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Abstract. We study positional encodings for multi-view transformers
that process tokens from a set of posed input images, and seek a mech-
anism that encodes patches uniquely, allows SFE(3)-invariant attention
with multi-frequency similarity, and can adapt to the geometry of the
underlying 3D scene. We find that prior (absolute or relative) encod-
ing schemes for multi-view attention do not meet these desiderata, and
present RayRoPE to address this gap. RayRoPE represents patch po-
sitions based on associated rays and computes query-frame projective
coordinates to ensure SE(3) invariance. To adapt to scene geometry,
RayRoPE predicts (without direct supervision) a per-token depth to ob-
tain its position along the corresponding ray, while also modeling uncer-
tainty and analytically computing the expected positional encoding. We
validate our method on the tasks of novel-view synthesis, stereo depth
estimation, and feed-forward 3DGS reconstruction. While remaining ef-
ficient, RayRoPE consistently improves over alternate position encoding
schemes (e.g. 24% relative improvement on LPIPS in RE10K).

Keywords: positional encoding - multi-view attention - transformer

1 Introduction

Vision transformers have become ubiquitous [3,8,[31/39] in image processing ap-
plications. At their core is a simple but general computation mechanism where
image patches are encoded as ‘tokens’ and update their representations by ‘at-
tending’ to one another |46]. This attention operation does not natively account
for the position of the input tokens (e.g. whether a patch lies in the top left or the
bottom right), so it is typical to additionally use a positional encoding to impart
this information. When the tokens correspond to patches from a single image,
pixel space serves as a natural coordinate system, and we can define positional
encodings as a function of the 2D patch position. However, such an encoding is
not always applicable: for tasks such as novel-view synthesis or multi-view stereo,
tokens can originate from different images and cannot be associated with a single
2D coordinate system. In this work, we consider multi-view vision transformers
and ask: how should we define positional encodings for tokens corresponding to
patches from a set of posed images?



2 Y. Wu et al.

)Y\ f T ») [ p
A, | ij . \ //
2 1

B 2
3
B
/ |
Frequency
.

Attn (I, ) =Attn (I, ) p(@ =p@ Sim, (W , ) > Simp( M , W)

x (Position)

(a) SE(3) Invariance (b) Uniqueness (c) Geometric Adaptiveness (d) Multi-Frequency Similarity

Fig. 1: Desiderata for a Multi-View Positional Encoding. We seek the following
properties for positional encoding in multi-view attention: (a) The attention output
should be invariant to the choice of global coordinate system (i.e., SE(3) invariance).
(b) The positional encoding of tokens that correspond to the same patch observed
across different images should be the same. (¢) The positional encoding can vary with
the underlying scene geometry (e.g. yielding higher similarity when patches observe
a common 3D point than when they do not). (d) Analogous to common 1D and
2D encodings, aspects of the positional encoding should vary at different frequencies,
enabling multi-frequency similarity. RayRoPEsatisfies (a—d) by encoding ray segments
projected into each query camera frame.

We seek to formulate a mechanism with the following properties: (a) SE(3)
invariance: the attention operation should only depend on relative cameras and
not a global coordinate system, (b) uniqueness: if the same patch is viewed
across different images (e.g. overlapping crops of a panorama), the position of the
corresponding tokens should be the same, (¢) geometry-adaptiveness: posi-
tion encodings can vary with underlying scene geometry e.g. if different patches
‘see’ the same corresponding 3D point, their positions should be more similar
than if the same patches see different 3D points, and (d) multi-frequency
stmilarity: as typical for 1D and 2D position encodings 23|, a multi-view posi-
tion encoding should also compute similarity in attention at various ‘frequencies’.
While we are certainly not the first to consider the question of designing position
encodings for multi-view transformers [1,/9,26], current formulations [20}22}28|
do not meet the above desiderata. In particular, these methods define position
encodings via image coordinates and camera matrices, and while they ensure
SE(3) invariance, they do not represent patches uniquely, encode positions in-
dependently of (known or estimated) scene geometry, and do not leverage the
camera information in a ‘multi-frequency’ manner.

We present a formulation, RayRoPE, that leverages the ray(s) corresponding
to each patch to define positional embeddings for multi-view transformers. While
this directly yields unique, multi-frequency encodings, these are not SE(3) in-
variant and make attention depend on an arbitrary global coordinate system.
RayRoPE overcomes this by instead using relative ray positions for attention,
transforming them into the (projective) coordinates of the query token’s cam-
era. Additionally, instead of parameterizing rays with their origin and direction
(equivalently, a point at infinity), RayRoPE replaces the latter by letting each
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token predict (without direct supervision) a point along the ray to encode its
position, allowing the embedding to vary with the underlying geometry. We also
formulate a mechanism to efficiently incorporate uncertainty in predicted depths
along a ray, yielding an analytical solution to compute the expected positional
encoding across frequencies. Our formulation can be implemented efficiently,
with runtime comparable to existing positional encoding methods.

We validate RayRoPE on a variety of 3D vision tasks, including novel-view
synthesis [16,20], stereo depth estimation |50], and feed-forward 3D Gaussian
Splatting [17] reconstruction [35]. We integrate our positional encoding scheme
into prior methods that leverage multi-view transformers for various tasks, and
show that RayRoPE outperforms all prior (relative and absolute) positional
encodings. We then perform extensive ablations and analysis on RayRoPE,
verifying the importance of the above desiderata in our method and showing
strong generalization beyond training views and datasets. We also show that
RayRoPE’s ‘depth prediction’ in the attention mechanism allows geometry to
emerge without direct supervision.

Our core contributions can be summarized as follows:

— We propose RayRoPE a first multi-view positional encoding satisfying the
desiderata above: uniqueness, invariance, geometric adaptiveness, and multi-
frequency encodings.

— Our formulation enables tokens to determine their own positions via (emer-
gent) depth and extends RoPE to model uncertainty in these positions.

— We provide an efficient and general implementation of RayRoPE which can
be easily integrated into generic multi-view models, improving performance
over prior positional encoding schemes.

2 Related Work

Positional Encodings in Transformers. The attention mechanism is inher-
ently permutation-invariant, treating its input tokens as an unordered set [46].
To recover structural information, transformers require explicit positional en-
codings. Early approaches [3,/7,/8,[18}[31,[36] relied on absolute positional en-
codings (APE), which add or concatenate fixed or learned positional embed-
dings to token representations. More recently, the community shifted toward
relative positional encodings (RPE), which model relative positions between
token pairs by modifying the attention mechanism. This includes additive at-
tention biases [30,/32,38] and rotary positional encodings (RoPE) [41], which
rotate query and key vectors in a position-dependent manner. RoPE confers
translational invariance to transformers and has progressively become the stan-
dard positional encoding approach adopted in leading models across diverse do-
mains [11}/12,|19,[25}/32,/37,/44]. We propose a RoPE-based positional encoding
tailored for multi-view transformers, designed to encode spatial relationships in
a manner invariant to arbitrary rigid transformations of the coordinate system.
Multi-view Transformers. Multi-view transformers have emerged as a pow-
erful framework driving progress across a wide range of 3D vision tasks, such
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as novel-view synthesis [1,|9}/13,[16}/42,/53,|54] and 3D scene understanding |10}
14,/15,/52]. These models take as input a set of posed images, where the key
challenge is to encode spatial relationships among image patches across views.
Existing approaches typically represent camera information as rays [9,/10L16}54]
or camera matrices [26,/52] and concatenate them with input features, analogous
to absolute positional encodings (APE). However, these encodings rely on an ar-
bitrary global coordinate system; our method instead ensures SFE(3) invariance
via relative encoding.

Relative Positional Encodings in 3D. Closest to our work are relative posi-
tional encodings based on camera poses |20}22,/28,/48]. Designed for multi-view
transformers, these methods transform attention features using camera pose
matrices and ensure invariance to the choice of global coordinate system (see
Sec. . Recent work [21,/27,/47,/48| also demonstrates that such pose-based
relative encodings can be applied to video generation models for camera con-
trol. Despite their effectiveness, they cannot adapt to scene geometry or support
multi-frequency similarity as in standard RoPE. While some methods |22} 28]
alleviate this by incorporating standard RoPE on patch indices, such a design
breaks uniqueness and is not geometrically grounded across views. In compari-
son, we propose a ray-based relative positional encoding that naturally supports
frequency modulation, ensures uniqueness, and can adapt to the geometry of
the underlying 3D scene being observed. Concurrent work [2] augments stan-
dard RoPE with depth, but its generalizability to settings with more than two
views is not explored.

3 Preliminaries: Positional Encodings

We consider the attention mechanism operating on a set of token features {7;}~ ;.
We use q;, k;, v; € RP to denote the corresponding query, key, and value feature
of token 7;. Consider a query token 7; that attends to a set of tokens {7;}, the
output of attention on token 7; can be written as:

> exp(alk;)v;
Zj exp(q]k;)

The pairwise nature of attention allows the design of relative positional encodings
that provide certain invariance properties. In the following sections, we review
the standard Rotary Position Embeddings (RoPE) (Sec. for translational
invariance and recent camera-based relative positional encodings (Sec. [3.2)) for
SE(3) invariance. We then analyze the limitations of these approaches (S.

o; = Attn(qi, {kj7Vj}) = (]-)

3.1 Rotary Positional Encoding

RoPE was initially proposed to encode the 1D positions z; in language models
by transforming features with a series of SO(2) rotations at various frequencies.
We use @ to denote matrix concatenation along the diagonal. RoPE encodes a
position z as a D x D matrix:
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D/2 D/2 jwsx
pp(x) = &7 pa(wra) = & Tets (2)

where we denote 2 x 2 rotational matrices with e for notational simplicity.
{wf}?:/ f is a set of predefined rotational frequencies. RoPE encoding is used
to transform query and key features, yielding p(x;)q;, p(x;)k;. The resulting
attention score between any two tokens only depends on the relative position
x; — x;, making the attention invariant to translations of positions. By rotating
different channels of features at various frequencies, the model can learn to reason
about the positional information at different scales (see Fig.[1|(d)). For a general
position x € R® that is C-dimensional, it is straightforward to extend RoPE:
po(x) = @1 oL, e (3)
This is commonly used for the pixel indices (u, v) in vision transformers [3[/12}[33]
39] and the three-dimensional positions (u, v, t) in video transformers [1951]. For
multi-view transformers, while it is possible to directly apply RoPE to positions
in 3D (such as ray maps), the relative positions will depend on the rotation of
the global coordinate frame, leading to suboptimal performance (see Sec. .

3.2 Camera-Based Relative Positional Encoding

Instead of using SO(2) encodings, CaPE |20] encodes cameras using their ex-
trinsics T € R***4. The corresponding D x D encoding is computed by repeating
T along the diagonal, denoted as ES*P® = @2/4T;. The resulting attention score
only conditions on the relative poses TiTj_l, which is independent of the choice of
global coordinate frame, making the transformer model SE(3) invariant. How-
ever, the camera-based encoding used in CaPE cannot support multi-frequency
similarities, limiting the model’s ability to reason about high-frequency details.
GTA [28] compensates for this by incorporating standard RoPE on image patch
indices. A patch position is represented by x = (T, u,v), and the corresponding
encoding is a concatenation of CaPE and standard 2D RoPE:

n=1

Eigta _ Egta(xi) = (@D/gTz) o P% (Ui7'U7J) (4)

In addition to applying encodings to query and key features, GTA also applies
encodings to value and output features. PRoPE [22] further improves GTA by
replacing the camera extrinsics 7" with the full projection matrix P = KT €
R**4 (where the intrinsics K are lifted to 4 x 4). This enables the model to also
reason about the camera intrinsics.

3.3 Limitations of Existing Methods

In Fig. [ we illustrate four desirable properties for positional encodings in
multi-view transformers: (1) SE(3) invariance, (2) uniqueness, (3) geometry-
adaptiveness, and (4) multi-frequency similarity. While standard RoPE sup-
ports multi-frequency encoding, it is not SE(3) invariant. The camera-based



6 Y. Wu et al.

d

A
LCLCUREEITICE 3D point & 2 2

pd+a

Li = d d-o
reer P Pt O\ P PSRN
/,‘ Tic3 ,\ TR o
/,4"'P1pg . /,\'i’min J
' Tlcl,f,f’" -
c =0[ N7,
Query Key 12 Query Key
x=(c,p%) % = n(P, x;) = (Ticj, P;'P‘,;) & ~ U[R™n,3M] = Eg[pp (%))
(a) Ray segment positions (b) Encodings on projected rays (c) Expected RoPE

Fig. 2: Overview of RayRoPE. (a) We encode image patch position as a ray seg-
ment x = (c, pd), where c is the camera center and p? is the point at depth d along
the ray r. We use a linear layer to allow each token to predict the depth d along the
ray, thus enabling RayRoPE to adapt to the scene geometry. (b) To ensure SE(3)
invariance, we compute the positional encodings using ray positions projected to the
query camera frame with P; = K;T;, yielding x; = m(P;,x;). (¢) To model the un-
certainty in depth prediction, we also predict an uncertainty o, yielding an estimated
range between p?~° and p?*°, and use an analytically computed expected position
encoding for the corresponding token.

relative encodings [201/22])28] satisfy SE(3) invariance, but cannot perform multi-
frequency encodings. GTA and PRoPE compensate for this by including stan-
dard 2D RoPE based on patch indices (u,v). This hybrid design, however, still
does not incorporate frequencies for the camera and also breaks the uniqueness
property. As illustrated in Fig. [1] (d), if the same image patch is viewed across
different overlapping images, its patch indices (u,v) will change, resulting in
a different positional encoding. Furthermore, these prior methods lack explicit
geometry adaptiveness, and the computed encodings cannot vary with the un-
derlying 3D scene structure (Fig. [1f (¢)).

4 RayRoPE

We propose RayRoPE, a relative positional encoding that satisfies all four desider-
ata introduced previously for multi-view attention. We begin by defining a ray-
based position representation (Sec. [4.1)) and formulate relative encoding via pro-
jection onto the query frame (Sec. . We then introduce expected RoPE en-
coding to address depth ambiguity (Sec. and finally show that RayRoPE
can be implemented efficiently, with runtime comparable to baselines (Sec. .

4.1 Image Patch as Ray Segments

A common way to represent a patch position in 3D is to use the ray starting from
the camera center and passing through the patch center, parameterized by the
camera center ¢ and ray direction r. This representation inherently satisfies the
uniqueness property. However, it cannot adapt to the geometry of the observed
scene, as it is unaware of the depth to the 3D point being intersected by the ray.
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Fig. 3: Left: Applying RayRoPE to attention. We predict per-token depths and
uncertainties via a linear projection from features 7, which are used to compute ray
segments. We project the rays with query camera P;, and the computed encodings
are applied to q,k, v and o features. Right: Efficiency Analysis. We compare the
runtime of different methods. While RayRoPE computes additional encodings and
depths, this only results in a marginal overhead (13% at inference and 4% at training
relative to PRoPE for N=3, with a similar trend for larger N).

To address this limitation, we define our position representation as a ray
segment in homogeneous coordinates x = (c, p?), where p? € P? is the point
where the ray intersects the 3D scene at depth d. The ray direction r is equivalent
to p*° (via setting homogeneous term to 0). When a depth map is provided as
input, the ray-segment representation can naturally incorporate this information.
In the more common cases where scene geometry is unknown, we make the model
estimate the depth d of the 3D point intersected by the ray (see Fig. [2| (a)).
Specifically, we add a single linear layer to each attention layer to predict the
depth d. The depth is estimated per-layer; each attention layer now projects
input features {7;} to compute a depth for each token, which is used to compute
the ray encodings. These layers are jointly learned with the model without any
additional supervision.

4.2 Relative Encodings in Query Frame

The ray representation defined above is in the global coordinate frame. To ensure
SE(3) invariance, we compute RayRoPE encodings in each query token’s local
frame, as illustrated in Fig. (b) We first define a projective operator that
projects global rays into the query camera frame, and then apply standard RoPE
to the projected rays in the query frame to support both invariance and multi-
frequency similarity.
Projection onto Query Camera. Given the query camera matrix P; = K;T; €
R**4 (assuming K;, T; are lifted to 4 x 4) and an arbitrary ray (c, p?), we define
the projected ray as:

% = 7(P;,x) = (Tic, Pip*) (5)

T;c = [cg, ¢y, €z, 1]T represents the 3D camera center transformed into the query
frame. P;p? = [u,v,1,1/d’]T is the projection of the 3D point p? onto query cam-
era, where (u, v) is the projected pixel coordinate and 1/d’ is the disparity. Given
the transformed (and normalized) homogeneous coordinates, we compactly rep-



8 Y. Wu et al.

resent each projected ray x as a 6D vector: [c,, ¢y, ¢, u,v,1/d’], which will be
used to compute the RoPE encodings.
Encodings. Given the projected rays, we apply RoPE (Eq. |3) with multi-
frequency similarity. For a fixed query camera P;, we define the RayRoPE en-
coding as pp(X) = pp(m(P;,x)). Similar to GTA, we apply our encodings to
query, key, value, and output features (see Fig. [3):

Attn™" (i, {kj, v,}) = ©)
pp (i) Attn(pp (%:)Tai, {pp (%;) "'k, pp(%5) "' v;})

We can show that the above attention expands to the form:

> exp(af pp(Xi — Xj)k;j) pp(Xi — X;)v;
> exp(af pp(%i — X;)k;)

(7)

which depends only on the relative positions X; —X; in the query frame, ensuring
SE(3) invariance.

4.3 Modeling Uncertainty via Expected RoPE

RayRoPE position representation relies on the predicted depth along the rays
(Sec. . This prediction is only an approximation, and can lead to noisy RoPE
encoding, especially for the components where the frequency w is high. To al-
leviate this issue, we predict an uncertainty value o along with each depth
d. As shown in Fig. [2| (c), this yields a ray segment bounded by two points:
XM = (¢, pd77), x™* = (¢, p?t7). Instead of using RoPE on a single position,
we propose an expected RoPE encoding Ex[pp(X)], over the distribution of x.

Exlop(®)] = &7/17 6, By, [r™] (8)
We assume the projected position x follows a uniform distribution ranging from
X o xMax e for each component of the ray, z. ~ U(z™®, ™). We can
analytically compute its expected RoPE encoding using the equation below (see
Appendix for details):

Tz jwx ™ iwp™in
E [eiﬁkmu} _ fImin € Cdxc _ (& — € (9)

Tc pmax _ xmin Z‘w(xmax _ xmin)
For deterministic components (e.g., camera centers) where ™" = z™*  the
expectation reduces to regular RoPE. For positions with larger uncertainty, the

expected rotation is ‘smoothed out’ as ™3 — ™" increases. The expected RoPE
naturally maintains the relative positions when multiplied in attention (assuming

positions are independent):
Es, [pp (%:)|Es, [pp (%) 7" = Ex, %, [P (Xi —%;)] (10)

By modeling uncertainty with expected RoPE, we can produce stable yet geometrically-
aware encodings even when predicted depths are approximate.
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| CO3D |34] | Objaverse |6] | RE10K [55]
|PSNRt LPIPS] SSIMT|PSNR{ LPIPS| SSIMt|PSNR1 LPIPS] SSIMT
Plucker raymap [16]| 16.54 0.673 0.538 | 19.98 0.273 0.844 | 23.45 0.141 0.747

Method

RoPE on rays 16.85 0.589 0.549 | 22.17 0.117 0.902 | 25.29 0.095 0.809
GTA |28] 16.50 0.602 0.544 | 21.87 0.134 0.891 | 24.31 0.124 0.774
PRoPE ]22| 17.49 0.539 0.563 | 22.16 0.123 0.896 | 24.48 0.112 0.784
RayRoPE 18.40 0.461 0.592| 22.42 0.110 0.905| 26.07 0.085 0.831
PRoPE (Large) 19.77  0.329 0.631 | 24.66 0.067 0.925 | 27.77 0.059 0.866

RayRoPE(Large) 20.23 0.308 0.662| 24.83 0.064 0.929| 28.31 0.055 0.876

Table 1: Comparison on novel-view synthesis. When incorporated in LVSM |16[,
RayRoPE outperforms all baseline positional encoding methods across three datasets.
The bottom two rows show results from models trained at increased scale.

4.4 Applying RayRoPE Efficiently

While the proposed encodings depends on the query camera, we can efficiently
implement it via grouping the attention computation by query view. For each
query view, we first compute the corresponding encodings, then perform atten-
tion between the query tokens in the current view and all key/value tokens.
Because in modern transformers, attention is almost always bottlenecked by the
total number of tokens—which remains unchanged—this grouping adds negligi-
ble overhead (see Appendix for details).

We benchmark the runtime of RayRoPE against regular 2D RoPE [12] and
PRoPE [22|. We use the same LVSM setting as in Sec. and summarize
results in Fig. [3] Despite the query-dependent encodings and depth prediction,
RayRoPE’s efficiency remains highly comparable to the baseline methods, across
various number of views N. For example, with N = 3 (which is the default setting
in Sec. , RayRoPE results in a marginal 4% overhead at training and 13%
at inference when compared to PRoPE. Notably, RayRoPE is also compatible
with acceleration methods such as KV-caching [29] and FlashAttention [5].

5 Experiments

We first verify the effectiveness of RayRoPE on novel-view synthesis (NVS),
benchmarking it against state-of-the-art positional encodings within the LVSM [16]
framework (Sec. . We then ablate the design choices of RayRoPE and an-
alyze its internal behavior (Sec. . Finally, we show that RayRoPE extends
well beyond this single setting, improving a diverse range of 3D vision tasks
and model architectures (Sec. : stereo depth estimation, feed-forward 3DGS
reconstruction, multi-view diffusion.

5.1 Novel-View Synthesis

Setup. We verify RayRoPE on novel-view synthesis (NVS) by applying it to
LVSM |16], a state-of-the-art view synthesis model. Each model takes two posed
reference views and the target camera pose, and performs self-attention across all
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Method | CO3D |34] | Objaverse [6] | RE10K |55]
‘PSNRT LPIPS] SSIMT‘PSNRT LPIPS| SSIMT‘PSNRT LPIPS] SSIM1T

RayRoPE 18.40 0.461 0.592 | 22.42 0.110 0.905 | 26.07 0.085 0.831

@ w/o uncertainties 17.28 0.594 0.560 | 20.37 0.175 0.885| 25.84 0.088 0.826

@ w/o geo-adaptiveness| 17.06 0.553 0.557 | 22.42 0.111 0.904 | 25.36  0.093 0.812
® w/o multi-frequency | 17.49 0.550 0.563 | 21.37 0.223 0.862 | 24.27 0.115 0.779
@ w/o v, 0 encoding 18.00 0.510 0.577 | 21.72 0.127 0.898 | 25.56  0.091 0.819

Table 2: Ablations on RayRoPE. The performance drops of Variant ©®, @, ®
highlights the importance of uncertainty modeling, geometric adaptiveness, and multi-
frequency similarities, respectively.

views. Following PRoPE [22], we train downsized LVSM variants (~47M param-
eters) from scratch with different positional encoding methods. To demonstrate
scalability, we also train larger (~150M parameters) variants with an 8x batch
size. We train models separately on three datasets: CO3D [34], Objaverse |6],
and RealEstatel0K (RE10K) [55], and measure reconstruction quality against
ground-truth views. For Objaverse, we render a high-quality 80K subset [43]
with diverse intrinsics. Except for the large-scale experiments, we train all mod-
els with three random seeds and report mean results.

Baselines. We compare RayRoPE against several baseline positional encoding
methods. Plucker raymap is the original implementation in LVSM, which con-
catenates 6D Plucker raymaps to the input tokens. We include the best existing
camera-based relative positional encodings: GTA [28] and PRoPE [22], both
of which are SE(3) invariant. We also design a RoPE-on-rays baseline, which
naively applies RoPE to the raymap (c,r) in global coordinates (as discussed in
Sec. . Following |22|, we concatenate the “CamRay” intrinsics raymap to the
input for both PRoPE and RayRoPE.

Results. As shown in Table [Ij RayRoPE consistently outperforms all base-
lines across the three datasets at both small and large scales. Overall, relative
encodings (GTA, PRoPE, RayRoPE) tend to outperform the absolute Plucker
raymap. While it works well on RE10K and Objaverse, the naive RoPE-on-rays
baseline struggles on the more challenging CO3D. This highlights the importance
of SE(3) invariance for reasoning about complex geometric relationships.

In Fig. [l we visualize several example scenes from each evaluation dataset.
For target views that overlap significantly with the reference views, RayRoPE gen-
erates superior high-frequency details compared to baselines. For more challeng-
ing target views with little overlap with the reference views, while all methods
exhibit a reduction in sharpness, RayRoPE is nonetheless able to generate more
coherent novel views.

5.2 Ablations and Analysis

In this section, we first ablate the key design choices of RayRoPE, verifying
the importance of the four desiderata in Fig. [l We then analyze RayRoPE’s
behavior by focusing on the emergent depth and uncertainty.

Ablations. In Table [2| we ablate the design choices of RayRoPEbased on the
LVSM experiments in Sec. Keeping all other configurations the same, we
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Fig.4: Qualitative examples on novel-view synthesis. RayRoPE synthesizes
more 3D-consistent views with sharper details.

compare the full RayRoPE to several variants. Variant ©: Remove the uncer-
tainty prediction o (thus disabling expected RoPE). Variant @: Remove the
depth prediction d (thus disabling geometric adaptiveness), using ray direction
p™ instead of p?. Variant ®: Remove the multi-frequency encoding. Variant @:
Remove the encoding on the value and output features (v,0), applying it only
to query and key features.

All four variants degrade performance to varying extents. Variant @ shows
that uncertainty modeling via expected RoPE is crucial for robust performance,
especially when pose variations are larger (CO3D and Objaverse). Variant @
highlights the importance of geometric adaptiveness via depth prediction, while
Variant ® highlights the benefits of multi-frequency encodings. Variant @ shows
that applying the encodings to value and output features is helpful, consistent
with prior work .

Analysis of Emergent Depth. We analyze the predicted depth d (Sec.
and uncertainty o (Sec. and show that they encode meaningful geometric
information. We measure the error of predicted depths on CO3D scenes and
plot it against the predicted uncertainties (left panel of Fig. . Each point cor-
responds to one image at a specific layer. The model exhibits high uncertainty



12 Y. Wu et al.

Depth Error vs Uncertainty GT Depth Predicted Depth d

m rarule
& 01

- Layerl Layer4
Layer 2 Layers -
Layer 3 Layer 6

o

Input View Predicted Uncertainty o
Predicted uncertainty o Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6

Abs. Rel.

Fig.5: Left: Error on predicted depths vs predicted uncertainties. In deeper
layers (Layers 5-6), the depth errors and uncertainties are strongly positively cor-
related, showing that the model predicts higher uncertainty when confidence is low.
Right: Predicted depths and uncertainties across layers. The predicted depth
at deeper layers aligns well with the ground-truth depth. The predicted o gradually de-
creases across layers, showing that confidence in depth prediction gradually improves.

in the early layers, consistent with ambiguity at the beginning of processing. As
features propagate through the network (Layers 5-6), the uncertainty decreases
and shows a strong positive correlation with depth error, indicating that higher
uncertainty is assigned to less reliable predictions. RayRoPE subsequently in-
corporates such uncertainty by computing the expected RoPE. The right panel
of Fig. [f] visualizes the evolution of the predicted depth and uncertainty maps
across all six layers on a representative scene. By Layer 5, geometrically plau-
sible depth maps emerge despite the absence of depth supervision. This result
supports the conclusion that RayRoPE leverages depth predictions in a geomet-
rically meaningful manner. See Appendix for more visual examples.

5.3 Broader Applications

We have evaluated and analyzed RayRoPE on the LVSM framework for novel-
view synthesis. In this section, we show that RayRoPE can serve as a plug-and-
play mechanism that is generally applicable to any multi-view attention mod-
ule with camera conditioning. Across stereo depth estimation , feed-forward
3DGS reconstruction [35], and multi-view diffusion , RayRoPE consistently
improves over the respective baselines.

Stereo Depth Estimation We adopt UniMatch , a multi-view transformer
trained for multiple tasks, including stereo depth estimation. The model takes
stereo image pairs with known poses. We apply RayRoPE to the cross-image
attention layers of UniMatch. Following the original work, we train and evaluate
the model on RGBD , SUN3D , and Scenesll . To evaluate out-of-
distribution performance, we also benchmark on an unseen dataset, ScanNet .
As shown in Tab.[3] compared to both the original UniMatch and the variant with
PRoPE, the model with RayRoPE achieves more accurate depth predictions.
Qualitative results in Fig. [f] further illustrate improved geometric consistency,
showing that RayRoPE yields more accurate depth structures.

Feed-forward 3D Gaussian Splatting Reconstruction. We also experi-
ment with TokenGS , a recent feed-forward 3DGS reconstruction model.
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Method ‘ RGBD ‘ SUN3D ‘ Scenesll ‘ ScanNet (Unseen)
| Abs Rell RMSE| | Abs Rell RMSE/ | Abs Rell RMSE] | Abs Rel] RMSE{
UniMatch 0.119 0.628 0.135 0.406 0.086 0.742 0.127 0.346
+PRoPE 0.106  0.589 0.113 0.338 0.051 0.494 0.101 0.285
+RayRoPE 0.106 0.574 | 0.109 0.328 | 0.047 0.473 | 0.095 0.276

Table 3: Comparisons on stereo depth estimation. We report absolute relative
error (Abs. Rel.) and root mean square error (RMSE) across four datasets, including
the out-of-distribution ScanNet . The UniMatch model with RayRoPE encoding
predicts more accurate depths than the baselines.

~Ref View 0 Ref Vievy 1 UniMatch +PRoPE +RayRoPE GT

e

Fig. 6: Example 3D points reprojected from stereo depth estimation. Ray-
RoPE produces more accurate depth predictions and thus better 3D reconstruction.

TokenGS first encodes posed multi-view inputs into multi-view features and
then decodes a set of scene-level 3DGS tokens into 3DGS parameters by cross-
attending to the multi-view features. We apply RayRoPE to the encoder self-
attention and the image-to-3DGS cross-attention. In the cross-attention, we ap-
ply RayRoPE only to the image features and skip ray projection, since the
3DGS query tokens do not have explicit positions. Following the original work’s
settings, we train on DL3DV-10K with four input views and evaluate the
rendering quality of the predicted 3DGS. As shown in Table [d] we find that
RayRoPE outperforms both the original method and the PRoPE variant. These
results suggest that our method generalizes across architectures (e.g., cross-
attention between image features and implicit latent tokens).

Multi-view diffusion model. We adopt EscherNet , a large camera-controlled
multi-view diffusion model. We retrain EscherNet variants on DL3DV-10K [24
with CaPE (the original design), PRoPE, and RayRoPE. As shown in Table [5]
RayRoPE remains advantageous, with the performance gap widening as the
number of reference views increases. These results also indicate that RayRoPE’s
depth predictions remain robust even on the noisy images in diffusion models.
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| 2 views | 4 views | 6 views

Method
|PSNR1 LPIPS{ SSIM{|PSNRt LPIPS| SSIMT|PSNR{ LPIPS] SSIM?T

TokenGS [35]| 18.84 0.467 0.584 | 22.85 0.363 0.732 | 23.83 0.343 0.760
+PRoPE [22]| 19.02 0.461 0.598 | 23.04 0.361 0.741 | 24.09 0.342 0.770
+RayRoPE 19.15 0.457 0.598| 23.40 0.339 0.758| 24.63 0.312 0.793

Table 4: Comparison on feed-forward 3DGS reconstruction. We adapt To-
kenGS [35], a feed-forward model that predict 3DGS from posed input views. We
benchmark the rendering quality of the output 3D Gaussian splats given 2, 4, and 6
input views. RayRoPE helps the model to predict better Gaussian splats.

| 3 views | 6 views | 9 views

Method
|PSNRt LPIPS| SSIM?T|PSNRT LPIPS] SSIM?|PSNR{ LPIPS| SSIM?

EscherNet [|20]| 15.81 0.279 0.373 | 16.31 0.246 0.391 16.42 0.236 0.393
+PRoPE |[22] 16.87 0.254 0.434 | 17.85 0.211 0.480 | 18.36 0.189 0.504
+RayRoPE 17.14 0.239 0.464 | 18.16 0.209 0.504| 19.03 0.188 0.543

Table 5: Comparison on Multi-view diffusion. We apply RayRoPE to Escher-
Net [20], a large multi-view diffusion model for view synthesis. On DL3DV-10K [24]
with 3, 6, or 9 reference views, RayRoPE consistently outperforms both baselines.

6 Discussion

In this work, we identified four desirable properties for positional encodings in
multi-view attention (Fig.|l]). Guided by these criteria, we introduced RayRoPE,
a ray-based positional encoding that processes a set of posed input images. Ray-
RoPE consistently improves performance on various tasks and models in 3D
vision, showing that satisfying these properties yields more effective multi-view
attention. While RayRoPE could incorporate uncertainty when predicting depth
along a ray, it would also be interesting to model uncertainty in the camera ma-
trices. More broadly, while this work focused on positional embeddings for posed
input images, designing such encodings for multi-view transformers that process
unposed (or mixed) images remains an open challenge.
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