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Figure 1. FaceCam generates portrait videos with precise camera control from a single input video and a target camera trajectory. We
introduce scale-aware camera conditioning that represents the target camera via rendered facial landmarks, enabling accurate camera
pose control. Our approach preserves subject identity and motion while maintaining high visual quality. Project page: https://
weijielyu.github.io/FaceCam.

Abstract

We introduce FaceCam, a system that generates video un-
der customizable camera trajectories for monocular hu-
man portrait video input. Recent camera control ap-
proaches based on large video-generation models have
shown promising progress but often exhibit geometric dis-
tortions and visual artifacts on portrait videos due to scale-
ambiguous camera representations or 3D reconstruction
errors. To overcome these limitations, we propose a face-
tailored scale-aware representation for camera transforma-
tions that provides deterministic conditioning without rely-

*Work was done when Weijie Lyu was an intern at Adobe Research.
†Corresponding author.

ing on 3D priors. We train a video generation model on
both multi-view studio captures and in-the-wild monocular
videos, and introduce two camera-control data generation
strategies: synthetic camera motion and multi-shot stitch-
ing, to exploit stationary training cameras while generaliz-
ing to dynamic, continuous camera trajectories at inference
time. Experiments on Ava-256 dataset and diverse in-the-
wild videos demonstrate that FaceCam achieves superior
performance in camera controllability, visual quality, iden-
tity and motion preservation.

1. Introduction
Controllable video generation [7, 8, 16, 39, 52, 55] has
emerged as a central topic in recent research, with cam-
era motion [1, 2, 21, 47, 58] being one of its most criti-
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cal control dimensions. Meanwhile, human portrait videos
are among the most prevalent video formats, making cam-
era control for portraits a key problem in computer vi-
sion and graphics, with applications in social media, post-
production, telepresence, and AR/VR. Given a source
video, the goal of a camera-control system is to allow
users to specify discrete camera positions or continuous
camera trajectories and then generate a video of the same
scene from those configurations. This defines a dynamic
view-synthesis problem, where the model must infer time-
varying scene geometry and synthesize unseen pixels from
a learned prior. In the context of portrait videos, maintain-
ing accurate facial expressions, verbal articulation, identity
consistency, and subtle motions, such as head movement
and hair dynamics, is critical for perceptual quality.

Contemporary approaches typically build on large foun-
dation video generation models as strong visual priors. Two
main strategies have emerged for specifying camera control.
The first [1–3, 21, 47] employs scene-agnostic camera rep-
resentations, such as intrinsic and extrinsic parameters or
image-like encodings of rays (e.g., Plücker rays [26]). The
second [53, 55, 57, 58] infers camera motion from scene
reconstruction, e.g. using depth estimation, thereby tying
control directly to the underlying 3D structure.

For human portrait videos, existing approaches face no-
table challenges. Scene-agnostic camera representations,
being unaware of video content, make it difficult to specify
the desired camera changes for a portrait and suffer from
scale ambiguity: the same parameter change can induce
dramatically different visual transformations depending on
the object or scene scale, shown in Fig. 2A. Reconstruction-
based methods rely on 3D understanding [24, 51] to derive
camera motion; small geometric errors in these estimates
can amplify into large perceptual artifacts, such as shape
distortions or identity drift. These artifacts are especially
noticeable due to human sensitivity to facial appearance
and facial expressions. The second challenge in training
camera control for portrait video generation is data: acquir-
ing paired videos with ground-truth camera annotations that
capture the full complexity of human dynamics. Real por-
trait videos must preserve dynamic facial expressions, nat-
ural head movements, and fine-grained details such as re-
alistic hair motion, all of which are notoriously difficult to
simulate synthetically at scale. The core difficulty lies in ob-
taining paired training data where the same dynamic scene
is recorded under different camera trajectories.

To address these challenges, we propose FaceCam, a
portrait video generation system with precise camera con-
trol. We overcome the limitations of existing camera-
conditioning schemes by introducing a scale-aware cam-
era representation that encodes the relative transformation
between source and target poses using image-space pixel
correspondences. By explicitly modeling how camera mo-

tion acts on a 3D human head, this representation resolves
monocular scale ambiguity and allows users to specify cam-
era trajectories in a more direct and interpretable way. To
enhance the model’s ability to preserve dynamic facial ex-
pressions, natural head movements, and fine-grained de-
tails, we train our network on NeRSemble [30], a studio-
captured multi-view human video dataset. However, this
dataset only provides static cameras. To enable continu-
ously moving camera trajectories at inference, we introduce
two data generation strategies: synthetic camera motion and
multi-shot stitching. We find that the discontinuous cam-
era pose changes produced by multi-shot stitching during
training generalize well to continuous camera trajectories at
inference. We further incorporate in-the-wild videos aug-
mented with synthetic camera motion to mitigate overfitting
to the studio lighting conditions.

By leveraging a large video generation model as back-
bone and initialization for fine-tuning, we achieve state-of-
the-art performance with high fidelity across two key di-
mensions: precise camera control adherence and faithful
preservation of subject dynamics, including facial expres-
sions, identity, head motion, and realistic hair movement.
We validate our method on both the studio-captured Ava-
256 [40] dataset, which provides ground-truth multi-view
static cameras, and challenging in-the-wild portrait videos,
demonstrating superior performance in camera control ac-
curacy and video quality compared to existing methods.
Our contributions are summarized as follows:
• We propose FaceCam, a portrait video camera-control

system with a face-tailored, scale-aware camera repre-
sentation that resolves the scene-scale ambiguity of tradi-
tional camera parameterizations and enables intuitive au-
thoring of camera trajectories.

• We develop a data generation and training pipeline that,
despite using only static-camera multi-view captures and
unlabeled in-the-wild videos for training, supports contin-
uous target camera motion in inference, without relying
on any 4D synthetic data.

• Extensive experiments on in-the-wild data validate the
effectiveness of our approach, demonstrating precise
camera-control adherence and faithful preservation of
subject dynamics, highlighting its promise for real-world
applications.

2. Related Work
2.1. Human Face View Synthesis
View synthesis for human portraits has progressed from
3D Morphable Model (3DMM)-based [4] mesh reconstruc-
tion to NeRF-/Gaussian-based heads and, more recently,
diffusion-based generation. Classical 3DMM pipelines es-
timate per-frame pose and expression on a textured mesh
and refine appearance across frames to obtain a drivable
avatar [17, 28, 44, 45], but they struggle to capture fine-
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scale appearance, complex hair, and full-head coverage.
Dynamic NeRF- and Gaussian-based methods further con-
dition on expression codes or FLAME [33] parameters [14,
22, 42, 59, 61, 62], and subsequent variants improve robust-
ness, rendering quality, and articulation for upper-body and
full-head avatars. However, monocular pipelines still re-
port inef�ciency, dif�culty handling large pose changes and
rear-head views, and reliance on per-instance optimization
over hundreds or thousands of frames, which limits scal-
ability. Recent diffusion-based approaches [6, 10, 27, 50]
and foundation-style avatar models [5, 15, 32, 34] instead
condition powerful portrait or video diffusion models on au-
dio, text, or sparse motion cues, and scale to multi-identity,
multi-character settings with strong lip-sync and expression
control. Nevertheless, the primary focus of these works is
audio-driven portrait synthesis under limited camera mo-
tion; explicitly controlled novel view synthesis and recap-
turing for portrait videos, especially from a single monocu-
lar recording, remains comparatively underexplored.

2.2. Camera­Control Video Generation
Camera control for text/image-conditioned video genera-
tion [1, 2, 21, 52] extends large video diffusion models with
explicit 3D camera pose or ray-based embeddings to syn-
thesize videos that follow user-speci�ed trajectories from
prompts or single images. For dynamic novel view syn-
thesis, GCD [47] introduces a camera-controlled video-
to-video translation pipeline trained on synthetic videos
from Kubric [18], but it suffers from poor generalization
to in-the-wild data due to domain gaps. ReCapture [58]
generates an anchor video using multi-view diffusion or
point-cloud rendering and then applies masked per-video
LoRA [23] �ne-tuning to re-angle user-provided videos.
Methods such as NVS-Solver [56] and CAT4D [54] repur-
pose pre-trained video or multi-view video diffusion models
as zero-shot or multi-view backbones for static and dynamic
novel view synthesis under target camera poses. More re-
cently, ReCamMaster [3] trains a camera-controlled gen-
erative re-rendering model on a large synthetic multi-view
video dataset rendered with Unreal Engine, and Trajecto-
ryCrafter [57] uses a dual-stream diffusion model that fuses
point-cloud renders with the source video to achieve pre-
cise trajectory control and generative inpainting of occluded
regions. However, these methods still struggle on portrait
videos camera control due to ambiguous camera represen-
tations and geometric estimation errors.

3. Method
3.1. Problem Setup
Consider a dynamic head as a 4D scene A, a video V of f
number of frames fIi g

f
i=1 2 R f �h�w�c is produced by

capturing this scene along a per-frame camera trajectory
C = fP i g

f
i=1 , with each camera pose Pi = [R i j t i ] 2

(A) Scale-ambiguous camera representation. Existing camera con-
trol methods [1, 3, 21, 47] encode camera using extrinsic parameters.
In monocular capture, metric depth is unobservable, the scene is deter-
mined only up to a global similarity with unknown scale and translation.
Hence, the same image admits in�nitely many 3D con�gurations, mak-
ing re-rendering from a target pose underdetermined and leading to drift
and poor controllability.

(B) Scale-aware camera representation. Instead of extrinsics, we en-
code the camera via image-space point correspondences. With at least
seven 2D correspondences, the fundamental matrix between two uncal-
ibrated views can be estimated, and with known intrinsics the relative
pose is recovered up to a global scale. Portrait videos naturally pro-
vide such correspondences through facial landmarks, so we use rasterized
2D landmark maps—renderings of 3D facial landmarks from the anchor
frame—as the camera representation. This face-tailored, scale-aware en-
coding is easy to visualize and enables deterministic, high-precision con-
trol of the apparent camera pose.

Figure 2. Camera representation comparison. We contrast
(A) parameter-based representations, which are standard in cam-
era control methods, with (B) image-space point correspondences,
which we adopt in FaceCam to obtain a scale-aware conditioning
that enables precise camera control.

R3�4 . Let K 2 R 3�3 denote camera intrinsics, we can
represent the capture process as rendering the 4D scene A:

V = Render
�
A; C; K

�
: (1)

Given a source video Vs captured under a camera trajectory
Cs, our goal is to generate a target video Vt under a tar-
get camera trajectory Ct which captures the same dynamic
scene A. In practice, the source camera trajectory Cs is un-
obtainable, and our system should be able to estimate that.
We represent our task as:

V t = FaceCam(Vs; C t ): (2)

3.2. Camera Representation via Correspondences
Image-space correspondences as suf�cient camera rep-
resentation. Classical multi-view geometry shows that
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(A) Training. We extract facial landmarks from the anchor
frame of the target video as camera condition. Source video,
target video, and camera condition are encoded by a VAE into
latents, which are passed into the diffusion transformer to pre-
dict the target latent, optimized with a �ow-matching loss.

(B) Inference. We use a 3D head model generated as a generic head, render it along the
target camera trajectory, and detect facial landmarks as the camera condition. The output
latent from the diffusion transformer is decoded by a VAE decoder to obtain the camera-
controlled video. We observe that, although the model is trained only with discontinuous
camera pose changes, it generalizes to continuous camera trajectories during inference.

Figure 3. Training and inference pipeline of FaceCam.

image-space point correspondences are suf�cient to char-
acterize relative camera motion. Given two views and a
set of corresponding pixels, one can estimate a fundamental
matrix F that satis�es the epipolar constraint for each cor-
respondence [19, 20]. With known intrinsics K, F is up-
graded to the essential matrix E = K> F K, from which
the relative pose [R j t] is recovered up to an unknown
global scale by decomposing E [19]. Thus, point corre-
spondences encode exactly the observable camera-induced
image formation transform (up to this global scale) and are a
suf�cient representation of camera motion for control. This
representation underpins modern SfM pipelines [43]: detect
repeatable keypoints (e.g., SIFT [36]), match them, robustly
estimate F or E with RANSAC [13], triangulate, and re�ne
with bundle adjustment [46]. Systems like COLMAP [43]
implement this work�ow end-to-end and demonstrate its ef-
fectiveness at scale.

Camera parameters and monocular scale ambiguity.
Many camera control methods [1, 3, 21] directly use camera
extrinsics as the conditioning signal. Representing a camera
by its extrinsics P = [R j t] and intrinsics K exposes an
unobservable degree of freedom. Consider the i-th frame of
the source video Vs, captured under pose Psi = [R s

i j t s
i ]

towards a dynamic scene A at timestamp i:

V s
i = Render

�
A i ; [R s

i j t s
i ]; K

�
: (3)

A 3D point x 2 R3 is expressed in camera coordinates as

x c = Rx + t = (x c; yc; zc)> ; (4)

and projected to pixel coordinates

u =
f x xc

zc
+ c x ; v =

f y yc

zc
+ c y ; (5)

where fx , f y , cx , and cy are from the intrinsic matrix K.
Monocular image formation is invariant to a global similar-
ity transform: for any � > 0, letting x0 = �x and t 0 = �t
yields

x0
c = R(�x) + �t = �(Rx + t) = �x c; (6)

so the perspective ratios x0
c=z0

c = x c=zc and y0c=z0
c = y c=zc,

and hence (u; v), remain unchanged. Given only a single
monocular video Vs, absolute metric depth and translation
magnitude are therefore not observable. A model condi-
tioned directly on [R j t] must implicitly choose a metric
scale not �xed by the pixels; for a �xed target trajectory Ct ,
this can lead to variation in the 2D placement of the portrait
(Fig. 2A). In contrast, point correspondences reside in pixel
space and never expose this unobservable global scale, as
they encode exactly what can be observed.

3.3. Scale­Aware Camera Conditioning

Camera conditioning using facial landmarks. Fa-
cial landmarks provide reliable correspondences for por-
trait videos. We use these landmarks to implement our
correspondence-based camera representation from Sec. 3.2
(see Fig. 2B). We detect m landmarks in the �rst frame (an-
chor frame) of the target video and use them to de�ne a
head-centric coordinate system. Let X = fxk gm

k=1 be the
3D positions of these landmarks (from monocular 3D face
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