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Abstract. Existing video personalization methods preserve visual like-
ness but treat video and audio separately. Without access to the visual
scene, audio models cannot synchronize sounds with on-screen actions;
and because classical voice-cloning models condition only on a reference
recording, a text prompt cannot redirect speaking style or acoustic en-
vironment. Although prompt-conditioned audio models could offer such
control, they lack access to the visual scene.

We propose ID-LoRA (Identity-Driven In-Context LoRA ), which jointly
generates a subject’s appearance and voice in a single model, letting
a text prompt, a reference image, and a short audio clip govern both
modalities together. ID-LoRA adapts the LTX-2 joint audio-video dif-
fusion backbone via parameter-efficient In-Context LoRA and, to our
knowledge, is the first method to personalize visual appearance and voice
within a single generative pass. Two challenges arise from this formula-
tion. Reference and generation tokens share the same positional-encoding
space, making them hard to distinguish; we address this with negative
temporal positions, which place reference tokens in a disjoint region of
the RoPE space while preserving their internal temporal structure. Fur-
thermore, speaker characteristics tend to be diluted during denoising; we
introduce identity guidance, a classifier-free guidance variant that ampli-
fies speaker-specific features by contrasting predictions with and without
the reference signal. In human preference studies ID-LoRA is preferred
over Kling 2.6 Pro, the leading commercial unified model with voice per-
sonalization capabilities, by 73% of annotators for voice similarity and
65% for speaking style. Automatic metrics confirm these gains: on cross-
environment settings, speaker similarity improves by 24% over Kling,
with the gap widening as reference and target conditions diverge. A pre-
liminary user study further suggests that joint generation provides a
useful inductive bias for physically grounded sound synthesis. ID-LoRA
achieves these results with only ~3K training pairs on a single GPU.
Code, models, and data are available at https://id-lora.github.iol
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1 Introduction

The field of generative media has witnessed a paradigm shift, moving from static
image synthesis to the creation of high-fidelity, temporally coherent video. In-
deed, foundational text-to-video (T2V) models, such as the open-source Wan
series , demonstrate remarkable capabilities in generating complex scenes,
and cross-modal personalization frameworks like Phantom enable users to
inject specific subject identities into these visual priors with high precision. How-
ever, human identity is inherently multimodal: a person is defined not only by
their appearance but distinctly by the timbre, cadence, and prosody of their
voice. Despite the visual fidelity of modern personalization methods, the result-
ing content remains predominantly silent, or relies on disjointed audio solutions
that fracture the illusion of reality. Current approaches to audio-visual person-
alization typically rely on cascaded pipelines, where video generation is strictly
conditioned on previously synthesized audio (e.g., SadTalker , VASA-1 ,
Hallo ) These modular approaches share a fundamental limitation: the voice-
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Fig. 1: Unified Audio-Visual Personalization with ID-LoRA. ID-LoRA takes
a reference audio clip and a target first frame as input. Unlike cascaded pipelines that
treat modalities separately, ID-LoRA jointly generates synchronized video and audio
in a single pass. This unified approach allows a text prompt to simultaneously dictate
novel content, such as a specific speaking style and environmental acoustics (e.g., “a
jackhammer is drilling in the background”), while ensuring the subject’s vocal identity
and visual likeness are preserved across the generated sequence. Video examples with
audio are available in the supplementary material.



ID-LoRA: Unified Audio-Visual Personalization 3

cloning stage conditions only on an audio reference and a transcript, ignoring the
text prompt that describes the target scene. As a result, if a prompt requests an
angry shout in a windy outdoor setting but the reference audio was recorded in
a quiet studio, a cascaded pipeline will simply propagate the studio-like acoustic
characteristics and neutral speaking style, failing to follow the prompt’s intent.
More broadly, cascaded generation prevents the prompt from jointly influencing
both audio and video properties, limiting controllability over environment sounds
and speaking style. While recent editing techniques like EditYourself [11] and
Just-Dub-It [1] have moved toward unified generation, they are fundamentally
constrained to same-video settings. They edit an existing video, maintaining the
original speaker settings and acoustic environment, and cannot generalize to the
cross-video settings required to synthesize a subject in a novel context.

In this work, we address unified audio-visual personalization (Fig. [1]): gener-
ating video clips of a specific identity where appearance and voice are synthesized
jointly within a shared latent space. Unlike dubbing or editing approaches, our
goal is to generalize to entirely new scenes. By operating within a unified latent
space, we aim to place a specific subject into entirely novel contexts while pre-
serving both their visual likeness and vocal identity. Because the modalities are
coupled, the text prompt can simultaneously dictate the scene’s visual genera-
tion, environmental acoustics, and speaking style.

To achieve this, we propose ID-LoRA (Identity-Driven In-Context LoRA),
a method that adapts a unified audio-video diffusion backbone (LTX-2 [15]) for
audio-visual personalization. By leveraging a shared DiT backbone that pro-
cesses audio and video latents, our model mimics the joint distribution of a
speaker’s appearance and acoustic signature, enabling identity-preserving gener-
ation in novel contexts. Crucially, we generalize the In-Context LoRA approach
to allow the model to attend to the reference identity sample (a single first-frame
image and a short audio clip) and generate coherent outputs in novel settings.
Because both modalities share the same text conditioning, the generated audio
can follow prompt descriptions of the environment and speaking style rather than
being locked to the reference clip’s acoustics, while simultaneously attending to
the video modality.

Our contributions can be summarized as follows:

— We introduce ID-LoR A, the first In-Context LoRA framework for zero-shot
joint audio-video personalization.

— We propose two architectural components that are key to effective identity
transfer: negative temporal positions that place reference audio tokens in a
negative region of the RoPE positional space, cleanly separating them from
target tokens while keeping the target at the pretrained positions; and iden-
tity guidance, a classifier-free guidance generalization applied to the audio
stream that amplifies speaker-specific features at inference time.

— We propose an evaluation protocol with curated splits that test different
aspects of audio-visual personalization across multiple environments. We
complement automatic metrics with two human evaluation paradigms: an
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A/B preference study and a Mean Opinion Score (MOS) study evaluating
environment sound interaction across diverse physical scenarios.

We demonstrate through extensive experiments and human evaluations that our
unified approach outperforms state-of-the-art cascaded baselines and commercial
models in speaker similarity, lip synchronization, and audio prompt adherence.

2 Related Work

2.1 Joint Audio-Video Generation

Recent work has explored shared diffusion or flow-matching backbones that
jointly model video and audio latents. AV-DiT [37] achieves efficient synchro-
nized synthesis using a modality-shared DiT backbone with lightweight modality-
specific adapters. JavisDiT [23| improves fine-grained audio-video synchroniza-
tion via a hierarchical spatio-temporal synchronized prior, and Apollo |36] unifies
multiple text- and image-conditioned generation tasks (T2AV/TI2AV /TI2V) un-
der a single multi-task objective. Ovi [25] adopts a twin-backbone architecture
with a dedicated 5B audio branch mirroring the visual backbone of Wan2.2. LTX-
2 [15], which serves as our backbone, employs an asymmetric 48-layer DiT with
bidirectional cross-modal attention, achieving state-of-the-art joint generation
quality. While these models produce temporally coherent audio-visual content,
they are designed for general text-to-audio-video synthesis and lack mechanisms
for multimodal identity personalization.

2.2 Identity Personalization in Video and Audio

Visual Identity Personalization. Subject-driven image generation has advanced
rapidly through optimization-based methods such as Textual Inversion [12| and
DreamBooth |31], and through encoder-based approaches such as IP-Adapter [42]
and InstantID [38] that inject identity features into diffusion models. Parameter-
efficient fine-tuning via LoRA [16] has become a dominant paradigm, and In-
Context LoRA (IC-LoRA) [17] extends it by concatenating reference and tar-
get latents along the sequence dimension, enabling zero-shot identity transfer
through self-attention without per-subject optimization. Video personalization
builds on these foundations: VACE [19]| provides an all-in-one video creation
framework, and Phantom [24] enables cross-modal subject insertion with high
fidelity. Our work elevates the IC-LoRA paradigm from a visual-only technique to
a comprehensive audio-visual framework. Because cross-modal identity transfer
introduces severe positional entanglement during denoising, we formulate nega-
tive temporal positions and propose identity guidance, successfully handling the
unique challenges of cross-modal personalization.

Audio Identity and Scene Control. Zero-shot voice cloning has progressed from
speaker-embedding-conditioned TTS to neural codec language models [26,[34],
flow-based approaches [7]), and masked generative codec models |39], that achieve
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high-fidelity speaker transfer. However, these models generate clean speech with
no control over background sounds or acoustic environment. Text-to-audio mod-
els such as AudioLDM 2 |22| produce rich environmental soundscapes from free-
text descriptions but cannot preserve a specific speaker’s identity. Audiobox [32]
bridges this gap by combining voice cloning with text-described background
sounds, yet it operates purely in the audio domain without access to the visual
scene. Our unified approach goes further: by generating audio and video jointly,
a single text prompt controls visual content, environment sounds, and speaking
style simultaneously, while the visual scene provides implicit conditioning for
acoustic properties such as timing and reverberation. Throughout, the speaker’s
vocal identity is preserved via the reference audio.

Audio-Driven Talking Heads. A related line of work generates talking-head video
conditioned on a driving audio signal [40,/41/43]. These methods animate a source
portrait to match input speech, producing lip-synchronized results, but they
require pre-existing audio rather than generating it, and typically operate on
tightly cropped face regions without modeling the broader scene or environment
sounds. Our setting is fundamentally different: we jointly generate both the audio
and the video of a subject in a novel, prompt-specified context.

2.3 Concurrent Work

Audio-Visual Editing and Dubbing Just-Dub-It [1] adapts LTX-2 for transcript-
driven video dubbing, EditYourself [11] enables transcript-based editing by in-
painting the lip region, and Sync-LoRA [27] propagates visual appearance changes
across a video but remains video-only with no audio branch. A common thread
is the same-video constraint: all three methods modify a source video in place,
inheriting its acoustic environment and speaker configuration, and none address
cross-video personalization where the subject must be synthesized in an entirely
new context with potentially different environment sounds and speaking style.
ID-LoRA fills this gap by performing fully generative audio-visual personaliza-
tion from only a reference audio clip, a first-frame image and a text prompt.

Identity-Aware Audio-Visual Synthesis DreamID-Omni [14] introduces a con-
trollable framework for human-centric generation including multi-person scenar-
ios, but requires ~1M training samples and substantial architectural modifica-
tions. MM-Sonate [29] trains on ~100M pairs across generation, editing, and
animation tasks. In contrast, ID-LoRA demonstrates that parameter-efficient
adaptation with only ~3K pairs can achieve strong audio-visual personalization,
with particular emphasis on enabling the text prompt to govern environment
sounds and speaking style.

3 Method

Our goal is to generate audio-video content that faithfully preserves both the
visual appearance and vocal identity of a target individual, given only a short
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Fig. 2: ID-LoRA (overview). Target first frame and reference audio are encoded into
latents, concatenated with noisy targets, and fed to a shared LTX-2 DiT adapted with
In-Context LoRA. Reference audio tokens receive negative temporal positions in the
RoPE space, cleanly separating them from the target tokens. Joint text conditioning
yields synchronized, identity-preserving video and audio whose acoustics follow the
prompt and adapted to the new environment.

reference audio and a first frame. As illustrated in Fig.[2] we achieve this through
ID-LoRA (Identity-Driven In-Context LoRA), which adapts a pre-trained joint
audio-video diffusion backbone to perform identity transfer within a unified la-
tent space.

3.1 Preliminaries: Joint Audio-Video Diffusion

We build upon LTX-2 [15], a joint audio-video generation model based on the
Diffusion Transformer (DiT) architecture. LTX-2 employs an asymmetric dual-
stream transformer with 48 layers that jointly processes video and audio latents
through bidirectional cross-modal attention. The video stream (14B parameters)
handles spatiotemporal dynamics using 3D RoPE positional encoding, while the
audio stream (5B parameters) processes temporal audio features using 1D RoPE.

Both modalities are encoded into latent spaces: video pixels are compressed
via a Video VAE (32X spatial, 8x temporal compression), and audio waveforms
are encoded through an Audio VAE that operates on mel spectrograms.

3.2 Identity-Driven In-Context LoRA

In-Context LoRA (IC-LoRA) [17] enables zero-shot adaptation by concatenat-
ing reference and target latents along the sequence dimension, allowing the
model to learn identity correspondence through self-attention. We generalize
this paradigm to the joint audio-video setting.
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Reference Conditioning. Given a reference audio clip of the target speaker, we
encode it into audio latents:

ref __ £ Aref 1

210 = £, (A™) 1)

where £, denotes the audio VAE encoder. The reference audio latents are con-

catenated with the target audio latents along the sequence dimension, while

the video stream uses standard text-to-video generation with first-frame condi-

tioning, which provides a strong visual anchor for face identity while allowing
temporally coherent motion and synchronized audio:

Zinput — [ZE)arget; ZZEf; Z:clarget] (2)

This audio-only in-context strategy allows the model to learn speaker identity

transfer from the reference audio, while the video stream remains free to generate

visuals guided by the text prompt and first frame while maintaining coherence
with the audio.

Negative Temporal Positions. A key challenge in IC-LoRA is distinguishing ref-
erence tokens from target tokens during attention. In same-video settings such
as dubbing or motion transfer, prior work assigns context tokens positional en-
codings identical to their target counterparts, enforcing strict spatiotemporal
alignment between input and output [1,/27]. However, in our cross-video per-
sonalization setting, the reference audio originates from a different clip entirely
and shares no temporal correspondence with the target. We therefore address
this by assigning negative temporal positions to the reference audio tokens while
keeping target positions positive. This creates a clear separation in the positional
encoding space:

tref S [_Trefa 0)7 ttarget S [07 Ttarget] (3)

where T is the sequence length of the reference and target audio, respectively.
This approach preserves the relative temporal structure within the reference
while clearly demarcating reference from target.

3.3 Training Objective
We train ID-LoRA using the standard diffusion denoising objective. Given a

reference audio clip and a target video-audio clip from the same speaker, the
model learns to denoise the target latents while attending to the reference:

£=Epc[lle = o™ 1,03 (4)

where €y is the denoising network with LoRA parameters, and c includes text
conditioning describing the target scene.
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3.4 Identity-Guided Inference

At inference time, we introduce Identity Guidance, a classifier-free guidance
variant that steers generation toward better identity preservation. We compute
two forward passes: one with reference conditioning and one without, then ex-
trapolate:

= €191n(:0nd + Siq - (6§ef _ 6;ncond) (5>

where siq is the identity guidance scale. Identity guidance follows the same prin-
ciple as classifier-free guidance, but applied to the reference audio rather than the
text prompt. Standard CFG extrapolates away from the unconditional prediction
to amplify text influence; identity guidance similarly extrapolates between the
unconditional and reference-conditioned predictions, amplifying identity-specific
features, vocal timbre, speaking rhythm, pronunciation, while leaving scene con-
tent and environment sounds to be governed by the text prompt.

4 Experimental Settings

4.1 Datasets

We train ID-LoRA on CelebV-HQ [44] and TalkVid [3|, maintaining separate
checkpoints for each dataset. Both datasets undergo a shared preprocessing
pipeline consisting of segmentation, captioning, speaker clustering, and source
separation of reference audio to avoid environment leakage. For automatic evalu-
ation, we construct a test set of 120 video pairs from 63 held-out speakers across
both datasets. Pairs follow objective, method-agnostic criteria (same- vs. cross-
video pairing); the only manual step verifies caption correctness and speaker-
identity matching, with no subjective selection, and the same fixed pairs are
evaluated for every method. The CelebV-HQ portion is divided into an easy
(same-video) split of 36 videos spanning 14 speakers and a hard (cross-video)
split of 35 videos spanning 8 speakers. The TalkVid portion comprises 49 videos
from 41 held-out speakers. To assess cross-dataset generalization, we also eval-
uate the CelebV-HQ checkpoint on the TalkVid test set (see Sec. . Full
preprocessing and split details are provided in the supplementary material.

4.2 Baselines

We compare ID-LoRA against three cascaded pipelines that pair a zero-shot
voice-cloning model (CosyVoice 3.0 [§], VoiceCraft [26], or ElevenLabs [9]) with
WAN2.2 [33] as the video backbone. ElevenLabs supports built-in emotion and
style control via automatic prompt enhancement, making it the strongest cas-
caded baseline for speaking style adherence. We also compare against Kling
2.6 Pro |20], a closed-source commercial model that generates talking-face video
with voice cloning in a unified pipeline. For both ElevenLabs and Kling, prompts
were adapted following each platform’s official guidelines. Per-baseline details are
provided in the supplementary material.
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4.3 Evaluation Metrics

We evaluate five axes against the GT target videos: Speaker Similarity via
WavLM+ECAPA-TDNN |2,/6,/35] cosine similarity; Face Similarity via Ar-
cFace [5| cosine similarity (5-frame average); Lip Synchronization via Sync-
Net |428], LSE-D (].) and LSE-C (1); Audio Prompt Adherence via CLAP [10]
similarity between generated audio and the combined environment and speaking
style prompt; and WER via Whisper-large-v3 |30] transcription. Full details are
provided in the supplementary material.

4.4 Implementation Details

We implement ID-LoRA on top of the LTX-2 model using LoRA with rank 128.
Training is performed on a single NVIDIA H100 GPU for 6,000 steps, using
AdamW optimizer with learning rate 2 x 10~* and batch size of 4. First-frame
conditioning is applied with probability 0.9 during training.

At inference, we use 30 denoising steps with the following guidance scales:
video CFG = 3.0, audio CFG = 7.0, identity guidance = 4.0, and AV-bimodal
CFG = 3.0. STG (Spatio-Temporal Guidance) is applied with scale 1.0 on block
29. Generated videos are 1024 x 1024 resolution with 121 frames at 25fps for both
CelebV-HQ and TalkVid. AV-bimodal and STG guidance have been introduced
in [15] and |18] respectively. Following the standard LTX-2 inference recipe [15],
we render videos with its two-stage pipeline to all LTX-based methods.

5 Results

5.1 Main Results on CelebV-HQ

Table [I] presents our main comparison between ID-LoRA, three cascaded base-
lines (CosyVoice 3.0 + WAN2.2, VoiceCraft + WAN2.2, and ElevenLabs +
WANZ2.2), and the state-of-the-art closed-source Kling 2.6 Pro model across all
evaluation splits: CelebV-HQ easy (same-video), CelebV-HQ hard (cross-video),
and TalkVid. All cascaded baselines use WAN2.2 [33] as the video backbone. We
additionally isolate architecture effects by comparing against LT X-based variants
in Table 2

On the easy (same-video) subset, all methods benefit from high source-target
similarity, representing a voice replication scenario. On the hard (cross-video)
subset, which tests generalization to novel acoustic settings, our advantages be-
come more pronounced: the speaker similarity gap over the best cascaded base-
line widens from +0.063 (easy) to +0.086 (hard). This suggests that our unified
approach generalizes more robustly to new settings, whereas cascaded pipelines
degrade more sharply when reference and target conditions diverge.

ID-LoRA outperforms all cascaded baselines on speaker similarity and lip
synchronization, demonstrating that a unified generation scheme better pre-
serves the target voice and produces more coherent audio-visual alignment than
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Table 1: Comparison on CelebV-HQ easy (same-video), hard (cross-video), and
TalkVid splits. 1 higher is better, | lower is better. Best in bold, second best underlined.
T Commercial model.

Method Spk Sim 1 Face Sim 1 LSE-D | LSE-C 1+ CLAP 1+ WER |
> CosyVoice 3.0 + WAN2.2  0.510 0.886 11.27 1.53 0.301  0.273
% VoiceCraft + WAN2.2 0.412 0.879 10.99 1.48 0.335 0.241
= ElevenLabs + WAN2.2 0.413 0.879 11.98 1.51 0.266  0.180
C.I) Kling 2.6 Pro' 0.487 0.847 10.24 3.01 0.327 0.046

ID-LoRA (Ours) 0.573 0.870 8.20 4.43 0.372 0.106

CosyVoice 3.0 + WAN2.2  0.391 0.890 11.40 1.50 0.249  0.362
~ VoiceCraft + WAN2.2 0.344 0.892 10.60 1.33 0.258  0.427

ElevenLabs + WAN2.2 0.357 0.894 11.86 1.72 0.238 0.154

1 Kling 2.6 Prof 0.385 0.854 9.49 3.47 0.316 0.121
S ID-LoRA (Ours) 0.477 0.874 8.49 3.90 0.363 0.113

CosyVoice 3.0 + WAN2.2  0.579 0.770 12.34 1.20 0.315  0.223
" VoiceCraft + WAN2.2 0.457 0.773 12.15 1.22 0.407 0.171
7> ElevenLabs + WAN2.2 0.491 0.772 12.42 1.31 0.319  0.064
= Kling 2.6 Pro' 0.506 0.754 11.59 2.40 0.326  0.040
( ID-LoRA (Ours) 0.599 0.772 10.62 3.09 0.385  0.054

ID-LoRA 0.595 0.767 10.32 3.12 0.412 0.065

(Celeb — TalkVid)

cascading separately trained models. Kling 2.6 Pro, a unified commercial solu-
tion trained on significantly larger data, does not surpass our open approach on
these axes. Both unified approaches (ours and Kling) also achieve substantially
higher audio prompt adherence (CLAP) than the cascaded baselines, with the
gap widening on the hard split (+0.105 vs. best cascaded) where environments
diverge and cascaded pipelines blindly propagate reference acoustics. Statisti-
cal significance tests confirm our speaker similarity gains over all baselines at
p < 0.001, and our CLAP advantage over Kling reaches p < 0.01.

5.2 Cross-Dataset Generalization

We additionally report TalkVid results in Table[I} ID-LoRA maintains its advan-
tages in speaker similarity and lip synchronization on this dataset. Notably, the
CelebV-HQ checkpoint applied to TalkVid without fine-tuning achieves speaker
similarity of 0.595, only 0.004 below the in-domain checkpoint, still surpassing
all other baselines, while actually improving CLAP (0.412 vs. 0.385) and LSE-D
(10.32 vs. 10.62). This likely reflects CelebV-HQ’s greater acoustic diversity, in-
dicating that ID-LoRA learns transferable identity representations rather than
dataset-specific shortcuts. We also evaluate ~9.7,s clips on a TalkVid subset; we
report the results in the supplementary material.
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Table 2: Ours vs LTX variants across three datasets: CelebV-HQ easy (same-video),
CelebV-HQ hard (cross-video), and TalkVid. Includes T'TS-conditioned LTX and LTX-
Zeroshot variants. T higher is better, | lower is better. Best in bold, second best
underlined.

Method Spk Sim 1 Face Sim T LSE-D | LSE-C 1 CLAP 1+ WER |
. CosyVoice 3.0 + LTX  0.522 0.875 942 281  0.307 0.287
@ VoiceCraft + LTX 0.412 0.885 9.19 232  0.335 0.241
ElevenLabs + LTX 0.420 0.873 944 299 0262 0.185
¢ LTX-Zeroshot 0.462 0.881 8.05 241 0308 4.634
ID-LoRA 0.573 0.870 820  4.43 0.372 0.106
CosyVoice 3.0 + LTX  0.409 0.888 939 213 0.246  0.362
£ VoiceCraft + LTX 0.344 0.883 8.72 152  0.258  0.427
ElevenLabs + LTX 0.364 0.886 10.31 221 0235 0.152
T LTX-Zeroshot 0.374 0.896  7.89 207 0242 2.393
ID-LoRA 0.477 0.874 849  3.90 0.363 0.113
CosyVoice 3.0 - LTX  0.578 0.768 11.33 233 0.324  0.223
S VoiceCraft + LTX 0.457 0.768 11.37  1.81  0.405 0.165
> ElevenLabs + LTX 0.493 0.768 1113 271 0322 0.064
=4 LTX-Zeroshot 0.530 0.850  9.81 245  0.381 0471
ID-LoRA 0.599 0.772 10.62  3.09  0.385 0.054
ID-LoRA 0.595 0.767 10.32 3.12  0.412 0.065

(Celeb — TalkVid)

5.3 Controlling for Backbone Effects

To isolate pipeline design from model family effects, Table [2] compares ID-LoRA
with LTX-based cascaded variants (Cosy Voice-LTX, VoiceCraft-LTX, ElevenLabs-
LTX) and LTX-Zeroshot.

Across CelebV-HQ easy/hard, ID-LoRA remains the strongest on speaker
similarity and synchronization-oriented metrics (LSE-C and competitive LSE-
D), while several LTX variants achieve higher face similarity, an effect we ana-
lyze below. On TalkVid, ID-LoRA still leads in speaker similarity and low WER,
whereas LTX-Zeroshot can obtain very low LSE-D together with degraded tran-
scription quality (high WER), indicating that low SyncNet distance alone can
overestimate quality when articulation is poor. This motivates evaluating syn-
chronization jointly with intelligibility and identity rather than in isolation.

Face similarity and lip synchronization. All baselines achieve comparable or
higher face similarity than ID-LoRA, while Kling 2.6 Pro scores lower (0.847-0.854).
This reflects a systematic bias in ArcFace: methods with less lip motion keep
face embeddings closer to the reference, inflating the metric. A similar confound
affects lip synchronization: LTX-Zeroshot achieves the lowest LSE-D across all
splits yet also the lowest LSE-C confidence and largely unintelligible speech
(WER > 2.3 on CelebV-HQ), indicating that its low lip-sync distance stems from
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Table 3: Full 2 x 2 ablation of our two core components: negative temporal positions
(Neg. PEs) and identity guidance (IdG), on the CelebV-HQ hard split (cross-video).
The two components combine super-additively on speaker similarity, while Neg. PEs is
the dominant factor for intelligibility (WER). Best in bold, second best underlined.

Method Spk Sim 1 Face Sim T LSE-D | CLAP 1+ WER |
Neither 0.430 0.873 8.84 0.373 0.188
Neg. PEs only 0.438 0.875 8.71 0.364 0.113
IdG only 0.441 0.872 9.02 0.359  0.252

OURS (Neg. PEs + IdG) 0.477 0.874 8.50 0.363 0.113

near-static frames rather than accurate articulation. These observations moti-
vate evaluating synchronization jointly with intelligibility and identity rather
than in isolation, and suggest that face similarity alone is an incomplete mea-
sure for talking-head generation, as it penalizes realistic speech articulation. A
quantitative lip motion analysis is provided in the supplementary material.

5.4 Ablation Studies

Negative Temporal Positions and Identity Guidance. Table [3| reports the full
2 x 2 ablation of our two core components on the hard split. Each component
is of limited value in isolation: relative to the bare baseline (neither compo-
nent, 0.430 speaker similarity), adding negative temporal positions or identity
guidance alone improves speaker similarity by only +0.008 and +0.011, respec-
tively, whereas enabling both together yields a markedly larger +0.047 gain.
This super-additive interaction indicates that the two components reinforce one
another rather than contributing independently. Intelligibility, by contrast, is
governed primarily by the positional encoding: every configuration with nega-
tive temporal positions attains WER < 0.113, while standard encodings raise
WER to 0.188-0.252, confirming that the model struggles to separate reference
from target speech without a clear positional boundary. Face similarity and audio
prompt adherence (CLAP) are largely insensitive to either component. A sen-
sitivity analysis of the identity guidance scale is provided in the supplementary
material.

Backbone Generalization. Our three core ingredients are backbone-agnostic: neg-
ative temporal positions reuse the pretrained RoPE and apply to any RoPE-
based transformer, identity guidance is inference-time, and audio-visual in-context
conditioning needs only shared cross-modal attention. Applying the identical
recipe without re-tuning to LTX-2.3 [21], a larger LTX variant (22B) with a
different audio model, transfers directly: on the CelebV-HQ hard split it yields
intelligible, synchronized speech (WER 0.165, LSE-D 8.97) and even improves
speaker similarity (0.481 vs. 0.477). Our recipe is thus not tied to one architec-
ture and benefits from stronger backbones.
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B 1D-LoRA (Ours) Tie M Kling 2.6 Pro
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(a) ID-LoRA vs. Kling 2.6 Pro (b) ID-LoRA vs. ElevenLabs + Wan 2.2

Fig. 3: Human evaluation results: A /B preference rates (%) on the hard (cross-video)
split. Annotators on AMT evaluated 35 pairs across 8 speakers along three axes: voice
similarity, environment sounds, and speech manners.

f

Jackhammer Knocking Tree Fall Bird Chirp Guitar

Fig. 4: Examples from the MOS evaluation set. Each column shows two generated
videos from the same speaker under different environmental sound conditions.

5.5 Human Evaluation

To complement automatic metrics, we conduct two human evaluations on Ama-
zon Mechanical Turk (AMT), with 9 annotators per item. Participation is re-
stricted to workers with Masters qualification, a HIT approval rate above 97%,
and location in English-speaking countries.

A/B Preference Study. We perform two A/B preference tests comparing ID-
LoRA against Kling 2.6 Pro and ElevenLabs + WAN2.2, using the CelebV-HQ
hard split. For each pair, annotators are shown videos from both methods in ran-
domized A/B order and select a preference (A, B, or Equal) along three axes:
voice similarity (with a reference video shown), environment sounds (with the
target description shown), and speech manners (with the target style description
shown). To ensure annotation quality, we employ A /B randomization indepen-
dent per (pair, question), a cyclic Latin square so that no annotator evaluates
the same pair under two different question types, watch-gating that disables
rating until all videos are watched to completion, guided practice rounds, and
two hidden control pairs with known answers to filter inattentive workers (see
supplementary for full protocol).
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Environment Sound Integration — MOS by Sound Type
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Fig. 5: Environment sound interaction MOS study: per-scenario mean opinion scores
(1-5) with 95% confidence intervals for ID-LoRA and Kling 2.6 Pro across ten physical
interaction scenarios. ID-LoRA scores higher on 8 of 10 scenarios and in overall score.

Figure [3|shows the preference rates, with ~285-290 annotations per question
type. All p-values are from two-sided binomial tests on win counts excluding
equal responses. Against ElevenLabs + Wan 2.2, ID-LoRA is overwhelmingly
preferred for voice similarity (80.7% vs. 17.5%; win rate 82.1%, p < 0.001)
and environment sounds (68.7% vs. 5.6%; win rate 92.4%, p < 0.001), with
a moderate advantage for speech manners (55.5% vs. 39.9%; win rate 58.1%,
p < 0.01). Against Kling 2.6 Pro, ID-LoRA is significantly preferred on all three
axes (p < 0.001): voice similarity (73.1% vs. 20.0%; win rate 78.5%), environ-
ment sounds (54.8% vs. 20.7%; win rate 72.6%), and speech manners (65.2%
vs. 30.7%; win rate 68.0%). Across both comparisons, the strongest advantages
appear in voice similarity and environment sounds, validating that unified gen-
eration jointly preserves speaker identity and enables text-driven control over
the audio scene.

Environment Sound Interaction MOS Study. The A/B study evaluates ambient
sounds described in the prompt (e.g., wind, traffic). A more demanding test
is whether the model can generate sounds corresponding to physical interac-
tions depicted in the scene—e.g., a thud when a box drops or guitar music when
strumming. Cascaded baselines cannot perform this task as they generate speech
only; we therefore compare ID-LoRA against Kling 2.6 Pro only. We design ten
interaction scenarios, e.g. dropping a box, clapping, drumming. For each sce-
nario, we select five speakers from TalkVid and use Nano-banana [13| to insert
a scene-appropriate object and background into the first frame (e.g., a guitar
in the speaker’s hands). Both methods generate videos from these edited frames
with prompts describing the interaction, yielding new 50 paired samples. Anno-
tators rate each video independently on a 1-5 MOS scale (1 = Bad, 5 = Excellent)
assessing how well the generated audio matches the depicted interaction. Repre-
sentative examples are shown in Fig. [4} Scenario details and per-scenario analysis
are in the supplementary.

Results are shown in Figure 5| ID-LoRA achieves a higher overall MOS (3.05
vs. 2.90), wins on 8 of 10 scenarios, and exhibits lower variance with fewer
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“Bad” ratings (15.3% vs. 23.3%). The fact that ID-LoRA, trained on only ~3K
pairs, matches a large-scale commercial system confirms that unified generation
provides a strong inductive bias for physically grounded audio-visual correspon-
dence.

6 Conclusions

We presented ID-LoRA, a unified audio-visual personalization method that
jointly synthesizes a subject’s appearance and vocal identity. Unlike cascaded
pipelines, our approach benefits from cross-modal attention and allows text con-
ditioning to influence both modalities simultaneously by leveraging the LTX-2
backbone for zero-shot personalization. Key architectural contributions include
negative temporal positions for reference-target separation and identity guidance
for enhanced speaker preservation.

Experiments demonstrate that ID-LoRA outperforms cascaded baselines and
competes with state-of-the-art closed-source models in speaker similarity and
lip synchronization. Crucially, human evaluations show our method significantly
surpasses both cascaded baselines and Kling 2.6 Pro in matching speech manners,
generating appropriate environment sounds, and integrating physically grounded
audio. Overall, ID-LoRA yields more coherent audio-visual outputs with stronger
prompt adherence and identity preservation than dedicated TTS pipelines. We
focus on single-speaker personalization to study identity transfer in isolation;
future work will extend to multi-speaker, cross-lingual, and general Audio-Visual
Reference-to-Video generation.
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