry the heavier analytical
load, producing the design of the show’s non-speech sound-
scape: they extract the narrative structure, including story
beats, locations, and key moments; construct a word-anchored
intensity curve on a 0–10 scale that later governs both music
design and the final mix; define the overarching creative
direction, including directorial intent, genre balance, hook
placement, and climax positioning; and specify the planned

background-music and sound-effect events together with their
intended style, function, and target span.

The second lane converts this script-level plan into a syn-
chronized episode timeline. Dialogue is rendered segment by
segment using the assigned voice profiles for each character.
To prevent word loss or unwanted silence when joining in-
dependently generated TTS clips, temporary spoken boundary
markers are added around each segment so that any clipping or
edge silence affects only the markers. These markers are then
removed using silence-aware trimming. Because TTS timing
metadata can drift, each segment is placed using a cursor that
advances according to the actual rendered duration of the clip.
This produces a stable timeline and converts the word anchors
from the first lane into real timestamps. Once the true scene
durations are known, the system produces a global timestamp
map that fixes the onset of each voice segment, sound effect
event, music cue, and ambience layer on this shared clock;
each asset is then processed according to its own function —
a sound effect punctuated at its anchored instant, a music cue
swelling across its span, an ambience bed sustained beneath
the scene, and time aligned against the others, so that every
layer fulfills its individual role, yet the layers remain mutually
coherent as a single mix. This lane therefore provides the
synchronized timing specification required for the final mixing
and mastering stage.

The final lane performs audio processing, layering, mixing,
and mastering. Each layer is processed independently before
the final mix. The voice chain applies click repair, noise
and synthetic-reverb removal, de-essing, per-character adap-
tive EQ and loudness normalization. Generated music beds,
ambience, and sound effects are normalized within category-
specific loudness ranges, peak-limited, and given a subtle high-
frequency lift to reduce the dullness often present in generative
audio. Music loudness is shaped according to the story by con-
verting the script-based intensity spans into a continuous BGM
target curve Fig. 2, with controlled adjustment relative to voice
energy near scripted peaks so that major narrative moments
remain impactful even when the narration is delivered evenly.
The final mix is then tonally matched to a professionally
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Fig. 2. An example BGM loudness envelope over 17 intensity segments. Each
segment gets an intensity score in Lane A that is interpolated and used to
transition the BGM track across the whole audio. Depending on the loudness
of the dialogue and performance, the loudness is corrected to maintain suitable
BGM loudness levels.

mastered reference, normalized to -16 LUFS under a -1.5
dBTP true-peak limiter following EBU R128, quality-checked,
and delivered as a 48 kHz, 24-bit stereo master.

III. EVALUATION, RESULTS AND DISCUSSION

We compared SAGA’s fully automatic master with that
of a professional sound engineer, scoring both with Meta
Audiobox-Aesthetics [16]. Fig. 3 shows that SAGA is com-
petitive with human mastering on every axis and significantly
leads on Production Complexity. SAGA is also more consistent
in quality across episodes.

We also compared the two workflows on overall and
lane-wise production time (Table I). A human team spends
roughly 11 hours per episode, selecting sounds from a library,
recording voice talent, and mixing by hand. SAGA instead
synthesizes every layer on demand and completes the mixing
process in about 18 minutes on average, leading to an end-
to-end speed-up of nearly 40× over the human-in-the-loop
approach. This shifts the bottleneck from audio-engineering
expertise to creative intent, thereby enabling a solo writer to
take a script all the way to a finished, broadcast-ready episode.

Finally, we ran a subjective study in which professional
sound engineers rated both SAGA and human mastered files on
seven production-oriented dimensions (Table II). Here expert
listeners rate the human mastered higher on every dimension
compared to SAGA and the gap is widest on SFX quality.
Despite this gap, SAGA still attains a consistent, broadcast-
ready and usable level across the same dimensions at a fraction
of the time and human effort. Closing this residual gap is a
clear direction for future work.

TABLE I
PRODUCTION TIME PER EPISODE: HUMAN VS. SAGA

Pipeline lane Human SAGA Speedup

1 Script analysis 2 h 5 min 25×
2 Audio layer creation 8 h 12 min 40×
3 Layering, mix & master 1 h 1 min 60×

Total time / episode ∼11 h ∼18 min ∼40×

Fig. 3. Objective evaluation using Audiobox-Aesthetics scores (1–10) for
SAGA (left) vs. human (right) mastering. The evaluation is split over four
axes: Content Enjoyment (CE), Content Usefulness (CU), Production Com-
plexity (PC), and Production Quality (PQ). Each side aggregates 35 episodes.
The evaluated audios range in duration from 3 mins to 17 mins with an
average duration of 8 mins. The dashed lines in the violins show the median,
25-percentile and 75-percentile points of the scores respectively. Observations:
(i) SAGA matches or exceeds human on every axis (higher on three, level on
CU); (ii) the largest gap is Production Complexity (+0.99)—the model rates
SAGA masters as noticeably more “complex/layered”; (iii) SAGA is far more
consistent, its standard deviation ∼2× smaller than human on every axis.

TABLE II
SUBJECTIVE RATINGS BY PROFESSIONAL SOUND ENGINEERS

Dimension Human Mastered SAGA
(mean± 95% CI) (mean± 95% CI)

Overall Audio Quality 7.48± 0.21 5.56± 0.24

Music Quality 6.90± 0.27 5.38± 0.29

Music Mood Mapping 6.66± 0.36 5.22± 0.32

SFX Quality 6.86± 0.32 4.58± 0.23

SFX Sync / Timing 7.28± 0.24 5.78± 0.36

Mix Balance 6.92± 0.25 5.40± 0.25

Audio Levels 7.24± 0.26 6.12± 0.26

IV. CONCLUSION

In this paper, we present a novel three-lane approach to
entirely automate the end-to-end production of audio dramas
directly from its text script by tracking and automating the
steps of a human-in-the-loop approach. Lane A first uses a
multi-agent framework to analyze the script, extract character
specifications, understand narrative beats, and generate scene
intensity curves. Lane B uses this creative plan to generate
dialogue, BGM, SFX and other layered audio tracks and also
aligns them with anchor words to get precise time-stamps
relative to the generated speech. Finally, Lane C mixes these
tracks based on scene intensity to deliver the final mastered
audio file. While subjective evaluations show that human
mixing still holds the edge, our approach establishes a good
baseline while significantly slashing end-to-end production
time from hours to minutes.
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