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Figure 1. Camera control as a property of the coordinate system. SCoPE gives every token a second address, its camera ray (left).
Rays are fixed by the user’s trajectory while the scene, dashed, is not yet generated (center). Appearance cannot choose between the two
identical windows in frame ¢+1. Only one of their rays meets the ray from frame ¢. Added to the pretrained queries and keys, the ray
gives the score exactly this test, zero when rays meet, growing with the miss (right). Content proposes matches, ray pairing constrains
compatible sightlines, and cross terms couple token features with camera rays.

Abstract

Video diffusion transformers address their tokens by posi-
tion on the pixel-time grid: an address in the tensor, not
in the world. The address we would want, the world point
a token depicts, lies on a surface not yet generated, while
its camera ray is fixed once the user specifies a trajectory.
SCoPE therefore treats the ray as a second positional coor-
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dinate, and camera control becomes a property of the coor-
dinate system, not an added module. The ray is added to the
pretrained attention’s queries and keys, and the score gains
a term that reads the two rays alone. Its canonical form, the
reciprocal product of line geometry, measures how nearly
two lines of sight meet. Normalize-Gate-Inject makes a sin-
gle encoding trainable across metric and up-to-scale pose
sources. The retrofit keeps RoPE bit-exact, starts from the
unchanged pretrained DiT, and adds under 0.1% new pa-
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rameters. On Wan2.2 at 5B and 14B under matched data
and budget, SCoPE improvesevery camera-controllability
and fidelity metric, leads all closed-loop revisit metrics, and
shows widening margins with model size. At 14B, rotation
error falls 29% and FVD 43% below the strongest baseline.

1. Introduction

A transformer knows only as much about space as its po-
sitional encoding supplies. In video diffusion transformers
(DiTs) [23, 31, 61, 76], that encoding is typically a factor-
ized RoPE [21, 53] over the (u,v,t) pixel-time grid: an
address in the tensor, not in the world. Two tokens imaging
the same surface from different viewpoints therefore receive
positions related only by grid offset, and the model must re-
cover 3D correspondence from appearance alone.

Ideally, each token would sit at the world point it depicts,
but that point is where its line of sight meets a surface the
model has yet to generate. World-point methods must first
reconstruct existing content [7, 63, 73, 79], and new content,
as in text-to-video, offers nothing to reconstruct. The line
of sight, the token’s ray, is another matter. A ray belongs
to the camera, not to the content. Once the user specifies a
trajectory [5, 10, 17], every future token’s ray is fixed before
a single pixel is synthesized. A ray is admittedly less than a
point, fixing the line of sight but not the depth along it. Yet it
supplies the constraint appearance alone cannot, since two
tokens can depict the same point only if their rays nearly
meet (Figure 1). We therefore give each token its ray as a
second address, and camera control stops being an auxiliary
signal bolted onto the model and becomes a property of the
coordinate system itself.

A coordinate, though, is just half of a positional encod-
ing. The other half is the rule by which a pair of coor-
dinates enters the attention score. On the pixel-time grid,
that rule is RoPE [53], whose rotations collapse two abso-
lute indices into their offset, the grid’s relative quantity. For
camera rays, a line of work running from multi-view syn-
thesis [32, 37, 44] into video diffusion [36, 67, 81] extends
this recipe, applying relative camera transforms multiplica-
tively to queries and keys. We build on this line and part
ways with it over one question. What must the geometric
score measure? Deciding whether two tokens could see the
same point makes three demands of the score: (i) it must re-
late individual tokens, not frames; (ii) it must register cam-
era translation, since parallax lives in the baseline; and (iii)
it must stay readable from the two rays alone, so one test
serves any content. Each demand rules out an established
design. Frame-level transforms give every token in a frame
the same geometry (i) [32, 36, 37, 44]. Direction-only en-
codings are blind to translation (ii) [67]. Multiplicative ap-
plication routes geometry entirely through content, leaving

the score with no term that reads the two rays by themselves
(>iii) [81]. The first two fix the coordinate, and the third asks
for a different way into the score.

We present SCoPE (Sightline-Coordinate Positional En-
coding), which meets all three demands with a single addi-
tion. Each token’s full Pliicker ray r, whose moment carries
the translation, is added to its query and key after the pre-
trained RoPE. Because the ray enters as a summand rather
than a transform, the dot product expands into four terms:
content with content, the two content-ray cross terms, and
ray with ray. The last term reads the two rays and no con-
tent at all, the pairing that demand (iii) calls for. Unlike grid
indices, rays admit no subtraction, so their relative quantity
is not an offset but incidence. Line geometry’s classical in-
cidence measure is the reciprocal product, bilinear in the
two rays and exactly the shape of the new term. It vanishes
when two rays meet, or more generally lie in one plane,
and grows with how far they miss. Learned projections lift
each ray into query-key space, so the pairing is a bilinear
form, not a hard-wired formula. It reduces to the recipro-
cal product when the projections match each ray’s direction
with the other’s moment. The content term identifies can-
didate matches from visual evidence, while the ray pairing
filters matches with compatible sightlines (Figure 1). With
the ray as a second coordinate, a token becomes a joint state
z = (x,r), combining its learned feature = with its pre-
scribed camera ray r. Scoring content—content and ray—ray
compatibility independently imposes a separable score on
this joint token state. The cross terms remove this restric-
tion by introducing direct interactions between visual con-
tent and viewing geometry.

The moment that carries the translation, however, also
carries its scale, set by whatever produced the poses. Poses
from metric capture come in meters, while monocular
StM [50] and SLAM [13, 57] recover translation only up
to scale, so their unit is a per-clip convention, not a mea-
surement. Prior camera encodings normalize offline to one
fixed rule, which costs nothing where the unit is arbitrary.
In camera-controlled generation, though, scale is part of the
command, and a centimeter dolly should not look like a ten-
meter sweep. SCoPE keeps that scale by splitting each ray
into a scale-invariant part and an explicit log magnitude, so
a change of unit moves one number, not the whole feature.
A learned gate reads that magnitude and sets the injection
strength for each token, so no single weight serves every
convention. Because the backbone normalizes its queries
and keys, the injected features receive a matching RM-
SNorm [80] and enter the score on equal footing. Together,
these steps normalize the ray, gate its influence, and inject
it, hence the name Normalize-Gate-Inject. The additions
total under 0.1% of the parameters, leave RoPE bit-exact,
and add no second attention or adapter branch. The injec-
tion is zero at initialization, so training starts from the exact



pretrained DiT.

If camera control really is a property of the coordinate
system, three things should follow. Adding the ray co-
ordinate, and changing nothing else, should improve con-
trol. The improvement should trace to the pairing term the
derivation singled out. And it should hold as the back-
bone grows. We test all three by retrofitting SCoPE onto
Wan2.2 [61] at 5B and 14B. Every compared method shares
the backbone, data, and training budget, so the camera con-
ditioning is the only thing that differs. All three predictions
hold. Control and fidelity improve together. SCoPE leads
on every camera-controllability metric and on FVD, FVD,,
and FID. On closed-loop camera trajectories, it also leads
all revisit metrics, recovering both the initial camera pose
and the conditioning view after the commanded excursion.
At 14B, rotation error falls 29% and FVD 43% below the
strongest baseline on each metric. Per-term ablations put
the largest cost on removing the ray pairing, the very term
the multiplicative form does not produce. Without it, ro-
tation error nearly doubles. From 5B to 14B, the margins
widen rather than wash out, and the translation-error lead
grows from 12% to 25%.

* Rays as positional coordinates. A single zero-initialized
addition puts each token’s Pliicker ray into the pretrained
queries and keys, giving the score a pure ray pairing
whose canonical form is the reciprocal product.

* Normalize-Gate-Inject. A scale-invariant split, a per-
clip learned gate, and a matched norm confine arbitrary
pose units to one number and keep the commanded scale
in the encoding.

* Controlled evidence at scale. Under matched back-
bone, data, and budget, SCoPE improves every camera-
controllability and fidelity metric, the gains trace to the
ray pairing, and the margins grow with model size.

2. Related Work

Camera control by conditioning. Adapter methods attach
modules outside the pretrained attention, encoding extrin-
sics as per-frame tokens [64], rasterizing per-pixel Pliicker
maps into a ControlNet-style branch [17], concatenating
camera embeddings with epipolar cross-view attention [71],
or conditioning trainable cross-attention and LoRA mod-
ules [3, 4]. Successors condition directly on pose and
time [59, 65], steer trajectory or dimension adapters [55,
68, 75], and scale the recipe to dynamic scene explo-
ration [18, 27]. Rendering methods reconstruct a proxy
and re-render it along the target trajectory as a pixel-aligned
condition [8, 15, 34, 38, 48, 78, 79], or steer a frozen model
training-free through warped views and rearranged point
clouds [24, 52, 77]. ReCamMaster and multi-camera vari-
ants concatenate view tokens and let the native attention dis-
cover correspondence on its own [5, 6, 33, 72], while Go-
with-the-Flow and Latent-Reframe move the camera into

noise and latents, a route orthogonal to ours and combinable
with it [ 10, 86]. These routes pay for control in added mod-
ules, extra sequence length, or an upstream reconstruction
stage. A related line addresses tokens by world-space coor-
dinates estimated from existing content [7, 63, 73]. The ray
needs no reconstruction and is fixed by the trajectory before
generation begins.

Camera geometry inside attention. A more direct line
moves the camera into the attention operator itself. Epipo-
lar attention did so first as a mask, constraining which pairs
may attend [12, 19]. GTA [44] made the geometry an
operator instead, applying relative SE(3) transforms mul-
tiplicatively to the queries, keys, and values of a multi-
view transformer trained from scratch. EscherNet’s cam-
era encoding and RePAST follow the same pattern [32, 49].
PROPE generalizes the transform from extrinsics to full
camera frustums while keeping the patch RoPE on sepa-
rate channels [37], and interactive world models have al-
ready adopted it [56]. In video diffusion, UCPE runs GTA-
style operators in a parallel zero-initialized bypass branch,
at roughly 0.5% added parameters and one extra attention
per block [81]. ReRoPE overwrites the low-frequency tem-
poral RoPE phases of a frozen backbone with lifted rela-
tive rotations [36]. ViewRope rotates query and key sub-
vectors by viewing-ray direction on the same backbone we
use [67]. In each of these, the geometry enters multiplica-
tively and is routed through content, so the score gains
no term that depends on the two rays alone. Scale gets
at most a fixed offline rule, near-plane normalization in
UCPE, single-convention data in GTA and PRoPE, nothing
in ReRoPE. SCoPE stays in this line and changes the geom-
etry’s role, from a transform on content to a coordinate of
the token, added in the pretrained attention with no branch,
no second attention, and a learned gate instead of a fixed
rule. The line keeps moving. ReDirector folds cameras into
ROPE phase shifts [45], UROPE carries relative embeddings
across geometric spaces [69], and DPPE decouples rotation
from translation for scaling [30]. CRePE adds depth distri-
butions to UCPE’s rays, an upgrade the additive form can
adopt unchanged [29], CameraAnything applies ReDirec-
tor’s rotary phases to intrinsic and extrinsic editing [39], and
RayROoPE, no relation despite the name, targets feedforward
reconstruction [66].

Positional encodings and ray-space representations.
Relative positional encodings enter the score as additive
terms in Transformer-XL and T5 [11, 47], or as rotations
that collapse indices into offsets in RoPE and its factor-
ized video form [21, 53]. SCoPE extends the additive
family to a coordinate whose relative quantity is incidence
rather than offset. Rays are also an established representa-
tional domain. The plenoptic function and light-field ren-
dering parameterize appearance over rays [, 14, 35], neu-
ral fields from NeRF to light field networks and light-field



transformers learn scene functions on ray inputs [2, 43, 51,
54, 62], and SE(3) equivariant transformers operate in ray
space [74]. Camera pose can be estimated as a bundle of
rays [82], world models generate autoregressively in ray
space [70], and Rays as Pixels folds camera trajectories
into the video distribution [28]. These works treat the ray
as what the network represents or predicts. SCoPE treats
it as where a token stands, a coordinate the pretrained at-
tention compares. Retrofitting favors additions that van-
ish at initialization, the principle behind ControlNet’s zero-
initialized residuals [83], and SCoPE carries it into the po-
sitional encoding.

3. Background and Notation

This section fixes the notation we use for video diffusion
transformers, the camera model, and the Pliicker represen-
tation of a ray, and recalls the geometric facts that motivate
our design.

3.1. Video Diffusion Transformers

We follow the latent-video diffusion / flow-matching
setup [9, 22, 42, 61, 76]. A video V € RT*3xHxW
is encoded by a 3D VAE into a latent volume Z €
RT=xCxH-xW- “patchified into a sequence of tokens X €
RN*4 with N = T, -H,,-W,, where H,, W, are the post-
patchification spatial sizes. Each token carries an integer
index (u,v,t) € {0,..., W, —1} x{0,...,Hy, — 1} x
{0,...,T, —1}.

A self-attention layer [60] with query/key/value projec-
tions Wo, Wi, Wy € Rdxd produces, for each token 1,

¢ =Woux;, ki=Wgax;, vi=Wyax, (1)

and computes the attention output o, =
> softmax;(—=(gi, k;)) v;. Modern video DiTs ad
(1) RMS-based query/key normalization [20] (often called
QKNorm) and (ii) a factorized 3D rotary positional encod-
ing (RoPE) that applies a per-pair rotation to ¢ and & as a
function of (u, v, t):

Gi = R(ui,vi ti) qi,  kj = R(uj,vj,t;) kj )

where R(-) is a block-diagonal rotation built from per-axis
1D RoPE [21, 53]. The rotation is applied so that the dot
product (i, k;) depends on (u; —uj,v; —vj, t;—t;), giving
the standard relative positional bias on the sampling lattice.

Crucially, (u, v, t) are indices into the camera’s sampling
grid; they say nothing about where in 3D each token’s pixel
originated. We do not change Eq. (2); SCoPE adds an addi-
tive term that is computed from the 3D camera ray of each

token.

3.2. Camera Model and Per-Token Rays

Each video clip is annotated with per-frame extrinsics 7} €
SE(3) (camera-to-world) and per-frame intrinsics K; €

R3*3. We adopt the OpenCV convention (z-right, y-down,
z-forward) throughout. For a token whose patch center has
pixel coordinate (py,p,) in frame ¢, the camera-frame ray
direction is

dqam — K;1 [puvplh 1]T
' 1K, [pus o, 1Tl
the world-frame ray direction is d; = R; d{*™ where R; is

the rotation part of 73, and the world-frame ray origin is o;,
the position of camera ¢. By construction ||d;|| = 1.

3)

3.3. Pliicker Decomposition Coordinates and Re-
ciprocal Product

A 3D line (or ray) in R? is identified by a pair of 3-vectors
(d,m) € RS, where d is the direction and

m = oxd “4)

is the Pliicker moment, with o any point on the line. Two
constraints make (d, m) a parameterization of an oriented
line up to scale: ||d|| > 0 and d - m = 0. Both are direct
consequences of Eq. (4) [16, 46].

Given two rays r; = (d;, m;) and r; = (d;, m;), their
Pliicker reciprocal product (also called Pliicker inner prod-
uct) is

<ri7 rj>P1 = dz . mj +dj - m;

0; I )
I3 03)°

Three properties of Eq. (5) are central to our design [16,

46]:

* Bilinearity. (r;, r;)p is linear in r; and in r; separately;
this is the same algebraic shape as the attention dot prod-
uct (g;, k;), which is linear in ¢ and k separately.

* Coplanarity criterion. (r;, r;)p; = 0 if and only if the
two rays are coplanar; equivalently they intersect, are par-
allel, or coincide. For two rays that observe the same 3D
point through two different cameras, the two rays meet at
that point and so are coplanar, hence (r;, r;)p; = 0.

» SE(3) invariance. For g € SE(3) acting jointly on r;
andr;, (gr;, grj)p1 = (r;, r;j)p1; the reciprocal product
depends only on the relative geometry of the two rays, not
on the choice of world frame.

:I'ZTJI‘j, J:<

The bilinear shape of Eq. (5) and the bilinear shape of
(g, k) are the algebraic match that SCoPE exploits.

3.4. Scale Behavior of Pliicker Coordinates

A subtlety of Pliicker coordinates that becomes important
in practice is their behavior under rescaling of the scene.
Suppose all camera positions are rescaled by a factor s > 0:
o — so. Then d is unchanged (it is a unit direction) while
m = o x d— sm. Substituting into Eq. (5) gives

(ri, rj)p1—s - (rs, rj)pl, (6)
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Figure 2. Applying SCoPE to a self-attention layer. The content
path (pink) preserves the pretrained Wy /Wi, — QKNorm —
RoPE pipeline unchanged. The geometry path (orange/blue)
computes per-token Pliicker coordinates from camera parame-
ters, decomposes them into scale-invariant direction and log-
magnitude, projects the resulting features through E,/Ej, nor-
malizes (RMSNorm), and gates by a learned function of the log-
magnitude.

so the reciprocal product scales linearly with translation
magnitude. Different videos in the wild come with very dif-
ferent translation scales — normalized scene volumes, met-
ric meters, or DROID-SLAM’s internal scale [57] — and
a naive raw-Pliicker encoding would produce wildly differ-
ent geometry-channel magnitudes across the dataset. Sec-
tion 4.2 introduces our Normalize-Gate-Inject step that is
designed to address exactly this issue.

4. Method

SCoPE adds a ray-derived positional term to the self-
attention layers of a pretrained video diffusion transformer,
as illustrated in Figure 2. The method has two parts. First,
Pliicker Flip PE injects each token’s camera ray additively
into the query and key, preserving the pretrained RoPE
while introducing ray-ray and mixed feature—ray terms into
the attention score (Section 4.1). Second, Normalize—Gate—
Inject controls the scale and magnitude of this added sig-
nal across heterogeneous pose sources (Section 4.2). Im-
plementation details are given in Section 4.3.

4.1. Pliicker Flip Positional Encoding

The key observation is that the Pliicker reciprocal product
and the attention score have the same algebraic form. For
two rays r; = (d;, m;) andr; = (d;, m;),

(rj,rj)pp=d; -m; +d; -m; @)

is bilinear in the two rays, while the attention score (g;, k;)
is bilinear in query and key. This suggests adding ray-

derived features to ¢ and k in an order that makes the ge-
ometric reciprocal product appear as part of the attention
score.

Each token ¢ has a camera ray with Pliicker coordinate
r; = (d;,m;) € RS (Section 3.2). We use two per-layer
projections E,, E), € R*% and add the projected ray fea-
tures after the usual content projection and RoPE:

¢ = R(us,vi, t;) Wox; + E4(d;, my), (3
k’j = R(uj,vj,tj) WK.TJ‘ + Ej (mj, dJ) ©)]

Here we use the shorthand WQxi = R(u;, v, t;)Woa; and
Wgx; = R(uj,vj,t;)Wiz; for the RoPE-encoded con-
tent query and key, respectively. Two choices matter here.
The geometry term is additive, so the pretrained (u, v, t)
RoPE remains unchanged. The Pliicker halves are also
flipped between the two sides: the query receives (d, m),
while the key receives (m,d). We discuss the role of this
flip below; this subsection uses the raw 6D coordinate to
make the algebra explicit, and Section 4.2 gives the normal-
ized 7D feature used in practice.

Attention score decomposition. Expanding (g;, k;) us-
ing Egs. (8)—(9) yields four terms:

(gir kj) = (Womi, Wieay) + (Wows, Eif))

(A) content

+ (Bgri, Wiea;) + (Egri, ExE),

(B) content— geom

(10)

(C) geom—>content (D) geometry

where T; = (m;,d;) is the flipped coordinate of token
j. Term (A) is the original content attention. Terms (B)
and (C) admit the same reading as (D). A dot product
against a projected ray is a linear functional on Pliicker co-
ordinates, and because the reciprocal product is a nonde-
generate pairing, every such functional equals the recipro-
cal product with a fixed element of line space, a line or, in
general, a screw [46]; the flip makes this identification com-
ponentwise. Each cross term therefore defines a content-
conditioned linear functional over the ray at the other token.
These mixed interactions allow the compatibility between
two tokens to depend jointly on their learned representa-
tions and prescribed viewing rays, rather than on indepen-
dent content—content and ray—-ray scores alone. The terms
enter as separate summands, so each can be switched off
and its contribution measured (Section 5.4.2). Term (D) is
the geometry-only interaction:

(D) =r M, M = E] E;, € R%%S. (11)
Flip as a canonical basis. The role of the flip is best
stated as a choice of basis on the geometric Q/K projection
space rather than an algorithmic necessity:



Proposition 1. For the raw 6D construction, if M =
E;—Ek = Ig, term (D) becomes

(D) = d,--mj =+ mi-dj = <I‘i, rj>P1-

(Proof in Appendix A.4.) For unconstrained learnable
E,, E, the flipped and unflipped parameterizations realize
the same hypothesis class — any E}, in one form is equiva-
lent to F P in the other, where P swaps the (d, m) blocks
(Appendix A.5). We do not claim the flip enlarges the func-
tion space the model can express. Its role is to choose a
coordinate system in which the symmetric, geometrically
meaningful configuration £, = Ej = I corresponds to
the textbook Pliicker reciprocal product, so that M admits
a direct post-hoc reading: ||M — Ig|| measures how far
the learned bilinear bias has drifted from the ray-incidence
form. The empirical gap between flipped and unflipped con-
figurations is small (Section 5.4.2).

Parameter and compute cost. In the practical NGI ver-
sion, each layer adds two dx7 Q/K projections, lightweight
gates, and RMSNorms. The per-token projection cost re-
mains O(N -d), which is small compared with the O(N?2d)
cost of attention.

4.2. Normalize-Gate-Inject (NGI)

The flip above defines where geometry enters attention. To
use it on mixed real-world data, we still need to control the
scale of the injected signal. This is where NGI is used.

The first issue is scale heterogeneity. The moment m=
o x d scales linearly with the camera translation magnitude
|lo|- Different datasets use different scale conventions, such
as SfM-normalized scenes [50], DROID-SLAM [13, 57] in-
ternal scale, or metric meters. Even within one dataset, dif-
ferent baselines can produce moments with very different
magnitudes. A raw projection Er would therefore mix a
unit direction d with a scale-dependent moment m, making
the geometry term unstable across batches.

The second issue is magnitude imbalance with the con-
tent branch. Modern video DiTs apply QKNorm (RMS nor-
malization) to ¢ and k before the dot product, giving the
content branch a controlled magnitude. An unnormalized
E'r added on top does not respect this normalization. A sin-
gle global scalar is also too coarse: it cannot handle both
per-clip pose scale and the local balance between geometry
and content.

NGI handles these two issues in three steps:

Step 1: Direction/magnitude decomposition. We de-
couple the Pliicker coordinate into a scale-invariant direc-
tional part and a scalar log-magnitude:

m = m/ max(||m||, €), s =log max(||ml|, ), (12)

where € is a small numerical constant. The 7D geometric
input to E is fi(q) =(d;, My, s;), and to E}, (after the Q/K
flip) is f;k) = (m;,d;,s;). The first six dimensions are
invariant to a global rescaling of camera positions; the final
dimension retains the log moment magnitude as an explicit
pose-scale cue.

Step 2: Scale-aware gating. A small two-layer MLP G
maps the per-token log-magnitude to a per-channel sigmoid
gate:

9; = 0(Gs(si)) € (0,1)%, (13)
with biases initialized so that g ~ 0.5 at s = 0. The gate
lets the model adjust the geometry injection according to
the encoded moment magnitude, rather than using one fixed
strength across all pose-scale conventions.

Step 3: Normalize and inject. We project the 7D feature,
apply a learnable RMSNorm analogous to the content-side
QKNorm, and modulate the result by the gate:

pel = g; O Ny(E, f17),  pek = g; © Ni(Ex 1),
(14
where N, N, are per-layer learnable RMSNorms. A scalar
@, initialized to zero, controls the overall geometry/content
balance:

¢ = QKNorm(Woz;) + o - pe?, 15)
k; = QKNorm(Wyez;) + a - pek. (16)

Since both branches are normalized, o has a consistent
meaning across layers and training examples.
Log-scale augmentation. We also apply a simple scale
augmentation during training. When computing the gate,
we optionally perturb s by a clip-level offset:

0 ~ Uniform(—1.2, 1.6), with prob. 0.3,

a7
shared across all tokens of a clip. This simulates a global
rescaling 0 — %0 of the camera trajectory without changing
the supervision. Only the gate receives §;; the projection
qu(q) still uses the true s;.

§i:Si+(S,

4.3. Architectural Discussion

Pseudocode. The full one-step procedure is given in Al-
gorithm 1. The per-token Pliicker computation, decomposi-
tion (d, m, s), scale gate, and Q/K flip are applied indepen-
dently in each attention layer.

Relation to alternative camera-aware positional encod-
ings. Unlike camera-aware positional encodings that re-
place or partition RoPE [36, 37, 81], SCoPE preserves the
pretrained 3D RoPE and injects geometric information as
an additional Q/K bias term. Quantitative comparisons with
these alternatives are provided in Section 5.



Algorithm 1 One forward-backward step of SCoPE on top
of a pretrained video DiT.

Require: Latent video zo, text embedding c, per-frame ex-
trinsics {T}} and intrinsics {K}, dataset id ds, near-
depth z,, (or L).

1: Apply trajectory rescaling: o; < (n4s/ max(z,,€))-0;
> Appendix C.2—-C.3
2: Compute per-token rays {(d;, m;)} from {7}, K;} and
the latent patch grid > Section 3.2
3: Sample noise € ~ N (0, ), timestep 7, build noisy la-
tent z-
4: for each DiT block £ =1... L do
5: q,k,v <+ Wéh7 V[/I’i(h7 W(‘/h
projections, possibly fine-tuned
q, k + QKNorm(q), QKNorm(k)
: q,k < R(u,v,t) - q, R(u,v,t) -k © Standard 3D
RoPE
8: f@ « (d,m,s), f¥) « (i,d,s) where s =
log |[m|
9: g < o(G%(3)) > 5 optionally aug. per Eq. (17)

10: q<—q+a~g®N§(E§f(Q))

1: k< k+a-goNL(ELFR)

12: h < h+ Attn(q, k,v) W§

13: h < h + CrossAttn(h, ¢) + FFN(h)

14: end for

15: Compute diffusion / flow loss between predicted
noise/velocity and target and backpropagate.

> Pretrained

5. Experiments

We evaluate SCoPE along three axes: (i) video generation
quality, (ii) camera-trajectory controllability, and (iii) cross-
frame geometric consistency. We compare SCoPE with four
camera-conditioned video generation baselines and four al-
ternative camera-aware positional encoding designs on the
same backbone, isolating the contribution of the proposed
Pliicker-flip/NGI formulation.

5.1. Setup

Backbone. For the main comparisons (Table 1), we eval-
uate our method on two official variants from Wan-2.2 [61]:
the 5B TI2V model and the 14B 12V model. To ensure
computational efficiency, all ablation studies are conducted
exclusively using the Wan-2.2-TI2V-5B model. Across all
runs, videos are generated at 480 x 832 resolution with
T = 81 frames (71, = 21 latent frames), and the models
are trained on the four-dataset mixture (Appendix C). All
variants share their respective pretrained weights; only the
newly integrated camera-conditioning module differs.

Baselines. We compare against five external methods:
CameraCtrl [17] (Pliicker maps via ControlNet encoder),
ReCamMaster [5] (video-to-video re-rendering with cam-

era control), ProPE [37] (deployed via a zero-initialized par-
allel branch), UCPE [81] (full camera geometry via spatial-
attention adapter), and ReRoPE [36] (low-frequency tem-
poral RoPE replaced by relative camera pose). Where of-
ficial checkpoints are unavailable we re-implement on our
backbone under the same data and budget (Appendix A).
We additionally train four FreqSplit-RoPE variants that re-
place the low-frequency half of temporal RoPE multiplica-
tively with (i) a 4x4 projective transform, (ii) camera-plane
near/far UV coordinates, (iii) learned Pliicker-to-phase
mapping, or (iv) analytical (6, ¢,u,v) phases. All four
share our backbone and budget; SCoPE differs by adding
Pliicker features additively without modifying RoPE.

Evaluation. We evaluate on a held-out RE10K [84] split
(image-to-video: first GT frame + GT trajectory) and re-
port eight metrics. Quality: CLIP? (inter-frame similar-
ity). Camera controllability: RotErr| (geodesic rotation
error), TransErr| (L2 translation error), CamMC] (per-
frame pose Frobenius norm), ATE| (RMS absolute trajec-
tory error), all on per-frame poses anchored to frame O.
Distribution: FVDJ / FVD.| (full-frame / center-cropped
Fréchet Video Distance [58]), FID| (per-frame Fréchet In-
ception Distance). Trajectories are estimated from both GT
and generated videos using ViPE [25] and compared with-
out rescaling. Unlike the common protocol of normaliz-
ing trajectories by their maximum translation magnitude,
we preserve absolute-scale fidelity. This avoids artificially
inflating the apparent controllability of methods that pro-
duce only small motions. Results under the conventional
rescaled protocol are provided in the Appendix; the ranking
is unchanged. All methods use 50 denoising steps with CFG
scale 5.0 (text) / 1.0 (camera), matching Appendix C.4.

5.2. Main Comparison

Table | reports the main quantitative comparison and Fig-
ures 3—8 show qualitative results. Consistent with the de-
sign motivation in Sections 4.1 and 4.2, SCoPE improves
all four pose-error metrics substantially while also improv-
ing CLIP, FVD, FVD,, and FID. We organize the qualitative
evaluation along three progressively harder axes. In-domain
comparison (Figure 3): on the RE10K validation split, we
show the same clip generated by ReCamMaster, UCPE,
and SCoPE under identical camera conditioning; SCoPE
follows the target trajectory more faithfully across frames
while the baselines drift. In-domain gallery (Figure 7): a
broader set of RE10K scenes where each row is a different
first frame driven by a distinct trajectory, illustrating consis-
tent camera following across indoor walkthroughs, outdoor
pans, and forward-moving corridors. Qut-of-distribution
generalization (Figures 5, 6, and 8): we test on inputs
that never appear in the training data. Figure 5 compares
baselines on artistic paintings, where SCoPE realizes the
intended camera motion with correct parallax while base-



UCPE Recam GT

Ours

Figure 3. Qualitative comparison on RealEstate10K. Each row shows frames from the same clip generated under the same target camera
trajectory. Top to bottom: ground truth, ReCamMaster [5], UCPE [81], and SCoPE (ours). SCoPE follows the target trajectory more
faithfully across frames; ReCamMaster and UCPE drift from the camera path.

Quality Camera controllability Distribution

Method CLIPT RotErr]  TransErr] CamMCJ ATE| FVDJ] FVD. | FID|
Wan-2.2 5B Scale

CameraCtrl [17] 25.04 0.152 1.292 1.355 1.501 824.37 805.62 64.08

ProPE [37] 24.90 0.117 1.653 1.694 1.915 717.2 611.5 58.33

ReCamMaster [5] 24.97 0.131 1.226 1.279 1.460 874.30 890.52 62.53

ReRoPE [36] 25.20 0.137 1.109 1.215 1.350  684.57 650.31 60.77

UCPE [81] 25.39 0.113 0.856 0.909 0.990  703.41 755.83 61.50

SCoPE (ours) 26.05 0.085 0.751 0.802 0.884  543.17 588.62 57.83
Wan-2.2 14B Scale

ReCamMaster [5] 25.31 0.109 0.976 1.012 0.995 675.23 697.10 59.21

ReRoPE [36] 25.85 0.114 0.820 0.905 0.859 493.30 525.61 49.18

UCPE [81] 25.72 0.082 0.693 0.760 0.788 529.42 558.70 54.75

SCoPE (ours) 26.30 0.058 0.517 0.530 0.605 280.17 354.52 41.01

Table 1. Main comparison on the RE10K held-out split across different backbone scales. Higher is better for CLIP; lower is better for the
rest. Pose metrics (RotErr, TransErr, CamMC, ATE) are computed on raw, unscaled ViPE trajectories estimated identically on both GT
and generated videos (Section 5.1); rescaled-alignment results matching the conventional protocol are in Appendix A.

lines fail to follow the trajectory. Figure 6 extends this to a
wider set of hand-painted stylized first frames, showing that
SCoPE preserves artistic style while accurately executing
the prescribed camera path. Figure 8 fixes two cinematic
movie-still first frames and drives each through several dis-
tinct trajectories, demonstrating that the geometric encod-
ing generalizes across both content domain and trajectory
diversity. Additional evaluations of dynamic-scene qual-
ity and inference efficiency are provided in Appendix B.1
and B.3, respectively.

5.3. Closed-Loop Revisit Consistency

To evaluate long-horizon closed-loop consistency and view
recovery, we introduce a Revisit protocol in which each
method starts from the same conditioning image, moves
away from the initial view, and finally returns to the start-
ing pose. For each conditioning image, we generate four
closed-loop camera paths: truck, orbit, dolly, and a non-

palindromic loop. We evaluate an away window near the
maximum camera excursion (frames 36-40) and a return
window after the loop is completed (frames 76-80). Cam-
era trajectories are estimated with ViPE [25] and expressed
relative to frame 0.

Return Translation Ratio is the mean camera-center
displacement from frame O over the return window, divided
by the maximum displacement over the full generated tra-
jectory. Return Rotation is the mean geodesic rotation
from the initial orientation over the return window. Nor-
malized ATE compares the predicted and commanded tra-
jectories after anchoring each to frame 0 and independently
normalizing it by its maximum translation magnitude. For
appearance consistency, Return LPIPS and DINOv2 Sim-
ilarity compare the conditioning image with the frames
in the return window, using AlexNet LPIPS and DINOv2
global-feature cosine similarity, respectively. We further
define LPIPS Recovery = 1 — LPIPS,ctum/LPIPSaway.
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Figure 4. Closed-loop revisit comparison. Starting from the same reference image (Ref), each method follows the same camera loop,
moving away from and then returning to the initial view. Right: input camera trajectory of each generated video.

Camera return

Appearance recovery

Method Return Trans. Ratio | ~ ReturnRot. (°) |  Norm. ATE|  Return LPIPS |  LPIPS Recovery T  DINOv2 Sim. 1
ProPE [37] 0.784 4.90 0.533 0.603 —0.176 0.874
ReCamMaster [5] 0.859 3.80 0.625 0.653 0.094 0.890
UCPE [81] 0.433 3.42 0.391 0.403 0.102 0.910
SCoPE (ours) 0.090 1.89 0.275 0.230 0.587 0.952

Table 2. Revisit evaluation on the test set. Pose metrics measure whether the generated camera returns to its initial pose, while appearance

metrics measure recovery of the conditioning view.

UCPE Recam

Ours

"l

Figure 5. Out-of-distribution qualitative comparison. Inputs are artistic paintings (rather than natural photographs), conditioned on simple
camera trajectories such as a forward dolly. No ground-truth video exists in this setting, so each row shows only the generated frames of
a single method. SCoPE realizes the intended camera motion (e.g., zoom-in with correct foreground/ background parallax) on stylized
inputs, while ReCamMaster [5] and UCPE [81] fail to follow the trajectory.

which measures the fraction of the appearance discrep-
ancy at maximum excursion that is recovered after return-
ing. Window-based scores are first averaged over the corre-
sponding five frames, then over the four trajectories of each
conditioning image, and finally across cases. Appearance
metrics are interpreted jointly with the pose metrics, since
similarity to the conditioning image alone does not demon-
strate that the prescribed camera motion was executed.

As shown in Table 2, SCoPE ranks first on all six met-
rics. Relative to the strongest baseline for each metric, it
reduces Return Translation Ratio by 79%, Return Rotation
by 45%, Normalized ATE by 30%, and Return LPIPS by

43%. 1t also raises LPIPS Recovery from 0.102 to 0.587
and DINOv2 Similarity from 0.910 to 0.952. The simul-
taneous gains in pose return and revisited-view fidelity in-
dicate that SCoPE recovers the initial view after executing
the commanded excursion, rather than preserving appear-
ance by suppressing camera motion.

Figure 4 illustrates the resulting behavior: all methods
are driven away from the same conditioning view by the
same closed-loop command. ProPE and ReCamMaster ac-
cumulate substantial return error, while UCPE only par-
tially restores the initial view. In contrast, SCoPE returns
both the camera and the generated content closest to their
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Figure 6. Generalization to stylized inputs. Each row is a different hand-painted concept-art first frame driven by a distinct target camera
trajectory with SCoPE; frames go left to right along time, and the rightmost column shows the input trajectory as a stack of camera frusta.

Figure 7. Gallery of SCoPE on diverse scenes. Each row is a different first frame driven by a distinct target camera trajectory; frames go
left to right along time, and the rightmost column shows the input trajectory as a stack of camera frusta.

initial states.

5.4. Ablations

We organize ablations into two complementary tables. The
first contrasts SCoPE against four alternative camera-aware
PE designs that share our backbone (Section 5.4.1). The
second removes one component at a time from SCoPE,
isolating the contribution of each design element (Sec-
tion 5.4.2).
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5.4.1. Camera-Aware PE Design Space

A direct multiplicative camera PE would replace the pre-
trained RoPE across all frequency channels. In our ex-
periments, this full-frequency replacement failed to yield
a usable camera-controlled model under the matched fine-
tuning budget, suggesting disruption of the pretrained po-
sitional prior. We therefore follow the frequency-splitting
strategy of ReRoPE [36]: each alternative retains the high-
frequency half of temporal RoPE and replaces its low-
frequency half with a camera-derived transformation. This



Figure 8. Multi-trajectory gallery on cinematic out-of-distribution inputs. We fix two movie-still first frames and drive each through several
distinct camera trajectories (one trajectory per row within a scene), all generated by SCoPE.

Quality Camera controllability Distribution
PE design CLIPt RotErr]  TransErr] CamMC]  ATE| FVDJ| FVD. | FIDJ
FreqSplit-RoPE + 4 x4 Proj. 25.09 0.175 1.227 1.308 1.584  675.03 723.90 62.98
FreqSplit-RoPE + Camera-UV 25.39 0.141 1.205 1.394 1.602  685.20 720.11 60.74
FreqSplit-RoPE + Pliicker-RoPE 25.61 0.159 1.018 1.323 1.447 67145 659.03 59.31
FreqSplit-RoPE + 4DOF Pliicker 25.52 0.137 0.976 1.228 1.419  638.31 645.29 58.54
SCoPE (ours) 26.05 0.085 0.751 0.802 0.884  543.17 588.62 57.83

Table 3. Camera-aware PE design space on RE10K. All rows share the Wan2.2-TI2V-5B backbone, the four-dataset training mixture and
the same training budget; the only difference is how the camera enters attention. SCoPE adds an additive 6D Pliicker term to g, k, while
the four FreqSplit-RoPE variants multiplicatively replace the low-frequency half of the temporal RoPE.

partial replacement provides a stable common scaffold for
comparing different multiplicative camera encodings.

Within this common FreqSplit interface, we test four
ways of representing camera geometry: a 4 X 4 projec-
tive transform, near/far camera-plane coordinates, learned
rotary phases from the full 6D Pliicker ray, and analyti-
cal phases from its four intrinsic degrees of freedom. All
variants share the same backbone, data, training budget,
and frequency allocation. This controlled design study asks
whether a stable multiplicative retrofit, equipped with ei-
ther projective or ray-level geometry, can recover the bene-
fit of SCoPE. The Pliicker-RoPE variant provides the clos-
est comparison: it receives the same full ray coordinate as
SCoPE, but maps that coordinate to multiplicative rotary
phases in the replaced frequency bands.

SCoPE takes a different retrofit route. It preserves every
channel of the pretrained RoPE and adds a zero-initialized
Pliicker term to ¢ and k. It therefore starts from the exact
pretrained attention operator while introducing the content—
geometry cross terms and geometry-only pairing derived in
Section 4.1. As shown in Table 3, SCoPE outperforms all
four viable multiplicative alternatives on every metric. The
gap to Pliicker-RoPE is especially informative: using the
same ray coordinate through rotary phases is not sufficient
to reproduce the gain of the additive, RoOPE-preserving for-
mulation.
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Variant CLIPT RotErr] CamMC| ATE| FVDJ
Full SCoPE 26.05  0.085 0.802  0.884 543.17
w/o Q/K flip 2593  0.091 0.817  0.929 579.83
w/o Normalize-Gate-Inject 2586  0.086 0.865 0.933 560.37
w/o PE RMSNorm 25.62  0.090 0.874 0913 601.39
w/o log-scale aug. 2594  0.083 0.823  0.890 557.92
w/o zero init 25.68  0.086 0.837  0.899 635.42
with V transform 25.57  0.090 0.855  0.949 724.10
w/o (B)+(C) content<»>geometry 2521  0.135 1.174 1.358 695.41
w/o (D) geometry<>geometry 24.08  0.159 1.382 1.440 733.08

Table 4. Component ablation of SCoPE on RE10K. “Full” is the
configuration used for the main comparison. Each subsequent row
removes a single component while keeping the rest unchanged.

5.4.2. Component Ablation

Table 4 reports component ablations of the full SCoPE con-
figuration. Each row removes a single component while
keeping all other settings and training recipes unchanged.

What each row tests. The w/o Q/K flip row sends
(d,m) on both sides instead of the flipped pair; under
arbitrary learnable E,, Fj, the flip is a reparametrization
(Appendix A.5), so only a marginal change is expected,
which the row confirms. w/o Normalize-Gate-Inject re-
duces the encoding to a raw 6D Pliicker projection Er, re-
moving direction/magnitude decomposition, scale gating,
and PE RMSNorm together — the largest aggregate ab-
lation of the normalize-gate-inject pipeline. w/o PE RM-



SNorm keeps decomposition and gating but drops the PE-
side RMSNorm, so the geometry magnitude is no longer
matched to the content branch and a single a cannot balance
both. w/o log-scale aug. removes random log-magnitude
augmentation during training, isolating the role of syn-
thetic scale diversity in stabilizing cross-domain general-
ization; the modest drop suggests the augmentation helps
but is not the dominant ingredient. w/o zero init initial-
izes 4, By, randomly instead of to identity (zero resid-
ual at t = 0), forcing the model to recover from a non-
trivial perturbation of the pretrained attention; the larger
FVD drop shows that breaking the pretrained equilibrium
at the start of training is costly even when the final solu-
tion is ultimately reachable. with V transform addition-
ally injects geometry into v, which consistently underper-
forms Q/K-only injection and confirms that ray geometry
is most useful as an attention-bias positional signal rather
than as a value-channel feature. The last two rows directly
intervene on the attention decomposition of Eq. (10): w/o
(B)+(C) content<>geometry keeps the content—content (A)
and geometry—geometry (D) terms but suppresses the two
cross-modal terms that couple appearance with ray geome-
try, while w/o (D) geometry<—geometry removes the pure
geometric prior. Both produce sharp drops on every metric.

Complementary roles of mixed and geometric terms.
The final two ablations separate the pure ray-ray interac-
tion from the mixed feature-ray interactions in Eq. (10).
Term (A) is the standard content—content attention term,
while term (D) evaluates the two camera rays. Their sum
has the separable form

A(xi, z5) + D(ri,xj),

where visual affinity and camera compatibility are com-
puted by two independent pairwise functions. For a fixed
query ray, the relative preference induced by (D) over can-
didate rays is therefore independent of the query feature.

Terms (B) and (C) introduce the mixed dependence be-
tween token features and camera rays. Let ¢; = WQxi. The
part of the attention logit that depends on the candidate ray
can be written as

(B)+ (D) = (Elci+ MTr;) | 7.

Here, M 'r; gives the ray-dependent coefficient from
term (D), while E,;r ¢; adds a coefficient determined by the
query feature. The geometry-related preference over can-
didate rays can consequently vary with the current query
representation, instead of being determined by camera ge-
ometry alone. Term (C) provides the complementary inter-
action, allowing the relevance of a key feature to depend
directly on the query ray. Together, (B) and (C) remove the
separability between visual content and camera geometry,
allowing the geometry-involving contribution to attention
to be conditioned on the current token representations.
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Training mixture CLIPT RotErr] CamMCJ| ATE| FVDJ
RE10K only 25.58  0.091 0.897 0983 586.45
REI10K + DL3DV ~ 25.65  0.089 0.872  0.960 602.13
+ PanShot 2593  0.083 0.836  0.905 550.19
+ OmniWorld (full) 26.05  0.085 0.802  0.884 543.17

Table 5. Effect of training-data composition on RE10K-test met-
rics.

The ablation supports these complementary roles. Re-
moving (B)+(C) degrades RotErr from 0.085 to 0.135,
CamMC from 0.802 to 1.174, ATE from 0.884 to 1.358, and
FVD from 543.17 to 695.41. Thus, a scene-independent ray
prior combined with the original content score does not re-
cover the performance of their explicit mixed interactions.
Removing (D) causes a further degradation, confirming that
the ray-ray prior remains the primary geometric compo-
nent. The full model benefits from both: (D) supplies a
shared camera-geometric compatibility, while (B) and (C)
adapt its use to the representations formed for the current
video.

5.4.3. Data composition

Table 5 ablates the effect of training-data compo-
sition. We compare training on REIOK alone,
RE10K+DL3DV, RE10K+DL3DV+PanShot, and the
full RE10K+DL3DV+PanShot+OmniWorld mixture. This
highlights the value of normalize-gate-inject as more
scale-heterogeneous data is added: while methods lack-
ing scale-invariance may degrade as the trajectory-scale
distribution widens, SCoPE consistently benefits from the
additional data.

6. Conclusion

We presented SCoPE, a sightline-coordinate positional en-
coding for video diffusion transformers that exploits the al-
gebraic match between the Pliicker reciprocal product and
the attention dot product. By adding per-token Pliicker
coordinates to queries and keys with a flip arrangement,
SCoPE makes the attention score contain a whose canoni-
cal configuration recovers the Klein form, giving the model
a built-in 3D inductive bias before any learning. Normalize-
Gate-Inject further decouples ray direction from translation
magnitude and gates the encoding adaptively, making it sta-
ble across datasets with heterogeneous pose scales. The
full module adds less than 0.1% parameters to a pretrained
5B video DiT, preserves the original RoPE, and requires no
adapter or architectural change. Quantitative and qualitative
results show that SCoPE improves camera controllability
and cross-view and closed-loop consistency while preserv-
ing the generation quality of the pretrained backbone.
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Appendix
A. Additional Derivations

A.1. Bilinearity of the Pliicker Reciprocal Product

We restate the elementary fact used in Section 3.3. Letr; =
(d;,m;) and r; = (d;, m;) be two 6-vectors. Define

<I‘i7 I'j>p1 = dlmj —&-djmz (18)

For any «, S €R and any r/,

(ar; + pri, rj)p1 = (ad; + fd}) m; + (am; + fm})-d;
= a(di-mj + mi-dj)
() m; +m)-d;)
= a(ry, rj)p1 + B (r], tj)p1-

The same holds in the second argument by symmetry.
Hence (-, -)p) is bilinear.

A.2. Coplanarity Criterion

Two rays r;, r; are coplanar (i.e. they intersect, are parallel,
or coincide) if and only if (r;, rj)pi = 0. The proof is
standard [16, 46] and rests on the observation that d;-m; +
d;m,; is, up to a sign, the determinant of a 4x4 matrix whose
columns are the homogeneous coordinates of two points on
each line; the determinant vanishes iff the four points are
coplanar.

A.3. SE(3) Invariance

For a rigid motion g = (R, t) € SE(3), the action on a ray
is

g-(d,m) = (Rd, Rm +t x Rd). (19)

Substituting into Eq. (5),

(9-ri, gorj)p1 = Rd;-(Rm; +t x Rd;)
+ Rd;-(Rm; +t x Rd;)
=d; m; +d;-m;
+ Rd;-(t x Rd;)
+ Rd;-(t x Rd;).

The last two terms cancel because the scalar triple product

a(bx ¢) is antisymmetric in any two of its arguments, giving

Rdl"(t X RdJ) = —Rdj'(t X Rdl) Hence <g-I‘i7 g~I‘j>p1 =

(ri, rj)p1.

A.4. Reduction of Term (D) to the Pliicker Recipro-
cal Product

Recall (Eq. (11)) that, with the Q/K flip,

(D) =r] M¥;,  r;=(dmy), F;=(my,d;),

(20)
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where M = E E}, € R6*6. Writing M = (é g) with
A, B,C,D € R3*3,

(D) =d] Am; +d; Bd; + m/ Cm; + m; Dd;. (21)
Setting A = D = I35, B = C = 03 collapses this to
dlmJ + l’l’lzdj = <I'Z', I‘j>p]. The choice Eq = Ek, = 16
in Proposition | produces exactly M = Ig, so the full
M-block decomposition above shows which sub-blocks of
M correspond to the reciprocal-product component and
which sub-blocks generalize beyond it: the off-diagonal
blocks A, D control the reciprocal-product-like part, while
the diagonal blocks B, C' control direction—direction and
moment—-moment couplings that are not present in the clas-
sical reciprocal product.

A.5. Flipped vs. Unflipped Parameterization Are
Linearly Equivalent

Letr = (d,m) € R®andlet P = () {?) be the orthog-
onal involution that swaps the (d, m) blocks (P? = I,
PT = P). With learnable E,, E;, € R%*®, the flipped pa-
rameterization in Eqs. (8)—(9) feeds r; to E; and Pr; to
L), while the unflipped variant feeds r; to £y, directly. The
corresponding term (D) in Eq. (11) reads

(D) (D)

TpT TpT
=r;, B, B Prj, =r;, B, Eyr;.

flip no-flip

For unconstrained E the map Ey — Ej P is a bijection on
R%6_ 5o the two parameterizations realize the same set of
bilinear forms in (r;,r;). Under iid Gaussian initialization
the columns of F), and of E} P also share the same distri-
bution, so 5 weight decay is invariant under the substitu-
tion. The flip is therefore a choice of basis: it singles out
a distinguished symmetric configuration (F, = Ej, = Is)
under which the bilinear form coincides with the Pliicker re-
ciprocal product (Proposition 1), but it does not change the
function class realizable by the model.

A.6. Implementation Notes

Numerical safety. We clamp |m|| at ¢ = 1075 before
normalization (Eq. (12)) to avoid division by zero in near-
static-camera tokens.

Old-checkpoint compatibility. A previous version of the
encoding (without PE RMSNorm) shipped ay, oy, as zero-
dimensional scalars, which are not compatible with FSDP’s
flat-parameter constraint that all sharded tensors have > 1
dimension. Current checkpoints store these as shape-(1,)
tensors and the loader silently promotes old scalars at load
time.

Two-layer MLP form of E,, E;. When the optional
MLP form E, : R” — R" — R? is used, zero-initializing



Quality Camera controllability Distribution

Method CLIPT RotErr] TransErr] CamMC| ATE| FVD| FVD.| FID|
Wan-2.2 5B Scale

ReCamMaster [5]  24.97 0.131 0.297 0.402 0.322 87430 890.52 62.53

ReRoPE [36] 25.20 0.137 0.241 0.366 0.307 684.57 65031  60.77

UCPE [81] 25.39 0.113 0.180 0.274 0.203 703.41 755.83 61.50

SCoPE (ours) 26.05 0.085 0.174 0.251 0.188 543.17 588.62 57.83
Wan-2.2 14B Scale

ReCamMaster [5]  25.31 0.109 0.221 0.335 0.286 675.23  697.10 59.21

ReRoPE [36] 25.85 0.114 0.185 0.290 0.243 49330 52561 49.18

UCPE [81] 25.72 0.082 0.163 0.238 0.180 52942 55870  54.75

SCoPE (ours) 26.30 0.058 0.126 0.165 0.144 280.17 35452 41.01

Table 6. Main comparison on the RE10K held-out split under the rescaled-alignment protocol used in prior camera-controllability work.
Predicted and ground-truth ViPE trajectories are normalized to a common translation norm before pose metrics (RotErr, TransErr, CamMC,
ATE) are computed. Everything else matches Table 1. Higher is better for CLIP; lower is better for the rest.

both layers would produce a permanently dead gradient (the
GELU after a zero linear is identically zero, and so is its Ja-
cobian). We therefore zero only the output layer and apply
Kaiming initialization to the input layer, which keeps the
geometric branch exactly zero at step 0 while leaving its
gradient non-zero.

A.7. Reference Results under Rescaled-Alignment

We briefly recap why the main paper reports pose metrics on
the raw, unscaled ViPE trajectories. A camera-conditioned
video model is meant to follow a user-specified trajectory
including its absolute scale; once the predicted and the
ground-truth trajectories are rescaled to a common norm
at evaluation time, the resulting numbers no longer mea-
sure whether the model honored that scale, only whether
the relative shape of the trajectory was reproduced. Two
practical consequences follow. First, a degenerate solution
that produces only a tiny global motion can still score well
under the conventional protocol, because once both trajec-
tories are stretched to the same norm the remaining shape
error is small even though the absolute motion is essen-
tially absent; the raw protocol exposes this failure mode
directly. Second, rescaled pose numbers are implicitly ex-
pressed in units of each clip’s own ground-truth norm and
are therefore difficult to compare across datasets with dif-
ferent scale conventions (SfM-normalized, SLAM-internal,
metric), whereas the raw protocol keeps the unit fixed to
ViPE’s metric output. We therefore adopt the raw protocol
throughout the main paper, and report rescaled-alignment
numbers here only as a cross-reference to prior camera-
controllability work. Concretely, Table 6 repeats the com-
parison from Section 5.2 after normalizing the predicted
and the ground-truth ViPE trajectories to a common transla-
tion norm before computing pose metrics. Everything else
— held-out split, trajectory estimator, sampler configura-
tion, and the video-quality metrics CLIP, FVD, FVD,, and
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FID — is identical to Table [; only the alignment step dif-
fers. Because rescaling absorbs absolute-scale errors, the
four pose metrics are systematically smaller than their un-
scaled counterparts in the main table. SCoPE remains best
on every metric in this setting as well, confirming that its
advantage under the unscaled protocol is not an artifact of
the alignment choice.

B. Additional Evaluation
B.1. Dynamic-Scene Video Quality

Purpose and setting. The camera-control metrics in the
main paper do not directly test whether a model preserves
the backbone’s ability to generate dynamic content. A
method could follow the camera trajectory while produc-
ing overly static subjects, or introduce motion at the cost of
temporal coherence and visual quality. We therefore con-
duct an additional dynamic-scene evaluation on a compre-
hensive held-out set drawn from PanShot, OmniWorld, and
Open-Sora-Plan. The evaluation videos do not overlap with
the training set. All methods use the Wan2.2-14B backbone
and receive the same conditioning inputs and target cam-
era trajectories. We evaluate the generated videos with the
official VBench [26] implementation under its default con-
figuration and apply the same metrics to the corresponding
real videos, reported as ground truth in Table 7.

We report six complementary VBench dimensions. Sub-
ject and Background Consistency measure temporal preser-
vation of the foreground and scene, Motion Smoothness
measures temporal regularity, and Dynamic Degree directly
measures the amount of generated motion. Aesthetic Qual-
ity and Imaging Quality measure perceptual quality. Higher
is better for every metric.

Results. As shown in Table 7, SCoPE ranks first among
the generated methods on all six dimensions. Most no-



Method Subject Consistency T Background Consistency T Motion Smoothness T Dynamic Degree 1  Aesthetic Quality T Imaging Quality 1

GT 0.935 0.942 0.984 0.863 0.558 0.692
ReCamMaster [5] 0.782 0.841 0.909 0.490 0.386 0.451
PROPE [37] 0.855 0.903 0.955 0.693 0.451 0.606
UCPE [81] 0.897 0.928 0.979 0.752 0.508 0.622
SCoPE (ours) 0.918 0.945 0.983 0.855 0.561 0.689

Table 7. Dynamic-scene evaluation on the held-out PanShot, OmniWorld, and Open-Sora-Plan [40] mixture using Wan2.2-14B and the
official VBench default configuration. “GT” denotes the real evaluation videos. All generated methods receive identical conditioning
inputs and target camera trajectories. Higher is better for all metrics; bold marks the best generated result.

Method RotErr | TransErr | CamMC | ATE | FVD|] FVD.|

UCPE [81] 0.136/0.136  1.590/0.338  1.704/0.393  1.881/0.379  694.5 722.1
SCoPE (ours)  0.089/0.089 1.164/0.220 1.091/0.279  1.217/0.208  529.0 550.8

Table 8. Generalization beyond RealEstate10K on a held-out mixture of PanShot, OmniWorld, and Open-Sora-Plan using Wan2.2-5B. Pose
cells report raw/rescaled-alignment results; FVD metrics are unaffected by trajectory alignment. Both methods use identical conditioning
inputs, target trajectories, and evaluation settings. Lower is better for all metrics.

tably, its Dynamic Degree reaches 0.855, close to the real- Results. Table 8 shows that SCoPE remains better than
video value of 0.863 and substantially above the strongest UCPE on every camera-control and distribution metric. Un-
baseline value of 0.752. At the same time, SCoPE nearly der the raw protocol, SCoPE reduces RotErr, TransErr,
matches the real videos in Motion Smoothness (0.983 ver- CamMC, and ATE by 35%, 27%, 36%, and 35%, respec-
sus 0.984), Aesthetic Quality (0.561 versus 0.558), and tively. The advantage is preserved after conventional tra-

Imaging Quality (0.689 versus 0.692). Subject and Back- jectory rescaling, showing that it does not arise only from
ground Consistency also improve over all baselines. These absolute motion scale. SCoPE also lowers FVD from 694.5
results show that the gains in camera controllability do not to 529.0 and FVD, from 722.1 to 550.8, both by approxi-
come from suppressing scene motion: SCoPE preserves dy- mately 24%. The consistent improvement on this broader
namic content while maintaining temporal coherence and held-out distribution indicates that the ray-coordinate en-
perceptual quality. coding generalizes beyond the real-estate scenes used by

the main benchmark.

Method Camera integration Step latency (s) | Peak memory (GB) |
B.2. Generalization beyond RealEstate10K UCPE[81]  Compressed parallel branch 276 2138

PROPE [37] Full parallel branch 34.6 22.3

. . . SCOPE (ours)  Additive Q/K injecti 244 116

Purpose and setting. The main evaluation uses the stan- oPE (oury) iive QR injection
Flard RealEstate]10K benchmark, whose videos are dom- Table 9. Inference efficiency on Wan2.2-TI2V-5B. Step latency
inated by real-estate walkthroughs. To test whether the is averaged over the 50 denoising steps of a complete inference
advantage of SCoPE transfers to broader scene and mo- run. All methods use the same input and inference configuration.
tion distributions, we evaluate on the same held-out Pan- Lower is better for both metrics.
Shot, OmniWorld, and Open-Sora-Plan mixture used in
Section B.1. This set has no overlap with the training videos .
and includes more diverse visual content, dynamic scenes, B.3. Runtime and Memory
and camera trajectories than RealEstate]10K. Both UCPE Purpose and setting. We compare the inference cost in-
and SCoPE use the same Wan2.2-5B backbone and are eval- troduced by different camera- conditioning mechanisms
uated from the same conditioning frames and target trajec- on the Wan2.2-TI2V-5B backbone. All methods generate
tories with the sampling and pose-estimation protocol of videos at 480 x 832 resolution with 81 frames under the
Section 5.1. same inference configuration. Step latency is the mean

wall-clock time of one denoising step, averaged over the 50

Following the main evaluation, we estimate the gen- hit 5
denoising steps of a complete inference run. Peak memory

erated and ground-truth trajectories with ViPE and report ) .
RotErr, TransErr, CamMC, and ATE. Each pose cell in is measured during the same run.

Table 8 gives the raw result followed by the rescaled-

alignment result. We additionally report full-frame FVD Results. SCoPE projects the ray features directly into the
and center-cropped FVD, to measure distribution-level existing queries and keys, requiring neither a parallel branch
video quality. nor an additional attention map. Its added per-token com-

18



putation is O(Nd), which is small relative to the O(N?d)
self-attention computation. UCPE instead uses a paral-
lel geometry branch with an attention-compression ratio of
eight. For PRoPE, direct substitution of the pretrained posi-
tional transformation did not yield stable fine-tuning under
the matched budget; we therefore use a zero-initialized full
parallel branch for the trainable video-DiT configuration re-
ported here.

As shown in Table 9, SCoPE has the lowest inference
cost. It reduces step latency by 12% relative to UCPE
and 30% relative to PRoPE. Its peak memory is 11.6
GB, compared with 21.8 GB for UCPE and 22.3 GB for
PROPE, reducing memory consumption by approximately
47% and 48%, respectively. These results show that the di-
rect Q/K injection retains the efficiency of the pretrained
attention path while avoiding the cost of a parallel camera-
conditioning branch.

C. Cross-Domain Training Strategy

This section describes the data sources we use, the steps
we take to make their camera-translation scales compara-
ble, and the optimization recipe we apply on top of the pre-
trained backbone.

C.1. Data Sources

We train on a concatenation of four datasets that span quite
different camera-motion distributions and pose-estimation
pipelines:

¢ RealEstatel0K (RE10K) [84]: about 10K real-estate
walkthrough clips with COLMAP-style SfM poses [50].
Smooth, primarily forward camera motion through indoor
scenes; the canonical benchmark for camera-controllable
video synthesis.

e DL3DV [41]: a more diverse multi-scene dataset with
both indoor and outdoor scenes and a wider range of cam-
era motions; poses provided by the dataset.

e PanShot [81] (in-house): an internal dataset of syn-
thesized panoramic shots, where camera trajectories are
known by construction (we use them as ground-truth) and
the field of view is known per clip.

e OmniWorld [85]: open-world video with relatively
dynamic content, with camera extrinsics estimated by
DROID-SLAM [57]. We use the released text captions as
conditioning prompts. DROID-SLAM applies an internal
scale normalization that is unrelated to either metric scale
or the SfM normalization of RE10K/DL3DV.

We do not perform any further re-estimation of camera
pose; SCoPE treats the per-frame extrinsics and intrinsics
as inputs and is agnostic to which estimator produced them.
The four data sources span SfM poses, deep SLAM poses,
and ground-truth-by-construction poses, which provides a
stress test for whether the encoding generalizes across pose
distributions.
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C.2. Per-Dataset Trajectory-Scale Alignment

The four data sources differ substantially in absolute trans-
lation magnitude. To make their Pliicker moments compa-
rable in distribution, we apply a single per-dataset multi-
plicative factor n€ R to the camera positions:

Ot = 1] 04, (22)

rhlzétxdlznml

The values of 7 for each dataset are chosen so that the me-
dian moment magnitude median(||m||) over a sample of
clips falls in a comparable range across datasets; in our
default configuration nrE10k = 7DL3DV = 7PanShot =
1.0 and Nomniworlda = 20.0, the latter chosen to bring
DROID-SLAM’s internally normalized translations into ap-
proximately the same band as RE10K. Concrete moment-
magnitude statistics are reported in Section 5.

C.3. Optional Per-Clip Near-Depth Normalization

A constant per-dataset n does not absorb within-dataset
variation: a long-corridor RE10K clip and a tight-room
REIOK clip can still differ by an order of magnitude in
scene depth. When a per-clip near-depth estimate z,, is
available, we additionally divide the clip’s translation by z,,:

~ Ui

0y = — - 04.
Zn

(23)

The near-depth estimate z,, is obtained offline (from a depth
estimator on a small set of frames) and serves as a per-clip
proxy for the scene scale. When z;, is unavailable for a clip
we fall back to 7 alone. For OmniWorld we use only 7 in
this work.

These two normalizations (per-dataset n and per-clip
1/z,) together aim to make the moment-magnitude distri-
bution roughly homogeneous across the training mixture.
The Normalize-Gate-Inject mechanism (Section 4.2) pro-
vides robustness for the residual within-distribution varia-
tion that this preprocessing does not remove.

C.4. Optimization Recipe

Backbone and conditioning. We start from a pretrained
5B-parameter Wan2.2-TI2V-5B backbone [61] and use it in
its image-to-video mode (the first frame of the training clip
is conditioned via the standard first-frame VAE-fuse path
of the backbone). All experiments are trained at 480 x 832
spatial resolution and 7'= 81 raw frames (corresponding to
T, =21 latent frames).

Zero initialization. The new Q/K geometry branch is
zero-initialized, so pe? = pe® =0 at step 0 and the network
matches the pretrained DiT. PE RMSNorm weights start at
1, scale-gate biases at 0 (so g~ 0.5), and « starts at 0. When
E,, Ey;, are implemented as two-layer MLPs, we zero only
the output layer and use Kaiming initialization for the input
layer.



Trainable parameters and optimizer. We jointly train
the new SCoPE modules (F,, E;,, PE RMSNorms, scale
gates, «) together with the backbone self-attention, FFN,
and modulation-norm layers; text cross-attention, the VAE,
and the text encoder remain frozen. The newly added
SCoPE parameters account for less than 0.1% of the model.
We use AdamW with a single learning rate of 2x10~° across
all trainable groups, (31, 32) = (0.9,0.999), ¢ = 1078,
weight decay 1072, and a cosine schedule that anneals to
10% of the starting value at Ty,.x steps. We tried per-
group asymmetric learning rates that protect the pretrained
weights more aggressively but observed no consistent im-
provement, so we kept the simpler single-LR recipe.

Mixed precision and parallelism. We train in BF16 with
FP32 master weights, gradient checkpointing on the DiT
blocks, and DDP across GPUs. Gradient clipping by norm
at 1.0 is applied at the DDP root level.

Validation-time generation. Every 5,000 steps we run
inference on a small held-out validation set (a 100-clip
RE10K-test split) and save (i) the per-step training and val-
idation loss, (ii) the synthesized videos, and (iii) ground-
truth videos for visual comparison. Validation videos
are generated with the standard 50-step CFG sampler at
cfg_scale = 5.0.
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