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Abstract
Most voice-cloning systems are built for audio alone: they copy the reference recording’s delivery
and acoustics, so a voice cloned on a phone sounds like a phone recording whether the speaker
is pictured in a studio, on a street, or in a cathedral. Speech for a talking video should sound
like the pictured person speaking in the pictured place. We present HeyGen Voice, a scene-aware
voice-cloning model that separates who is speaking from how and where: it keeps the speaker’s
voice from an everyday recording while the target image sets the delivery and acoustics. Prior
image-conditioned TTS does half of this job: it either adds scene acoustics without keeping a
specific speaker or infers a voice from a face. HeyGen Voice is a multimodal autoregressive
transformer conditioned on the image, speaker and scene captions, and the voice recording, trained
in five stages that move from multilingual TTS pretraining through simulated and real cross-
scene adaptation to reinforcement and preference optimization. Two clone policies trade scene
adaptation against fidelity to the original recording, and an audio anchor holds long scripts in
one voice and one acoustic environment. Listeners prefer HeyGen Voice over leading commercial
systems across a third-party arena, production votes, and talking-video studies: it ranks first
(Elo 1201) on the public Artificial Analysis controlled-voice TTS leaderboard (October 2026); in
a blind test, users cloning their own voice chose it over ElevenLabs v4 and Cartesia Sonic 3.6 in
62% and 54% of votes; and volunteers rated talking videos of their own digital twin about 10 to 30
points higher (out of 100) when voiced by HeyGen Voice than by leading commercial alternatives.
Try HeyGen Voice and hear samples at https://heygen.com/heygen-voice.

Date: October 10, 2026
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1 Introduction
Zero-shot speech synthesis has matured quickly. Codec language models [14], autoregressive acoustic models
paired with diffusion or flow decoders [1, 4, 5, 23, 24, 36, 74], and non-autoregressive flow-matching models [16,
27, 39, 69] now clone a voice from a few seconds of audio and read a script in dozens of languages. On read-
speech benchmarks the leading commercial and open systems are separated by fractions of a percent in
character error rate; what still separates them is delivery, acoustics, and fit to the use case.

Talking videos are such a use case. Speech is heard together with a visible person in a visible place: a creator
at a desk, a presenter on a stage, a host in a podcast studio. Most voice-cloning systems are built for audio
alone: they treat the reference recording as the definition of the voice and carry its microphone, room, and
delivery into the generated speech, so a voice cloned from a phone recording keeps that recording’s sound in
every pictured scene. Speech for a talking video should instead sound like the pictured person speaking in
the pictured place.

Achieving this raises three main challenges. First, existing approaches do one half of the job: description-
guided TTS [32, 49, 71] controls delivery from text but has no access to the picture; face-conditioned and
multimodal-controllable synthesis [40, 52, 53] infers a plausible voice from an image without preserving
a particular speaker; image-conditioned TTS and visual acoustic matching [11, 45, 62, 75] add a scene’s
acoustics without keeping a specific speaker; and joint audio–video models [7, 8, 30, 54] generate speech with
the picture but not from a chosen voice. Table 1 summarizes these categories. Second, the training data
works against the task: in ordinary TTS data the reference and the target come from the same recording, so
the reference already explains the delivery and acoustics and the model has no reason to consult the image,
while recordings of the same speaker in genuinely different scenes are scarce and hard to pair. Third, an
image and two captions leave the exact acoustics of a scene underdetermined, so a long script generated
chunk by chunk drifts in voice and room. Underneath all three is a tension between fidelity to the recording
and fit to the scene: some users want to sound exactly like their reference, others want to sound like the
pictured place.

HeyGen Voice is built for this setting. It separates who is speaking from how and where: the user records a
voice reference once, on any device, and then supplies a target image, a script, and a delivery style for each
scene; a language model writes speaker and background captions from the image and the requested style
(Figure 4). A multimodal autoregressive transformer predicts discrete acoustic codes from pooled image,
caption, and reference tokens, and a flow-matching decoder renders 44.1 kHz audio that keeps the speaker’s
voice while taking delivery and acoustics from the scene. Our first three contributions answer the three
challenges in turn; the fourth measures the result:

• Image-guided cross-scene speech generation. A conditioning design that places pooled reference tokens for
the speaker’s voice alongside pooled image tokens and explicit delivery and environment captions, with two
clone policies that either design the voice’s delivery and acoustics for the pictured scene (voice-clone) or
continue the reference recording (full-clone) (Sections 2 and 4).

• A cross-scene training curriculum. Supervised multilingual TTS pretraining, simulated cross-scene adapta-
tion with reference perturbations that remove the same-recording shortcut, supervised fine-tuning on real
same-speaker cross-scene pairs, group-relative policy optimization with intelligibility and speaker-similarity
rewards, and direct preference optimization of a low-rank expressiveness adapter on judge-scored and then
human preferences (Section 3).

• Consistent long-form synthesis. An anchor-derived consistency embedding and local acoustic context that
keep voice and scene acoustics fixed across chunks, with an expressiveness control that leaves the base
model intact (Section 4).

• A cross-scene benchmark and multilingual human evaluation. A 331-case same-speaker, different-scene bench-
mark with speaker-similarity and audio–image alignment metrics; a corrected ten-language content-fidelity
benchmark; paired listening tests in five languages against ElevenLabs, Cartesia, and Inworld; a blind
side-by-side test with platform users cloning their own voice; a third-party arena ranking; and two video
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studies, one with volunteers rating talking videos of themselves and one placing designed voices in 50
acoustic environments (Section 5).

We evaluate HeyGen Voice comprehensively against ElevenLabs v4, Cartesia Sonic 3.6, Inworld TTS-2, and
Seedance 2.5 (Section 5). The evaluation spans a cross-scene benchmark, paired listening tests in five lan-
guages, production votes, a third-party arena, and two talking-video studies. On the cross-scene benchmark,
the two clone policies obtain the highest scene alignment and the highest speaker similarity to both target
and reference, with the policy setting the balance between the two (Section 5.1). Beyond our own bench-
mark, listeners prefer HeyGen Voice over leading commercial systems: it ranks first on the Artificial Analysis
controlled-voice leaderboard, which compares text-to-speech systems on the same eight cloned voices (Elo
1201, October 2026; Section 5.5); in a blind test in the HeyGen voice-cloning flow, users cloning their own
voice chose it over ElevenLabs v4 and Cartesia Sonic 3.6 in 62% and 54% of votes (Section 5.4); and volun-
teers rating talking videos of their own digital twin scored both HeyGen Voice settings about 10 to 30 points
higher (out of 100) than Cartesia Sonic 3.6, ElevenLabs v4, and Seedance 2.5 (Section 5.6).

Table 1 Capabilities by method category.

Capability
Commercial
voice cloning

Description-
guided TTS

Face-
conditioned

TTS

Image-
conditioned TTS
/ visual acoustic

matching

Joint audio–
video models

HeyGen
Voice

[32, 49, 71] [40, 52, 53] [11, 45, 62, 75] [7, 8, 30, 54]

Preserves a specific speaker
from a recording

Prompt-controlled delivery

Acoustics follow the pictured scene

Speech decoupled from the
reference’s room and microphone —

Holds one voice and one room
across a long script

User chooses between scene
adaptation and reference fidelity

Standalone speech track for an
avatar or video pipeline

yes some systems or partly no Categories follow Section 6.

2 Model Design
To address the talking-video challenges outlined in the introduction, HeyGen Voice conditions speech on the
speaker to preserve, the performance and scene to realize, and the acoustic state to maintain across chunks.
These requirements motivate a conditioning prefix that combines a pooled reference-voice representation, a
target image, explicit speaker and background captions, and continuation state. A multimodal autoregressive
transformer predicts discrete acoustic codes from this prefix and the script; a flow-matching decoder and a
waveform decoder render the codes as 44.1 kHz audio (Figure 1). This design provides separate inputs for
retaining speaker cues, specifying delivery and environment, and carrying a selected realization through a
longer script.
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Colour key Text Image Audio Preparation Generation Objectives

Script Target Image Speaker Caption Background
Caption Reference Audio Audio Anchor /

Preceding Audio

Frozen Encoders + Attention Pooling into Conditioning Tokens

Image Tokens
Speaker +

Background
Caption Tokens

Reference Tokens Consistency
Embedding

Local Acoustic
Context

Concatenate Conditioning Prefix + Script Tokens + Acoustic Codes
Clone policy: anchor designed for the scene (voice-clone) or taken from the reference (full-clone)

Autoregressive Transformer Decoder

GPT-Style Transformer Layer ×L
next-acoustic-code prediction over the concatenated sequence

Acoustic Code Prediction Flow-Matching Decoder
→ Waveform Decoder (44.1 kHz)

hidden states

Cross-Entropy
(SFT)

Intelligibility
Reward (GRPO)

Speaker-Similarity
Reward (GRPO)

Preference
(DPO Adapter)

Flow-Matching
Loss

Figure 1 HeyGen Voice architecture. Multimodal inputs are encoded by frozen encoders and pooled into conditioning
tokens; the clone policy determines whether the continuation state comes from an anchor designed for the pictured
scene or from the reference recording itself. The conditioning prefix, script tokens, and acoustic codes form one
sequence processed by an autoregressive transformer decoder. The model predicts acoustic codes, supervised by cross-
entropy during supervised training, by intelligibility and speaker-similarity rewards during GRPO, and by preference
pairs during DPO; a flow-matching decoder conditioned on the transformer’s hidden states and the reference audio
produces the waveform.

2.1 Problem formulation
Let x denote the script, I a target image, cs a speaker caption, cb a background caption, and r an optional
reference recording. We write u for additional controls such as language and acoustic attributes, and h for
optional continuation context. The system models

p(y | x, I, cs, cb, r, u, h; π), (1)

where y is the generated waveform and π is a clone policy that determines whether the output is designed for
the pictured scene or continues the reference recording (Section 4). The three groups of inputs play distinct
roles: the script determines what is said; the image and captions describe the intended performance and
setting; the reference and continuation context supply the voice and, when desired, the acoustics to retain.

2.2 Multimodal autoregressive acoustic model
The acoustic model is a causal transformer over a single token sequence: a conditioning prefix P , followed by
the tokenized script and the acoustic codes. Acoustic codes come from a pretrained vector-quantized encoder
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over mel-spectrograms [67], and generation factorizes autoregressively,

pθ(a1:T | x, P ) =
T∏
t=1

pθ(at | a<t, x, P ). (2)

Every conditioning source enters the prefix as a small, fixed number of tokens produced by a frozen encoder
and a learned attention-pooling module, so that prefix cost is bounded regardless of input size and the
transformer can attend jointly across modalities.

Visual context. The script and reference recording do not specify the visible setting in which the new
speech should be heard. To provide this missing scene information, a frozen vision-language visual encoder
embeds the target image, and attention pooling compresses its patch features into a few image tokens that
summarize the person and the scene. Because the image alone leaves the intended delivery and acoustic
realization ambiguous, we complement these tokens with the explicit speaker and background descriptions
below.

Speaker and background captions. The two captions are free-form descriptions of a few sentences each,
written the way a listener would describe a recording rather than as tags (Figure 2). During training they
are produced by captioning models from the target recording (Section 3); at inference a language model
writes them from the target image and the requested delivery style, so the user never authors them directly.
The speaker caption describes the voice and its performance; the background caption describes the acoustic
environment and how it evolves over the recording (Figure 2). A frozen multilingual text encoder embeds each
caption, and separate pooling heads produce speaker-caption and background-caption tokens, so that delivery
and environment are independently addressable while their representations interact inside the transformer.

Background caption. The recording opens with a soft, steady engine hum and the gentle hiss of tires rolling over
pavement, contained within a quiet enclosed interior. Faint airflow from the vents sits underneath, while any
exterior street noise stays muted and distant. The overall background remains calm and consistent throughout.

Speaker caption. The speaker has a mid-range clear and articulate voice. His tone is upbeat, encouraging
and authoritative delivered in a moderate pace. He is highly expressive, using significant vocal inflection and
emphasis to underscore his points, creating a sense of conviction. His delivery is very confident and self-assured,
with a steady rhythm and clear articulation that suggests he is in control of the subject matter.

Figure 2 Example speaker and background captions for one recording, a speaker talking inside a moving car. Each
caption is a short descriptive paragraph; the background caption names the sound sources, the space, and what stays
distant, and the speaker caption covers voice, tone, pace, expressiveness, and articulation.

2.3 Reference voice and continuity
Cross-scene generation should preserve a recognizable speaker without requiring the reference recording’s
delivery and environment to remain fixed. To support this control, a frozen audio encoder and attention
pooling summarize the reference into a small set of reference tokens carrying timbre, accent, and speaking
cadence, while the image, captions, and acoustic controls specify the target performance and setting. The
clone policy (Section 4) determines which recording conditions to retain: voice-clone designs a new acoustic
realization for the scene, whereas full-clone continues the reference recording’s delivery and acoustics. Once
a realization is selected, a further requirement is to maintain it across utterances.

Resolving acoustic ambiguity. An image and two captions constrain a scene without fixing its sound: a room
admits several plausible reverberation patterns and microphone perspectives, and a delivery caption admits
many performances. Sampling each utterance independently from the same conditioning therefore yields
segments that are individually plausible but sound recorded under different conditions. The model resolves
this with two continuation inputs: a consistency embedding of a selected audio anchor, which fixes the voice,
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delivery, and scene acoustics for every subsequent chunk, and a moving window of preceding acoustic context,
which tells the model how the last speech ended. The anchor is either the voice-design output or the reference
recording itself; this choice is the difference between the two clone policies (Section 4.3). Table 2 summarizes
the prefix.

Additional controls. Language and accent conditioning are complemented by three scalar controls that give
numeric handles on attributes the captions describe only qualitatively. Pitch variation sets how much the
voice moves in pitch over an utterance, from a flat reading to an animated one; signal-to-noise ratio sets the
level of the background relative to the speech, so that the same scene can be rendered nearly clean or clearly
noisy; and ambient uniformity sets how steady the background is over the clip, so that its level and texture
do not drift from one segment to the next.

Table 2 Conditioning prefix of the acoustic model. Each source contributes a small, fixed number of pooled tokens;
script and continuation lengths vary.

Source Role

Target image Person and scene context
Speaker caption Delivery and vocal attributes
Background caption Environment and acoustics
Reference tokens Speaker voice: timbre, accent, and speaking cadence
Consistency embedding Shared voice and scene acoustics
Local acoustic context Local acoustic continuity

2.4 Flow matching and waveform synthesis
After the acoustic codes are sampled, the model replays the sequence to obtain the transformer’s hidden
states Hθ(x, P, a). These states condition a diffusion-transformer [55] flow model in a continuous audio-latent
space. Following the flow-matching formulation [44], synthesis integrates a learned conditional vector field,

dzτ
dτ

= vϕ(zτ , τ | Hθ(x, P, a), q) , y = Dψ(z1), (3)

where q is the reference audio conditioning and Dψ is the waveform decoder. The discrete codes are pro-
duced at a lower rate than the continuous latent and are aligned to it before decoding. Visual and caption
information reaches the waveform through Hθ; the decoder itself has no image input.

3 Training Strategy
Training proceeds in five stages (Figure 3). Each stage changes what the model must learn: first read a
script in a given voice, then keep that voice while the scene changes, then improve measured intelligibility
and speaker fidelity, and finally refine expressive delivery. The two cross-scene stages teach the model to
preserve the speaker without treating the reference microphone, room, and performance as fixed attributes
of that speaker.

3.1 Data engine and infrastructure
HeyGen Voice is trained on the same talking-video corpus and compute platform as Avatar V, and we refer
the reader to the Avatar V infrastructure and data reports for the full description [33, 34]. Training and
data processing run on HELIOS, HeyGen’s unified GPU platform, which schedules more than 5,000 GPUs
across multiple clouds through one control plane; its declarative data-processing engine, built for pipelines
that mix I/O-bound media decoding with GPU-bound inference, sustains over 200,000 concurrent tasks and
is the engine behind every stage below.

On top of the segment-level curation that Avatar V applies to raw video (normalization, human detection,
scene-cut detection, content filtering, deduplication), we build an audio-specific pipeline of eight stages that
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turns speech segments into the adaptation data of Sections 3.3 and 3.4. In order: vocal and background
separation; language identification, diarization, and ASR with word-level alignment; quality filtering that
removes clipping, poor or misaligned transcriptions, overlapping voices, and separation artifacts; speaker
clustering across source videos; speaker and background captioning of the separated tracks (Figure 2); cross-
scene pair mining, which links recordings of the same speaker from different videos and favors pairs whose
recording conditions differ; automated audits for false speaker matches, residual overlap, and references with
too little speech to establish identity; and a train–test split that separates source videos and near duplicates
as well as speakers. Human annotators from the Avatar V annotation program provide the preference pairs
for the final training stage (Section 3.6) and the listening tests of Section 5.

Inference uses the same serving stack as Avatar V, including fused attention and decoding kernels. The
flow-matching decoder uses the same two-phase distillation stack as Avatar V: classifier-free guidance (CFG)
distillation followed by Distribution Matching Distillation (DMD), with progressive-distillation objectives
incorporated in the DMD stage [41]. Together, these optimizations bring end-to-end synthesis to a real-time
factor (RTF) of approximately 0.1 at one concurrent request.

TTS pretraining Supervised learning from aligned audio and scripts

Simulated cross-scene training Augment references; retain the target scene

Real cross-scene SFT Same speaker across different source contexts

GRPO Automatic intelligibility and speaker-similarity rewards

DPO LoRA Preference optimization for an expressiveness boost: judge-scored pairs, then
human preferences

Figure 3 Training curriculum. Talking-video data drives the adaptation stages. The GRPO checkpoint is the release
base model and the base for the expressiveness adapter, which is an optional inference control.

3.2 Supervised TTS pretraining
Pretraining is standard supervised TTS on audio recordings aligned with their scripts. With teacher forcing,
the acoustic model learns to predict the next acoustic code from the script, the preceding codes, and reference-
voice conditioning. This stage establishes multilingual text-to-speech and voice conditioning, following the
autoregressive acoustic-model family of Tortoise, MiniMax-Speech, and Inworld TTS-1 [4, 5, 74]. The image,
caption, and continuity routes of Section 2 are added during adaptation; the frozen visual, caption, and ref-
erence encoders provide precomputed features, and the acoustic model together with its learned conditioning
modules is the adaptation target.

3.3 Simulated cross-scene adaptation
When the reference and the target come from the same recording, the reference explains most of the target’s
delivery and acoustics and the model has little reason to consult the image or captions. We remove this
shortcut by transforming the reference while keeping the target and its image and caption conditioning fixed.
The reference is passed through a suite of channel and temporal perturbations that change its apparent
microphone, room, and phrasing while leaving the voice intact. Identity conditioning is computed from the
voice alone and scene conditioning from the full recording, so the model must take the scene from the image
and captions and the speaker from the reference. Training uses teacher-forced cross-entropy on text and
acoustic codes with conditioning dropout.
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Augmentation covers channel and temporal mismatch only; it cannot reproduce a speaker changing intent,
audience, or delivery between scenes. Real cross-scene supervision addresses this.

3.4 Supervised fine-tuning on real cross-scene pairs
Real cross-scene pairs connect recordings of the same speaker from different source videos. The reference
establishes identity; the target audio, image, and captions specify the performance and setting. Pairs are
mined across source videos and selected so that the two recordings differ in recording conditions (Section 3.1);
captions describe the target scene. Training continues the supervised objective on these pairs, with reference
augmentation kept active. Pair quality is decisive at this stage. If the two recordings are not actually from
the same speaker, the model is trained to reproduce the wrong voice; and if they were made under nearly
the same conditions, the pair teaches little about adapting a voice to a new scene, which is the purpose of
the stage.

3.5 GRPO for intelligibility and speaker similarity
To preserve intelligible speech and the chosen voice as delivery and acoustics change, the fourth stage applies
group-relative policy optimization (GRPO) [61]. For each conditioning example, the policy samples a group
of candidate utterances, which are decoded to waveforms and scored by automatic speech recognition and
speaker verification. The reward combines speaker-verification similarity between the generated and target
speech, computed on vocal-isolated audio, with character- and word-error-based intelligibility terms trans-
formed so that larger rewards favor more intelligible speech. Rewards are centered within each group to form
the advantage Ai, and the update maximizes the clipped objective of PPO [60] with a KL penalty to the
reference policy:

J (θ) = Ei,t
[
min(ρi,tAi, clip(ρi,t, 1 − ϵ−, 1 + ϵ+)Ai) − β D̂KL,i,t

]
, (4)

where ρi,t is the ratio of new to rollout token probabilities. Reference augmentation is not used in this stage,
so the policy is optimized on the clean references it will see at inference.

3.6 DPO adapter for expressiveness
The intelligibility and speaker-similarity rewards used in GRPO do not directly evaluate the phrasing, em-
phasis, rhythm, and emotional delivery needed for expressive talking videos. To optimize these qualities, the
final stage trains a low-rank adapter [35] on top of the GRPO model with direct preference optimization
(DPO) [58], first on preferences from an automatic judge and then on human preferences. Restricting the
update to an adapter retains access to the base model and allows its strength to be adjusted at inference.
Given a conditioning input c, a preferred utterance a+, and a less-preferred utterance a−,

LDPO = −E(c,a+,a−) log σ

(
βDPO

[
log pθ(a+ | c)

pref(a+ | c)
− log pθ(a− | c)

pref(a− | c)

])
, (5)

where pref is the frozen GRPO policy and pθ includes the trainable adapter; likelihoods are over acoustic-
code sequences. In the first round, preference pairs are formed from candidate utterances sampled for the
same conditioning input and scored by a frontier multimodal judge that receives the script, the candidates,
and the reference recording and rates how expressively each candidate delivers the script and how well it
preserves the reference speaker’s identity. Scoring against the reference keeps the preference signal from
rewarding expressiveness that drifts away from the voice. In the second round, the pairs come from human
listeners, who compare candidates generated with the first-round adapter and choose the delivery they find
more expressive and more natural; this round corrects the adapter where the automatic judge and listeners
disagree and aligns it with human judgment, and the released adapter is its result. The objective therefore
favors phrasing, emphasis, rhythm, and vocal variation that the judge and then human listeners prefer, while
the script and the chosen voice are retained. Because the update is low-rank, the base model remains available
and the adapter becomes a continuous expressiveness control at inference (Section 4).
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Your voice, across scenes
One everyday reference. A new acoustic setting for each video.

1 Record your voice 2 Describe the target 3 Speech for each scene

Everyday recording

Phone microphone
Room sound + background
Reusable voice reference

Target image
Script + speaker caption
+ background caption

Guides the scene

HeyGen Voice
Preserve voice identity

Adapt delivery + acoustics

Podcast studio
Dry, close-mic
Intimate delivery
Desired scene acoustics

Outdoor scene
Open-air sound
Conversational
Desired scene acoustics

Presentation hall
Room reverberation
Projected speech
Desired scene acoustics

One voice reference.
Multiple target scenes. Keep each scene consistent

Reuse its audio anchor
for subsequent utterances

Speech supplies the video’s audio track.

Figure 4 One voice reference, multiple target scenes. An everyday phone recording supplies the speaker reference.
For each target image and the captions written from it, HeyGen Voice generates speech that retains that voice and
adapts delivery and acoustics to the requested setting; the designed audio anchors subsequent utterances within the
scene. Images depict a fictional speaker; video rendering is a separate downstream stage.

4 Inference

4.1 Cross-scene authoring workflow
The workflow in Figure 4 starts from one reusable voice reference recorded in an ordinary environment. For
each scene the user supplies a target image, a script, and a delivery style; a language model writes the speaker
and background captions from the image and the style, so that the image provides visual evidence about the
setting and the captions make the intended delivery and acoustics explicit before synthesis. HeyGen Voice
synthesizes the speech, and a separate video pipeline renders the talking video. Moving to a new scene means
designing a new image-guided acoustic realization from the same voice reference; once a realization exists, its
consistency embedding and acoustic context carry further utterances within that scene.

4.2 Image-based voice design
Voice design combines the target image, script, captions, and optional reference audio. The model generates
one utterance from these inputs and decodes it to a waveform. Without reference audio, the reference tokens
are zeroed and the image, captions, and text define a new voice for the pictured scene. With reference audio,
the speaker is preserved while the scene and delivery follow the image and captions. This output becomes
the audio anchor : its consistency embedding and acoustic context are cached, so that new scripts can be
synthesized as continuations of the chosen voice and scene without repeating the design step.

10
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4.3 Clone policies
Two clone policies (Table 3) determine how the anchor is formed, and with it how much of the reference
recording carries over into the output. Each is named for what it clones from the reference. voice-clone
clones the voice: the reference tokens reproduce the speaker’s timbre, accent, and speaking cadence, while
delivery and acoustics follow the image, captions, and acoustic controls, and the anchor is the voice-design
output. It is the setting to use when the speaker must be recognizable in a new scene. full-clone clones the
voice and the acoustic conditions of the reference together: the processed reference serves as the audio anchor,
so generation continues the recording’s own delivery and room rather than designing a new realization from
the image. Its output has the highest similarity to the original recording, and it is the setting to use when
the new speech should sound as if it came from the same recording; when the target scene differs from the
reference, voice-clone adapts acoustics more freely. Reference audio is capped at 60 s.

Table 3 Clone policies, named for what they clone from the reference.

Clone policy Behavior

voice-clone Clones the voice: timbre, accent, and speaking cadence. Delivery and acoustics follow the image,
captions, and acoustic controls.

full-clone Clones the voice and the acoustic conditions of the reference. Highest similarity to the original
recording.

4.4 Expressiveness control
The expressiveness adapter of Section 3.6 modifies the transformer projections as W ′ = W + s ∆W , where
the strength s scales the low-rank update and s = 0 recovers the base model.

4.5 Long-form synthesis and voice consistency
Long scripts are normalized and split into chunks using language-specific character budgets. To maintain
a common voice and recording environment across these chunks, we reuse the anchor-derived consistency
embedding for every chunk. The anchor is the voice-design output in voice-clone mode and the processed
reference in full-clone mode. Shared conditioning alone does not describe how the preceding utterance
ended, so a moving window of preceding acoustic context is updated after each generated chunk. Together,
these inputs target sequence-level consistency and local continuity between chunks.

11
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5 Evaluation
We evaluate HeyGen Voice on four audio evaluations, a public arena, and two video studies (Table 4).

Table 4 Evaluation overview. Automatic audio–image similarity is a diagnostic of the generated speech; human
judgments of talking videos are collected in the video-based studies.

Evaluation Benchmark Main evidence

Audio-based Cross-scene (Section 5.1) Speaker similarity and audio–audio and audio–image
alignment on 331 cases

Multilingual (Section 5.2) Ten-language CER with corrected scripts and
transcription review

Listening tests (Section 5.3) Paired human judgments of naturalness, accent, clarity,
narrator choice, and reference similarity in seven system
pairs on 245 cases (42,875 ratings)

Production voice cloning (Section 5.4) Blind pairwise and three-way picks by platform users
cloning their own voice, vs. ElevenLabs v4 and Cartesia
Sonic 3.6

Public arena (Section 5.5) Artificial Analysis controlled-voice leaderboard: blind
pairwise listener votes on eight shared cloned voices, Elo
ranking

Video-based Volunteer self-evaluation (Section 5.6) 43 participants rate talking videos of themselves, vs.
Cartesia Sonic 3.6, ElevenLabs v4, and Seedance 2.5

Diverse acoustic conditions (Section 5.6) Blind side-by-side video comparisons across 50 scenes on
overall preference, acoustic fit, and ambient sound fit

The cross-scene benchmark measures identity retention and scene adaptation against real target recordings;
the multilingual benchmark measures content fidelity in ten languages; paired listening tests measure how
listeners rate the speech against ElevenLabs, Cartesia, and Inworld in five languages; a blind side-by-side
test in the HeyGen voice-cloning flow measures which clone of their own voice users choose; and the Arti-
ficial Analysis controlled-voice leaderboard ranks the model against text-to-speech systems outside our own
comparisons.

The video-based studies ask whether the speech works when heard with the intended person and scene:
volunteers rate talking videos of themselves, and reviewers compare systems across 50 acoustic environments.

In the comparisons we ran through commercial TTS APIs, we used default settings and did not attempt to
tune provider parameters.

Throughout, 95% intervals are written as ± half-widths in smaller type; where a bootstrap or binomial
interval is asymmetric, the larger side is shown.

5.1 Cross-scene benchmark
Benchmark. The cross-scene benchmark tests whether a system preserves a speaker’s identity while gener-
ating speech for a different recording environment. We curate English same-speaker, different-source pairs
from the TalkVid resources of ID-LoRA [21] and from CelebV-HQ [82]. Each case consists of a real target
recording with its transcript and a scene frame, and up to 60 s of reference speech from the same speaker
taken from a different source video. Audio-embedding distance and speaker-verification screens select pairs
whose recording conditions differ; quality filters remove unsuitable speech, multiple speakers, and music. The
benchmark contains 331 cases (278 TalkVid, 53 CelebV-HQ, 155 speaker clusters).

Systems and inputs. Every system receives the same script and the same reference recording. HeyGen
Voice additionally receives the target frame, speaker and background captions, and an SNR control, with
the captions and SNR derived from the real target recording; the benchmark therefore measures generation
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under rich target-scene guidance rather than from the image alone. The TTS baselines, Cartesia Sonic 3.6,
ElevenLabs v4, and Inworld Realtime TTS-2 [9, 26, 37], accept no image or caption input. We evaluate both
clone policies, voice-clone and full-clone.

Metrics. Speaker similarity is the cosine between ECAPA-TDNN embeddings [22] of the generated speech
and either the real target recording or the original reference, after vocal isolation on both sides [48]. Similarity
to the target rewards adaptation to the target scene; similarity to the reference rewards preservation of the
source. ImageBind [28] cosine between generated and target audio (audio–audio) and between generated
audio and the target frame (audio–image) measures scene alignment. All entries in Table 5 are means over
the same 331 cases; content fidelity is assessed separately in Section 5.2.

Table 5 Cross-scene benchmark on 331 matched cases. Speaker similarity is measured against the real target-scene
recording and against the original voice reference. Best value per column in bold, second best underlined.

System / clone policy Speaker similarity ↑ ImageBind ↑

To target To reference Audio–audio Audio–image

HeyGen Voice (voice-clone) 0.590 0.739 0.637 0.282
HeyGen Voice (full-clone) 0.581 0.757 0.608 0.278

Cartesia Sonic 3.6 0.582 0.745 0.599 0.261
ElevenLabs v4 0.556 0.712 0.607 0.269
Inworld Realtime TTS-2 0.464 0.567 0.544 0.231

Results. Table 5 shows the expected trade-off between the two clone policies. voice-clone, which designs
the acoustics anew for the target scene, achieves the highest scene alignment of any system (audio–audio
0.637, audio–image 0.282) and the highest similarity to the target speaker (0.590, against 0.582 for Cartesia
Sonic 3.6 and 0.556 for ElevenLabs v4). full-clone, the same-scene continuation clone policy, moves toward
the reference: it has the highest similarity to the reference (0.757, against 0.745 for Cartesia), with lower
alignment to the target scene, though still the second-highest in the table. Cartesia is second on both
similarity measures but trails both HeyGen Voice clone policies on scene alignment; ElevenLabs v4 sits below
full-clone on similarity and close to it on alignment; Inworld trails on every metric. Because the embedding
scores are proxies influenced by content, voice, and background, human judgments of acoustic fit are collected
in the video-based studies (Section 5.6).

5.2 Multilingual content fidelity
We verify content fidelity on a corrected ten-language subset of the MiniMax multilingual voice-cloning test
set [51, 74]. Each language has 100 scripts and two reference speakers drawn from Common Voice [2], giving
1,000 utterances per system. We revised 110 scripts to remove source-text errors while keeping every case.
All systems receive the same corrected scripts and references and produce one candidate per script; HeyGen
Voice runs in full-clone mode with image conditioning disabled and generic captions.

We found that raw ASR error rates on this benchmark are dominated by transcription and orthographic
disagreement rather than by synthesis errors, so Table 6 reports an agreement-only CER: an error is counted
only when a Scribe v2 transcript [25] and an independent Gemini audio review [31] agree that the generated
speech deviates from the script. The 110 script revisions repaired malformed wording, typographical and
mixed-script errors, and formatting from the text alone, without reference to any system’s output. Scripts
and transcripts are normalized identically (Unicode, case, punctuation, and language-aware number rules);
each clip receives a blind Gemini 3.1 Pro transcript and a target-aware audio review that sees the script and
both transcripts but not the system name. Disagreeing and unresolved clips contribute zero error but stay
in the denominator. We validated this rule by manually reviewing the English outputs: genuine deviations
from the script occurred only in clips on which Scribe and Gemini agreed, so the agreement criterion isolates
synthesis errors from transcription variance on the language we checked.
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Table 6 Agreement-only CER (%, lower is better) on the corrected multilingual benchmark; 100 utterances per
language and system, macro average over languages. Vendor versions follow the benchmark labels.

Language
HeyGen
full-clone

Qwen3-TTS
1.7B

Cartesia
Sonic 3.6

ElevenLabs
v4

Inworld
TTS-2

English 0.0000 0.0000 0.0089 0.0000 0.0000
Chinese 0.0000 0.0286 0.0526 0.0000 0.0492
Spanish 0.0000 0.0000 0.0000 0.0000 0.0109
French 0.0000 0.0000 0.1389 0.0000 0.0000
German 0.0000 0.0114 0.0827 0.0000 0.0000
Italian 0.0099 0.0270 0.0393 0.0238 0.0099
Portuguese 0.0000 0.0000 0.0663 0.0137 0.0367
Russian 0.0000 0.1551 0.0000 0.0000 0.0000
Japanese 0.0000 0.0000 0.1625 0.0000 0.0294
Korean 0.1429 0.0556 0.2353 0.0895 0.2127

Macro average 0.0153 0.0278 0.0787 0.0127 0.0349

HeyGen Voice reaches a macro CER of 0.015%, in the same band as ElevenLabs v4 (0.013%), Qwen3-TTS
(0.028%), and Inworld (0.035%), and below Cartesia (0.079%); its only agreed errors are in Italian and Korean.
At this level the benchmark no longer separates systems, and correctly transcribed speech can still be a poor
listening experience. We therefore treat CER as a diagnostic that confirms content fidelity is on par with the
strongest systems and use the listening tests that follow as the primary measure of quality.

5.3 Human listening evaluation
We run paired listening studies on Podonos [57] to measure perceived quality and reference resemblance in
five target languages, including transfer of a reference voice to a different language.

Benchmark. The benchmark is a fixed set of 245 reference–script cases (Table 7). Each case specifies a
target script, its language, and a reference recording; all compared systems share both. The reference
recordings are chosen to resemble what HeyGen users upload: most are made on everyday devices in untreated
rooms, with audible noise and reverberation, by speakers who are not trained narrators and whose delivery
is conversational rather than professional. A case is intra-lingual when the reference and script are in the
same language and cross-lingual otherwise, giving 142 and 103 cases; only five Chinese cases are cross-lingual,
so the two subsets have different language mixtures. For HeyGen Voice, the target image of each speaker is
adapted to one podcast-studio template (Figure 5): the speaker stands at a desk with a broadcast microphone,
headphones, and acoustic panels, so the image asks every case for the delivery and acoustics of a professional
narrator in a treated room. The distance between that scene and the typical reference is the distance the
product has to cover for an average user. Listeners hear audio only.

Table 7 Listening benchmark composition. Counts are unique reference–script cases, reused in every system compar-
ison.

Target language Intra-lingual Cross-lingual Total

English (US) 22 25 47
Spanish (Mexico) 25 24 49
German (Germany) 25 25 50
French (France) 25 24 49
Chinese (China) 45 5 50

Total 142 103 245
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Figure 5 Target images of the listening benchmark. Each speaker’s image is adapted to the same podcast-studio
template, which guides HeyGen Voice toward a professional narrator’s delivery in a treated room. The four faces
shown are AI-generated examples adapted in the same way.

Protocol. Two panel types are used. Quality panels present two candidate recordings and ask four side-
by-side questions; similarity panels present two candidates and a 10-second reference excerpt and ask one
comparative question (Table 8). All responses are comparative: A preferred, neutral, or B preferred for
quality, and a five-position scale for similarity. Seven system pairs are compared on the same cases: the
two HeyGen Voice clone policies against ElevenLabs v4 [26] and Cartesia Sonic 3.6 [9], voice-clone against
Inworld Realtime TTS-2 [37] and against full-clone, and ElevenLabs v4 against Cartesia. Every commercial
system clones the same reference recording through its voice-cloning API and reads the plain script. For each
pair, quality and similarity panels run in each of the five locales, and every case receives five ratings per
aspect: 1,225 ratings per aspect and pair, 6,125 per pair, and 42,875 in total. Each panel includes two
clean/degraded attention-check cases, excluded from the estimates; across their 350 responses per aspect,
listeners preferred the clean recording in 94%, 87%, and 83% of responses on clarity, narrator choice, and
reference similarity, and mostly answered neutral on naturalness and native accent, where a degraded copy of
the same voice need not sound less natural or less native. Presentation order within each pair is randomized
by the rating platform, and votes are attributed to the system that produced each clip.

Table 8 Listening rubric. Descriptions paraphrase the English study questions; localized equivalents are used in the
other four locales.

Aspect Question

Reference similarity Which candidate sounds more similar to the reference? (five positions, −2 to +2)
Narrator choice Which voice would you choose for an entire educational lesson narrated by a presenter?
Naturalness Which voice sounds more human and natural, ignoring the spoken content?
Native accent Which voice sounds more native in pronunciation, rhythm, and stress?
Clarity Which recording is clearer and higher quality (muffling, noise, distortion, glitches)?

Analysis. For each pair and aspect we report the share of decided votes favoring the first-named system, with
a 95% interval from a bootstrap that resamples whole cases with replacement within target locale (20,000
replicates pooled, 4,000 per subset) and an exact sign-flip test on each case’s net preference; the 35 pooled
tests form one Holm family, and the intervals are conditional on the observed listeners. A case-level analysis
that assigns each case to the side with more votes agrees in direction with the vote-wise results for every
pair and aspect. To place all five systems on one scale (Table 10), we fit a Bradley–Terry model [6] on the
Elo scale to the seven comparisons, separately for each aspect and for each language and condition subset.
Neutral votes count as half a win for each side, half a win and half a loss are added to each observed pair as
a weak regularizer, and voice-clone is fixed at 1000 [17]; a 100-point gap corresponds to an expected score
of about 64%, and rating intervals refit all aspect models on 2,000 bootstrap replicates (500 per subset). The
model assumes one strength per system and aspect, and the largest gap between an observed tie-inclusive

15



Research HeyGen Voice Technical Report

pair score and its fitted value is 5.0 percentage points, so the direct comparisons remain the evidence for
each pair and the fitted scores summarize them; Inworld TTS-2, compared only with voice-clone, is placed
through that single comparison.

Results. Table 9 reports the seven direct comparisons, and one design choice explains their main pattern.
voice-clone follows the pictured scene: given the podcast-studio image, it delivers the script the way a
professional narrator would in a treated room, so its speech moves toward that scene and away from a
reference that is usually noisy, reverberant, and conversationally delivered. Listeners reward the result on
narrator choice, clarity, and native accent and penalize it on reference similarity, because the voice they hear
no longer carries the room and the delivery of the recording they compare it with. full-clone continues
the reference recording, including its delivery and acoustics, and the pattern reverses: it keeps the reference’s
similarity and gives up most of the narrator’s advantage. On the narrator-choice question, voice-clone
is preferred over ElevenLabs v4 in 61.5 ±3.4% of decided votes, over Cartesia Sonic 3.6 in 77.9 ±2.8%, and
over Inworld TTS-2 in 68.1 ±3.3%; at the case level it wins 145, 184, and 167 of the 245 cases against the
three systems. Clarity is its largest advantage, 78.4%, 86.6%, and 63.5% against the same three systems,
and it leads on native accent against Cartesia and Inworld, 77.8% and 70.9%. Against ElevenLabs v4 the
naturalness vote is even, 50.2 ±3.6%, and the accent vote, 55.7 ±4.1%, is not significant after correction. On
reference similarity voice-clone receives 43.1% of decided votes against ElevenLabs, 22.7% against Cartesia,
and 44.9% against Inworld, the price of the studio delivery. full-clone wins 63.0 ±3.6% of similarity votes
against ElevenLabs v4, 53.8 ±3.2% against Cartesia, and 72.1 ±3.3% against voice-clone; its narrator-choice
vote is even against ElevenLabs (47.3 ±3.7%) and favorable against Cartesia (60.8 ±3.9%), and its lower clarity
relative to voice-clone (22.7% of the decided votes between the two policies) follows from continuing the
reference recording’s own acoustics. Between the two commercial systems, ElevenLabs v4 is preferred over
Cartesia on every quality aspect (66.3% to 75.0%) and Cartesia on reference similarity (61.6%).

Table 9 Share of decided votes (%) for the first-named system (A) in each pair, with 95% whole-case bootstrap
intervals, on 245 cases and 1,225 ratings per aspect and pair. Ties are excluded from the denominator. ∗: Holm-
corrected p < 0.05 over the 35 pooled tests.

Matchup (A / B) Reference
similarity

Narrator
choice

Naturalness Native
accent

Clarity

voice-clone / ElevenLabs v4 43.1* ±3.3 61.5* ±3.4 50.2 ±3.6 55.7 ±4.1 78.4* ±2.9

voice-clone / Cartesia Sonic 3.6 22.7* ±2.4 77.9* ±2.8 69.6* ±3.4 77.8* ±3.2 86.6* ±2.5

voice-clone / Inworld TTS-2 44.9 ±3.5 68.1* ±3.3 63.9* ±3.4 70.9* ±3.5 63.5* ±3.5

full-clone / ElevenLabs v4 63.0* ±3.6 47.3 ±3.7 43.9* ±3.7 45.8 ±4.5 65.5* ±4.0

full-clone / Cartesia Sonic 3.6 53.8 ±3.2 60.8* ±3.9 46.0 ±3.9 67.9* ±4.5 75.0* ±3.4

voice-clone / full-clone 27.9* ±3.3 73.6* ±3.3 58.6* ±4.2 62.2* ±5.0 77.3* ±3.5

ElevenLabs v4 / Cartesia Sonic 3.6 38.4* ±3.6 69.8* ±3.6 66.3* ±3.7 75.0* ±3.5 66.3* ±4.3

Table 10 Bradley–Terry scores on the Elo scale, fitted separately per aspect to the seven pairs over all 245 cases
with voice-clone fixed at 1000, with 95% whole-case bootstrap intervals. Inworld TTS-2 is placed through its single
comparison with voice-clone.

System Reference
similarity

Narrator choice Naturalness Native accent Clarity

HeyGen voice-clone 1000 (anchor) 1000 (anchor) 1000 (anchor) 1000 (anchor) 1000 (anchor)

HeyGen full-clone 1144 ±17 904 ±14 951 ±12 964 ±11 907 ±14

ElevenLabs v4 1060 ±17 935 ±15 995 ±13 985 ±12 860 ±16

Cartesia Sonic 3.6 1141 ±15 836 ±19 934 ±14 878 ±18 811 ±15

Inworld TTS-2 1032 ±22 896 ±21 931 ±18 909 ±18 939 ±17
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Table 10 places the five systems on a common scale. voice-clone has the highest narrator-choice, clarity, and
native-accent scores; ElevenLabs v4 is second on narrator choice (935 ±15) and accent (985 ±12), and Inworld
is second on clarity (939 ±17). On naturalness, no statistically significant difference is detected between
ElevenLabs v4 and voice-clone; their fitted scores are 995 ±13 and 1000, respectively, and the other three
systems are 49 to 69 points behind voice-clone. On reference similarity the ordering reverses: full-clone
(1144 ±17) and Cartesia (1141 ±15) have the highest fitted scores, with no statistically significant difference in
their direct comparison after correction; ElevenLabs v4 (1060) and Inworld (1032) follow, and voice-clone
trails. Clarity separates the systems most: voice-clone leads Inworld by 61 points, full-clone by 93,
ElevenLabs by 140, and Cartesia by 189, corresponding to fitted expected scores of 59%, 63%, 69%, and
75%.

Because of how the benchmark is built, with user-like references and a studio scene, reference similarity
and narrator usability pull in opposite directions, and Figure 6 shows the resulting trade-off by plotting the
narrator-choice score against the reference-similarity score. The non-dominated systems form a front that
runs from voice-clone, which sounds like a professional narrator and sacrifices reference similarity, through
ElevenLabs v4 to full-clone, which keeps the reference and gives up narrator quality for it; Cartesia and
Inworld lie below the front. Both HeyGen Voice clone policies lie on the observed Pareto front, offering two
distinct trade-offs between narrator choice and reference similarity.
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Pooled Bradley-Terry scores over 245 cases; bars are 95% whole-case bootstrap intervals; dashed line joins the non-dominated systems.
Narrator choice against reference similarity

Figure 6 Narrator choice against reference similarity on the Elo scale, pooled over 245 cases, with 95% whole-case
bootstrap intervals; the dashed line joins the non-dominated systems. The benchmark pairs user-like references with
a studio scene, so the two questions trade off: full-clone keeps the reference and gives up narrator quality, and
voice-clone sounds like a professional narrator and gives up reference similarity.

Figures 7 and 8 break the fits down by target language and by intra- versus cross-lingual cases. voice-clone
has the highest narrator-choice score in English, Spanish, German, and French; in Chinese, ElevenLabs v4
is ahead on narrator choice (1032 ±37) and naturalness (1046 ±33), and in English its naturalness and accent
scores (1003 and 1014) and Cartesia’s naturalness score (1014) are level with voice-clone, with intervals that
include 1000. full-clone or Cartesia has the highest reference-similarity score in every language, and their
intervals overlap in every language. voice-clone’s advantage over Cartesia and Inworld is larger on cross-
lingual cases (narrator-choice 87.0% and 78.2%, against 70.1% and 60.8% intra-lingual), where Cartesia’s
accent score falls to 730. Against ElevenLabs v4 the share is similar in both conditions (62.6% cross-lingual,
60.8% intra-lingual). The two subsets differ in language mixture, so the gap between them is not a controlled
estimate of the cost of language transfer. These listening results characterize the speech in a fixed studio
setting and do not measure acoustic fit across visible scenes, which is the subject of Section 5.6.
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All five languages  ·  245 cases
English · Spanish · German · French · Chinese

Reference
similarity
980-1170

Narrator
choice
810-1030

Naturalness
920-1010

Native accent
860-1020

Clarity
780-1030

Sim. Narr. Nat. Acc. Clar.
HeyGen voice-clone 1000 1000 1000 1000 1000
HeyGen full-clone 1144 904 951 964 907
ElevenLabs v4 1060 935 995 985 860
Cartesia Sonic 3.6 1141 836 934 878 811
Inworld TTS-2 1032 896 931 909 939

English (US)  ·  47 cases

Reference
similarity
970-1140

Narrator
choice
890-1020

Naturalness
950-1030

Native accent
930-1030

Clarity
900-1020

Sim. Narr. Nat. Acc. Clar.
HeyGen voice-clone 1000 1000 1000 1000 1000
HeyGen full-clone 1118 941 960 969 949
ElevenLabs v4 993 991 1003 1014 961
Cartesia Sonic 3.6 1108 959 1014 991 919
Inworld TTS-2 1021 910 994 944 944

Spanish (MX)  ·  49 cases

Reference
similarity
980-1160

Narrator
choice
740-1030

Naturalness
900-1020

Native accent
780-1030

Clarity
650-1050

Sim. Narr. Nat. Acc. Clar.
HeyGen voice-clone 1000 1000 1000 1000 1000
HeyGen full-clone 1136 900 972 994 847
ElevenLabs v4 1069 911 994 985 767
Cartesia Sonic 3.6 1120 770 914 807 692
Inworld TTS-2 1006 925 937 934 993

German (DE)  ·  50 cases

Reference
similarity
910-1180

Narrator
choice
720-1040

Naturalness
830-1020

Native accent
780-1030

Clarity
710-1040

Sim. Narr. Nat. Acc. Clar.
HeyGen voice-clone 1000 1000 1000 1000 1000
HeyGen full-clone 1135 890 948 937 883
ElevenLabs v4 1111 869 960 978 822
Cartesia Sonic 3.6 1151 755 886 809 749
Inworld TTS-2 946 847 857 830 946

Listening preferences by language
Elo-scale preference profiles  |  Higher is preferred  |  Each spoke is locally scaled

Figure 7 Listening profiles, pooled and for English, Spanish, and German. Each spoke is scaled to its own displayed
range, printed at the spoke; numerical keys give the fitted Elo-scale scores with voice-clone at 1000. Polygon areas
are not comparable across panels.
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French (FR)  ·  49 cases

Reference
similarity
970-1220

Narrator
choice
710-1040

Naturalness
890-1020

Native accent
780-1030

Clarity
730-1040

Sim. Narr. Nat. Acc. Clar.
HeyGen voice-clone 1000 1000 1000 1000 1000
HeyGen full-clone 1174 848 920 954 892
ElevenLabs v4 1082 858 972 922 769
Cartesia Sonic 3.6 1188 744 907 810 773
Inworld TTS-2 1158 826 904 847 865

Chinese (CN)  ·  50 cases

Reference
similarity
970-1190

Narrator
choice
910-1050

Naturalness
930-1060

Native accent
940-1040

Clarity
870-1020

Sim. Narr. Nat. Acc. Clar.
HeyGen voice-clone 1000 1000 1000 1000 1000
HeyGen full-clone 1160 928 955 965 945
ElevenLabs v4 1043 1032 1046 1022 950
Cartesia Sonic 3.6 1139 930 951 956 893
Inworld TTS-2 1039 961 960 979 944

Intra-lingual  ·  142 cases

Reference
similarity
970-1190

Narrator
choice
890-1020

Naturalness
950-1010

Native accent
950-1010

Clarity
810-1030

Sim. Narr. Nat. Acc. Clar.
HeyGen voice-clone 1000 1000 1000 1000 1000
HeyGen full-clone 1162 915 967 969 910
ElevenLabs v4 1079 932 1000 983 846
Cartesia Sonic 3.6 1144 905 975 964 840
Inworld TTS-2 1016 939 956 967 949

Cross-lingual  ·  103 cases

Reference
similarity
980-1160

Narrator
choice
680-1040

Naturalness
850-1020

Native accent
690-1040

Clarity
730-1040

Sim. Narr. Nat. Acc. Clar.
HeyGen voice-clone 1000 1000 1000 1000 1000
HeyGen full-clone 1121 885 928 954 903
ElevenLabs v4 1035 938 989 986 877
Cartesia Sonic 3.6 1137 725 875 730 769
Inworld TTS-2 1054 829 895 818 925

Listening preferences and language transfer
Elo-scale preference profiles  |  Higher is preferred  |  Each spoke is locally scaled

Figure 8 Listening profiles for French and Chinese, and for the 142 intra-lingual and 103 cross-lingual cases. Subset
fits use the same model as Table 10; their bootstrap intervals are wider (typically ±35 points per language and ±20
per condition).

19



Research HeyGen Voice Technical Report

5.4 Production voice-clone preference
The listening tests use fixed benchmark voices rated by paid listeners. The most direct measure of the product,
however, is whether a user prefers the clone of their own voice. We therefore ran a blind side-by-side test
in the HeyGen voice-cloning flow. A user records a voice sample; each system synthesizes the same sample
script from that recording; the user hears the candidates, unlabeled and in randomized positions, and picks
the voice to use as their own on the platform. A vote is counted only when the user played every candidate.
The test ran in three configurations (Table 11): HeyGen Voice against ElevenLabs v4, HeyGen Voice against
Cartesia Sonic 3.6, and a three-way configuration with all three systems. HeyGen Voice runs the production
full-clone recipe with its default expressiveness setting; the competitors clone the same recording through
their voice-cloning APIs.

Table 11 Blind side-by-side picks in the HeyGen voice-cloning flow (snapshot of October 2, 2026). Each vote is one
user choosing the clone of their own voice; HeyGen Voice runs the full-clone policy. Entries are pick shares in
percent with Wilson 95% intervals over picks; the largest share in each row is bold. Chance is the share expected
from uniform random picking, and every HeyGen Voice share exceeds it (exact binomial test, p < 0.001).

Comparison Votes Chance ElevenLabs v4 Cartesia Sonic 3.6 HeyGen Voice

Pairwise 8,332 50.0 37.8 ±1.1 – 62.2 ±1.1

Pairwise 7,286 50.0 – 45.9 ±1.2 54.1 ±1.2

Three-way 6,153 33.3 23.0 ±1.1 35.3 ±1.2 41.7 ±1.3

Users chose HeyGen Voice over ElevenLabs v4 in 62.2 ±1.1% of 8,332 votes and over Cartesia Sonic 3.6 in
54.1 ±1.2% of 7,286 votes (Table 11). In the three-way configuration, HeyGen Voice was chosen in 41.7 ±1.3%
of 6,153 votes against a chance share of 33.3%, Cartesia in 35.3 ±1.2%, and ElevenLabs in 23.0 ±1.1%; all three
shares differ from chance (p ≤ 0.001). The configurations agree with one another. Among the three-way
votes cast for HeyGen Voice or Cartesia, HeyGen Voice holds 54.1%, the same as its pairwise share, and
Cartesia is the stronger of the two competitors in every configuration, as it is on the reference-similarity scale
of the listening tests (Table 10).

The voice-cloning flow is audio only: the user sees no image or scene and judges one thing, whether the clone
sounds like them. HeyGen Voice therefore runs full-clone, which preserves the reference’s voice, delivery,
and recording conditions, and competes on reference similarity, the dimension on which ElevenLabs and Carte-
sia score highest in the listening tests (Section 5.3). The production result matches the listening tests: among
paid listeners, full-clone wins 63.0% of decided similarity votes against ElevenLabs v4 and 53.8% against
Cartesia; among users choosing their own clone, it wins 62.2% and 54.1% of votes against the same systems.

5.5 Public arena ranking
Artificial Analysis runs a public Speech Arena in which listeners hear two anonymous text-to-speech gener-
ations of the same script and vote for the one they prefer [3]. Its controlled-voice leaderboard (Figure 9)
holds the voice fixed: every system clones the same eight reference voices, four US and four UK, so the votes
compare delivery and quality rather than the choice of voice. Scores are on an Elo scale anchored at 1000
for a reference system and carry 95% intervals and a rank range that reflects the uncertainty of the score.
Listeners hear only the two generations, never the reference recording, so the arena is by design insensitive to
similarity to the reference, the dimension on which full-clone leads (Section 5.3); HeyGen Voice therefore
competes in its voice-clone setting. The arena is the one evaluation in this report that we did not run
ourselves, and it places HeyGen Voice against systems outside our own comparisons.

At the snapshot of October 9, 2026, HeyGen Voice in its voice-clone setting ranks first with a score of
1201 ±17, ahead of Qwen-Audio-3.1-TTS-Plus (1182 ±15), Eleven v4 Turbo (1166 ±14), Eleven v4 (1162 ±15),
and Cartesia Sonic 3.6 and Inworld Realtime TTS-2 (both 1142 ±14); the leaderboard’s rank range places
it alone at the top (Figure 9). The ordering of the commercial systems agrees with the listening tests of
Section 5.3, where voice-clone was preferred as a narrator over ElevenLabs v4, Cartesia Sonic 3.6, and
Inworld TTS-2 on reference recordings of a different kind.

20



Research HeyGen Voice Technical Report
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Arena score (Elo) with 95% interval

1.  HeyGen Voice (voice-clone)
2.  Qwen-Audio-3.1-TTS-Plus  (Alibaba)

3.  Eleven v4 Turbo  (ElevenLabs)
4.  Eleven v4  (ElevenLabs)

5.  Sonic 3.6  (Cartesia)
6.  Realtime TTS-2  (Inworld)

7.  Qwen-Audio-3.0-TTS-Plus  (Alibaba)
8.  Sonic 3.5  (Cartesia)

9.  StepAudio 2.5 TTS  (StepFun)
10.  Eleven v3  (ElevenLabs)

1201 1
1182 2

1166 3–4
1162 3–4

1142 5–6
1142 5–6

1124 7–8
1118 7–8

1076 9–11
1072 9–11

Rank range

Artificial Analysis controlled-voice leaderboard, top ten
Blind pairwise listener votes on the same 8 cloned voices (4 US, 4 UK); snapshot of October 9, 2026.

HeyGen Voice Other systems

Figure 9 Top ten of the Artificial Analysis controlled-voice text-to-speech leaderboard, snapshot of October 9, 2026.
Elo scores with the leaderboard’s 95% intervals; the right column is the leaderboard’s rank range. All systems clone
the same eight reference voices; HeyGen Voice runs voice-clone.

5.6 Video-based evaluation
Audio-only listening does not answer the question the product poses: does this speech work for the visible
person and scene? We report two video studies: one in which volunteers rated talking videos of themselves
(Table 12, Figure 10), and one in which reviewers compared the systems across 50 scenes with different
acoustic environments. Both hold scripts, visual assets, rendering settings, and playback level fixed across
systems, so that the systems differ only in the audio.

Volunteer self-evaluation. Forty-three volunteers provided a reference video and a voice recording of them-
selves and then rated talking videos of their own digital twin. Every system synthesized the same short script
from the participant’s voice recording, and an internal avatar video model rendered the talking video from
the audio and the reference video, so the videos differ only in the audio. The evaluation was blind: the videos
were presented unlabeled and in shuffled order, with the instruction Listen to each video, then rate your
overall impression of the voice from 1 to 100. How comfortable would you be using this voice to represent
you in this video? Five systems are compared: the two HeyGen Voice clone policies, voice-clone guided
by a studio image of the participant and full-clone; and Cartesia Sonic 3.6, ElevenLabs v4, and Seedance
2.5 [7], an audio–video joint generation model whose speech track was rendered through the same pipeline.

Because participants differ in how they use the scale, the analysis is paired within participant. A Friedman
test rejects equal scores across the five systems (χ2(4) = 43.3, p < 0.001). Table 12 and Figure 10 place the
two HeyGen Voice settings first: voice-clone (mean 76.1, centered +12.7) and full-clone (72.6, +9.3) lead,
Cartesia Sonic 3.6 (63.1, −0.2) and ElevenLabs v4 (59.2, −4.2) follow, and Seedance 2.5 (45.7, −17.6) is about
30 points below the HeyGen Voice settings. The paired comparisons in Table 13 confirm the grouping: both
HeyGen Voice settings score higher than each competitor on the same participants’ videos (Holm-corrected
p ≤ 0.016), by 9.5 to 16.9 points against Cartesia and ElevenLabs v4 and by 26.9 and 30.3 points against
Seedance 2.5, whereas no statistically significant difference is detected between voice-clone and full-clone
(p = 0.39), or between Cartesia and ElevenLabs v4 (p = 0.53). These results do not establish equivalence.
The Goldstein–Healy intervals in Figure 10 provide a visual summary of the observed grouping. The ordering
matches the production votes of Section 5.4, where Cartesia was also the closer competitor and ElevenLabs
the more distant one.
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Table 12 Volunteer self-evaluation: 43 participants each rated one talking video of themselves per system on a 1–100
scale. Mean scores carry 95% participant-bootstrap intervals. The centered score subtracts the participant’s mean
over the five systems, so it removes differences in how participants use the scale; its intervals use a common 88% level
following the Goldstein–Healy approach [29], providing an approximate visual guide to unadjusted paired comparisons.
Formal significance is assessed using the paired tests in Table 13. Mean rank averages each participant’s ranking of
the five systems (1 = best, ties share the average rank); top-1 ballots count the participants who gave the system
their highest score, crediting every system tied at the top.

System Mean score Centered mean Mean rank Top-1 ballots

HeyGen Voice (voice-clone) 76.1 ±5.3 +12.7 ±3.5 2.19 18
HeyGen Voice (full-clone) 72.6 ±5.8 +9.3 ±3.8 2.41 13
Cartesia Sonic 3.6 63.1 ±7.2 -0.2 ±4.7 2.99 12
ElevenLabs v4 59.2 ±7.6 -4.2 ±5.0 3.26 9
Seedance 2.5 45.7 ±6.9 -17.6 ±4.3 4.16 2

−20 −10 0 10 20
Score minus the participant's mean over the five systems (1-100 scale)

HeyGen voice-clone
HeyGen full-clone
Cartesia Sonic 3.6

ElevenLabs v4
Seedance 2.5

+12.7

+9.3

-0.2

-4.2

-17.6

Volunteer video study: self-ratings of digital-twin videos
43 participants; 88% Goldstein-Healy intervals for approximate visual comparison.

HeyGen Voice Other systems

Figure 10 Centered scores in the volunteer self-evaluation with 88% Goldstein–Healy intervals for approximate visual
comparison. Formal paired tests are reported in Table 13. Zero is the participant’s mean over the five systems.

Table 13 Paired comparisons of each HeyGen Voice setting against each competitor in the volunteer self-evaluation.
The mean difference is in scale points over the 43 participants with a 95% participant-bootstrap interval; wins, ties, and
losses count participants; p is an exact two-sided Wilcoxon signed-rank test, Holm-corrected over the six comparisons
(∗: p < 0.05).

HeyGen Voice setting Competitor Mean difference Wins / ties / losses p (Holm)

voice-clone Cartesia Sonic 3.6 +13.0 ±9.0 27 / 0 / 16 0.016*

voice-clone ElevenLabs v4 +16.9 ±7.4 29 / 3 / 11 <0.001*

voice-clone Seedance 2.5 +30.3 ±7.6 39 / 1 / 3 <0.001*

full-clone Cartesia Sonic 3.6 +9.5 ±6.9 24 / 5 / 14 0.016*

full-clone ElevenLabs v4 +13.4 ±9.7 29 / 2 / 12 0.016*

full-clone Seedance 2.5 +26.9 ±8.1 35 / 2 / 6 <0.001*
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The free-text comments separate the two HeyGen Voice settings in the expected way. Participants described
voice-clone as clean and clear but at times less like their own voice, and full-clone as closer to their
recording, down to its graininess, breaths, and pace. This is the intended trade-off between the two policies:
voice-clone designs the delivery and acoustics for the pictured studio and gives up some similarity to the
recording, whereas full-clone continues the recording as it is; it is the same trade-off the listening tests
measured (Section 5.3), and on average participants scored the scene-matched voice-clone slightly higher.

Diverse acoustic conditions. The second study tests the cross-scene workflow of Figure 4 directly: can a
reference voice be placed convincingly in a pictured environment? We built 50 scenes, each with an image, a
script, and its own reference voice, spanning quiet interiors (podcast booth, bedroom, library), public spaces
(airport gate, restaurant, supermarket, factory floor), outdoor settings (beach, forest trail, mountain top, city
street), and acoustically distinctive rooms (cathedral, cave, parking garage, anechoic room); Figure 11 shows
sixteen of them. For each scene, a language model wrote a description of the pictured person’s voice from
the image, and ElevenLabs v3 voice design generated a reference voice from that description; this reference
was given to every system as the recording to clone, so no system had a recording made in the target scene.
HeyGen Voice ran voice-clone with the scene image and captions; Cartesia Sonic 3.6, ElevenLabs v4, and
Seedance 2.5 received the script and the reference. Avatar V rendered every video from the audio, including
Seedance 2.5, whose own video output was not used. Five reviewers compared each HeyGen Voice video
with the competitor’s video for the same scene, blind and with the two videos in counterbalanced positions,
on three questions: overall preference, acoustic fit (whether the voice sounds as if it were recorded in the
pictured place), and ambient sound fit (whether the background sound matches the scene), answering A, B,
or same. Each comparison and aspect therefore has 250 votes from 50 scenes.

Reviewers preferred HeyGen Voice over Cartesia Sonic 3.6 on all three questions (64.5%, 65.0%, and 73.3%
of decided votes; 28, 27, and 36 of the 50 scenes won), all significant after correction (Figure 12, Table 14).
Against ElevenLabs v4, reviewers preferred HeyGen Voice on ambient sound fit (69.7%, 31 scenes won against
15, p = 0.002) and split evenly on overall preference (50.7%) and acoustic fit (55.0%). The baselines differ in
what they attempt: ElevenLabs and Cartesia produce speech without environmental sound, so for them the
ambient question registers the absence of a scene-matched rendering, whereas Seedance 2.5 is an audio–video
model that renders scene sound of its own. Against Seedance, HeyGen Voice is preferred on ambient sound fit
(65.3% of decided votes, 31 scenes won against 14, p = 0.017), while overall preference (55.9%) and acoustic
fit (52.5%, with 111 of 250 votes judged the same) are not distinguishable from parity at this sample size.

Table 14 Diverse acoustic conditions. Votes are counted from the HeyGen Voice side (win = HeyGen Voice preferred);
win share is the HeyGen Voice share of decided votes with a 95% scene-bootstrap interval; scene outcomes follow the
majority of a scene’s five reviews; p is an exact two-sided sign-flip test on each scene’s net vote, Holm-corrected over
the nine tests (∗: p < 0.05). Reviewers are fixed, so intervals and tests generalize over scenes.

Competitor Aspect
Votes

(win / same / loss) Win share
Scenes

(won / tied / lost)
p

(Holm)

Seedance 2.5 Overall preference 105 / 62 / 83 55.9 ±9.2 27 / 6 / 17 0.954
Acoustic fit 73 / 111 / 66 52.5 ±10.7 23 / 7 / 20 1.000
Ambient sound fit 126 / 57 / 67 65.3 ±9.2 31 / 5 / 14 0.017*

ElevenLabs v4 Overall preference 112 / 29 / 109 50.7 ±8.0 22 / 6 / 22 1.000
Acoustic fit 104 / 61 / 85 55.0 ±8.4 26 / 4 / 20 0.954
Ambient sound fit 136 / 55 / 59 69.7 ±8.6 31 / 4 / 15 0.002*

Cartesia Sonic 3.6 Overall preference 127 / 53 / 70 64.5 ±8.5 28 / 10 / 12 0.017*

Acoustic fit 106 / 87 / 57 65.0 ±8.5 27 / 10 / 13 0.017*

Ambient sound fit 143 / 55 / 52 73.3 ±8.1 36 / 2 / 12 <0.001*
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Figure 11 Sixteen of the 50 scenes in the diverse-acoustic-conditions study, grouped by the kind of acoustics they
call for. Each scene is an AI-generated image of a speaker in a place; the reference voice for the speaker was designed
from the image, and the same image guides HeyGen Voice and Avatar V.
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Seedance 2.5

ElevenLabs v4

Cartesia Sonic 3.6

105 62 83 ns

112

29

109 ns

127 53 70 *

Overall preference

0 50 100 150 200 250

73 111 66 ns

104 61 85 ns

106 87 57 *

Acoustic fit

0 50 100 150 200 250

126 57 67 *

136 55 59 *

143 55 52 *

Ambient sound fit

Diverse acoustic conditions: HeyGen voice-clone versus each competitor
50 scenes × 5 reviewers = 250 votes per bar.  *: Holm-corrected scene-level sign-flip test, p < 0.05.

Votes
HeyGen Voice preferred Same Competitor preferred

Figure 12 Votes in the diverse-acoustic-conditions study, HeyGen Voice (voice-clone) against each competitor. Each
bar holds the 250 votes of one comparison and aspect; stars mark Holm-corrected scene-level tests with p < 0.05.
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6 Related Work
Zero-shot speech synthesis. Large-scale zero-shot TTS has converged on two families. Autoregressive models
predict discrete acoustic tokens from text and a voice prompt, then reconstruct audio with a codec, diffusion,
or flow decoder: VALL-E [14] framed synthesis as codec language modeling, Tortoise [5] paired an autore-
gressive model with a diffusion decoder, and Seed-TTS [1], CosyVoice 2 and 3 [23, 24], MiniMax-Speech [74],
Spark-TTS [68], Fish-Speech [42], XTTS [10], Inworld TTS-1 [4], GLM-TTS [20], and Qwen3-TTS [36] scale
this recipe to many languages with flow-matching or codec decoders. Llasa [73] shows that the recipe scales
with both training and inference compute, IndexTTS2 [79] adds duration control and separates emotion from
timbre within it, VibeVoice [56] extends it to long multi-speaker recordings with next-token diffusion, and
speech-centric audio language models such as Step-Audio 2 [63, 64] and MiMo-Audio [46] fold synthesis into
a single understanding-and-generation backbone. Non-autoregressive models such as Voicebox [39], Natu-
ralSpeech 3 [38], E2 TTS [27], F5-TTS [16], MaskGCT [69], and the omnilingual OmniVoice [81] generate
the whole utterance with flow matching or masked prediction, and Vevo [77] disentangles timbre, style, and
content so that each can be imitated from a different prompt. HeyGen Voice belongs to the first family, with
an autoregressive planner over mel-derived codes [67] and a diffusion-transformer flow decoder [44, 55], and
adds image, caption, and continuity conditioning for talking-video use.

Reward and preference optimization for speech. Reinforcement learning with automatic rewards was intro-
duced to TTS by Seed-TTS and has become standard: CosyVoice 3, Qwen3-TTS, and GLM-TTS optimize
recognition- and speaker-based rewards on autoregressive models, and F5R-TTS [65] brings group-relative
policy optimization to flow matching. Preference optimization followed the same path. Early work applied
DPO to language-model TTS with automatically constructed pairs [66] or with human and uncertainty-aware
feedback [12]; later work targets intelligibility with large synthetic preference sets [76], optimizes several di-
mensions at once [70], gates the preference loss to curb hallucination [80], and, in StepAudio 2.5, makes
task-tailored RLHF the main alignment mechanism for expressive synthesis [64]. Our curriculum uses both:
GRPO with intelligibility and speaker-similarity rewards on the base model, and DPO of a low-rank adapter,
first on judge-scored pairs and then on human preferences for expressiveness and naturalness, so that the
expressive behavior is aligned with listeners while the base model stays fixed.

Description, image, and scene control. PromptTTS [32], InstructTTS [71], and Parler-TTS [49] control
delivery and voice attributes from natural-language descriptions, since a transcript alone leaves emotion,
pace, and recording conditions unspecified; our speaker and background captions follow this line but are
split into two streams that address the performer and the environment separately. Visual conditioning has
two strands. One derives acoustics from a picture of the place: visual acoustic matching re-synthesizes a
recording so that it sounds as if made in a target image [11, 62], and ViT-TTS [45] and I2TTS [75] condition
synthesis on a scene image for reverberation and spatial cues, with later multimodal systems [53] combining
several visual and textual controls. The other derives the voice from the person: face-conditioned synthesis
predicts a plausible voice from a face image [40, 52], and movie-dubbing systems [18, 19, 78] read emotion,
timing, and speaker cues from the video to produce speech that fits a given shot. HeyGen Voice differs from
both strands in preserving a specific speaker from a reference recording while the image and captions govern
only delivery and acoustics, with clone policies that set the balance, and in holding a designed realization
fixed across a long script.

Speech inside generated video. Joint audio–video generators now produce speech together with the picture.
Veo 3 [30], Sora 2 [54], and Seedance 2.0 and 2.5 [7, 8] render dialogue, ambience, and effects natively,
Ovi [47] couples a video and an audio backbone through cross-modal fusion, and Omni-Customizer [15]
binds visual identities to vocal characteristics in such a model. These systems generate speech as part of
a joint audio–video pipeline. Section 5.6 evaluates the speech track of Seedance 2.5 using the same scripts
and voice references as the other systems, with all speech tracks rendered through the same downstream
avatar pipeline. Audio-driven human animation takes the opposite division of labor: OmniHuman-1 [43],
InfiniteTalk [72], and Avatar V [41] generate a talking person from an image or video and a speech track that
must come from elsewhere. HeyGen Voice supplies that track: it shares Avatar V’s same-person, different-
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scene benchmark design, and a voice that fits the pictured scene makes the animated video more coherent,
which the video-based studies in Section 5.6 evaluate.

Evaluation. Zero-shot TTS is commonly evaluated with WER or CER from an ASR model and speaker
similarity from a verification model on Seed-TTS-style test sets [1, 36, 74], complemented by MOS or pairwise
listening tests. Recent benchmarks move toward what listeners care about: EmergentTTS-Eval [50] scores
expressiveness and prosody on difficult texts with a model-as-judge, and MINT-Bench [13] tests instruction-
following synthesis in ten languages. We follow the standard practice for content fidelity and add elements
suited to talking video: a cross-scene benchmark in which similarity to the real target recording and similarity
to the reference are reported separately, paired listening tests built around the narrator-choice question, blind
votes from platform users cloning their own voice, and video studies in which the speech is judged with the
person and the scene it was made for.

7 Ethics and Safety
Reference-conditioned speech generation enables authorized dubbing, localization, accessibility, and avatar
creation, and it can also be misused for impersonation. HeyGen’s platform requires verified consent from
the person whose voice is cloned, and that person can request removal of their voice at any time; uploaded
and generated content passes through automated and human moderation, and the full policy is available at
https://www.heygen.com/moderation-policy. The serving system integrates AudioSeal watermarking [59]
to support provenance detection, and reference recordings, cached voices, and evaluation assets are held under
access, retention, and deletion controls.

A voice designed from an image is an authored choice for a pictured scene, not a recovery of the pictured
person’s actual voice, and the product presents it as such. Because training correlations can pair appearance
with accent or vocal attributes, we test internally whether irrelevant visual attributes change accent or
perceived identity and whether explicit captions remain effective across appearances.

8 Conclusion
We have presented HeyGen Voice, a speech generation model built for talking videos. Given a reference voice,
a target image, and captions written from that image, it keeps the speaker’s voice while adapting delivery
and acoustics to the pictured scene. The model is trained with a five-stage curriculum, from supervised TTS
pretraining through simulated and real cross-scene adaptation, GRPO, and a DPO expressiveness adapter.
Two clone policies let the user choose between adapting to the scene and preserving the reference recording,
and an anchor-derived consistency embedding with local acoustic context holds long-form output in one voice
and one room.

Our evaluation spanned a third-party arena, production votes, and talking-video studies, and listeners pre-
ferred HeyGen Voice over leading commercial systems. On the public Artificial Analysis controlled-voice
leaderboard it ranks first (Elo 1201, October 2026); in the HeyGen voice-cloning flow, users choosing a clone
of their own voice picked it over ElevenLabs v4 and Cartesia in 62.2% and 54.1% of blind pairwise votes;
and volunteers rating talking videos of themselves placed both HeyGen Voice settings about 10 to 30 points
above Cartesia Sonic 3.6, ElevenLabs v4, and Seedance 2.5.

Commercial voice-cloning systems typically treat a speaker’s identity and the sound of their recording as one
thing. HeyGen Voice separates them: the voice stays the speaker’s, and the delivery and the room follow the
picture.
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