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Visual Navigation Transformer with Pose Attention

Beiming Li', Jaime Romero!, Jonathan Diller', Vijay Kumar!, and Alejandro Ribeiro?

Abstract— Learned navigation policies typically consume ob-
servations as a temporally ordered history, with positional
encodings tying each observation to when it was seen, making
it difficult to reuse experience from earlier traversals of an
environment. Systems that do reuse such experience usually
construct an explicit representation, such as a map or a
topological graph, and plan on it. We propose VNT-PA (Visual
Navigation Transformer with Pose Attention), a transformer
planner whose context is a set of depth keyframes indexed
by camera pose. With camera poses as positional encoding,
attention depends on the pose differences between keyframes
rather than on their temporal order. VNT-PA is trained to
imitate a shortest-path planner operating on the ground-truth
scene mesh, predicting actions by querying the spatial context
with only its current pose and the goal position. On point-
goal navigation in HM3D validation scenes, VNT-PA reaches
93.3% success and 90.4% success weighted by path length
(SPL), outperforming baselines that encode the same context
as a temporal sequence or treat pose as an input feature, in
both navigation performance and training efficiency. Because
the spatial context is a pose-indexed set, frames from different
trajectories can be fused at test time. The planner also degrades
more gracefully under localization noise than a conventional
baseline which plans on explicit maps. These results show that
pose-stamped experience can serve directly as the environment
representation for a learned planner, and that making attention
depend on pose differences, rather than on temporal order,
speeds up training and improves long-horizon navigation.

I. INTRODUCTION

Learned navigation policies, from end-to-end point-goal
agents [1], [2] to navigation foundation models [3], [4],
[5], [6], almost universally consume the robot’s past obser-
vations as a temporal stream. Observations are kept as a
sequence of time-indexed tokens [5], [6], [7], truncated to
a sliding window [3], [4], or compressed into a recurrent
state [1]. However, such a memory has no natural position
for observations from an earlier visit or from another robot,
making it nontrivial to transfer earlier experience in an
environment as context for a new task. Moreover, its cost
grows with the length of the history, rather than with the
size of the environment. Systems that do exploit long-horizon
memory instead separate decision making from trajectory
planning [8], [9]. They retain a persistent memory of past
observations, but retrieve from it only to select navigation
goals, while trajectory planning is offloaded to a conventional
stack operating on a metric or occupancy map.
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In this work, we propose VNT-PA, a transformer planner
that treats a pose-indexed set of keyframes as the environ-
ment representation, and plans near-optimal paths in previ-
ously explored environments by querying the context directly
through pose-dependent attention, without the need for an
explicit map. The set of encoded depth frames indexed by
camera pose is referred to as the spatial context, in contrast
to the temporal context of sequence models. The planner uses
camera poses as rotary positional embeddings [10], so that
attention depends on pose differences between frames, rather
than on their temporal order. At each decision, a query token
stamped at the robot pose, knowing the goal but not current
observation, reads the spatial context and predicts actions
towards the goal.

We study the geometric core of the problem through point-
goal navigation tasks, where a shortest-path expert provides
exact supervision and every gain can be attributed to how the
memory is organized and processed. Concretely, we make the
following contributions:

C1 We formulate the spatial context, a pose-indexed set of
keyframe features, as the environment representation. It
is organized by where observations were taken rather
than when, and is consumed directly by a learned
planner, circumventing the need for an explicit map.
A keyframe filter ties the context size to the space
observed rather than to the length of the stream.

C2 We introduce VNT-PA, a transformer planner trained to
imitate a shortest-path expert which utilizes the ground-
truth navigation mesh. It reads the spatial context using
camera poses as rotary positional embedding, so that
attention relates two entries only through the pose
difference and is invariant to the temporal order of the
entries and to translations of the world frame.

C3 We show empirically, in HM3D validation scenes, that
pose as positional embedding provides a beneficial
inductive bias: VNT-PA handles long and detour-heavy
episodes better than models that process the same
keyframes as a temporal sequence, through a recurrent
state, or with pose as an input feature.

C4 We showcase desirable properties of our framework.
First, the spatial context can be extended at test time
with additional frames, such as previous frames dis-
carded by the keyframe filter or the observations col-
lected online, and VNT-PA benefits from them without
retraining. Second, under localization error, our method
degrades more gracefully than a conventional planner
that relies on an occupancy map built from the same
frames and poses that form our spatial context.
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II. RELATED WORK

Explicit environment representations. Most navigation sys-
tems fuse observations into a spatial data structure and
plan on it. Occupancy grids and signed distance fields [11],
[12] integrate each observation into voxels by ray casting
from the estimated sensor pose. Scene reconstructions from
NeRF [13] and Gaussian Splatting [14] are used directly
as the map, with the planner querying the density field
as collision cost [15] or extracting safe corridors from the
Gaussians [16]. Many learning-based systems still rely on
an explicit map structure to store and organize observation
features, even those with a learned planner trained end-to-
end. Prior work predicts occupancy maps with a learned
mapper [17], writes vision features to a 2D grid [18], [19],
or stores vision-language features in a map [20], [21]. All
these approaches ultimately represent the environment using
a predefined map structure, constrained by choices such as
resolution, spatial extent, and topology.

Time-indexed memory. Learned navigation policies that
retain past observations typically organize memory according
to the order in which those observations were acquired.
Video-based navigators tokenize frames in order of arrival
and aggregate them by recency [5], [6], while end-to-end
point-goal navigators rely on recurrent state [1]. Image-goal
policies attend over a few recent frames and defer long-
horizon memory to a separate topological graph [3], [4].
Spatially-Enhanced Recurrent Units (SRU) [22] address the
weak spatial memorization of recurrent networks with a gate
that modulates the state by a transformation of the input, but
they still integrate observations in order of arrival.

Memory-augmented agents. Recent systems built on foun-
dation models retrieve from a persistent memory of past ob-
servations to answer queries and select navigation goals [8],
[9], [23]. However, they maintain two representations of the
same environment. The foundation model reasons over stored
observations to select a navigation goal, while path planning
relies on a conventional stack with a separately maintained
metric or topological map.

Geometry-aware attention. A separate line of work in-
vestigates how geometric structure can enter attention di-
rectly. RoPE [10] rotates queries and keys by their absolute
positions so that the attention logit depends only on their
relative position. GTA [24] and PRoPE [25] extend this idea
to multi-view transformers by incorporating relative camera
transforms in attention, and show advantages over supplying
camera pose as a content feature [26].

Navigation systems above reuse past observations in one
of two ways. One family converts observations to an explicit
spatial representation before planning. The other retains
observations directly but organizes them according to when
they were acquired. We pursue a third alternative: organizing
memory by where the observations were acquired. Closest
to our approach is the Scene Memory Transformer [27],
which attends over embedded observations as an unordered
set but supplies pose as a token feature. We use pose as
the positional embedding instead, and show that this choice

improves long-horizon navigation and training efficiency.

III. VISUAL NAVIGATION TRANSFORMER
WITH POSE ATTENTION

We introduce VNT-PA, a transformer planner that navi-
gates to point goals using prior experience of an environment,
represented as a pose-indexed set of depth keyframes. We
introduce the problem setting in Sec. III-A, followed by
the spatial context and its positional embedding in Sec. III-
B, keyframe encoding and filtering in Sec. III-C, model
architecture in Sec. III-D, and training setup in Sec. III-E.

A. Problem Setting

We consider a mobile robot initialized at a random pose
in an indoor environment and tasked with reaching a goal
position. The setting resembles PointGoal navigation [1]:
the robot executes the discrete actions FORWARD, TURN-
LEFT, TURN-RIGHT, and STOP, and it succeeds if it calls
STOP within a geodesic distance r of the goal within T'
steps. We assume that the robot knows its planar pose
Probot (wrobota Yrobot wrobot) and the goa] pOSitiOH
Peoal = (TgoalsYsoal) iN @ common world frame, whose
origin can be chosen arbitrarily.

The main difference from standard PointGoal navigation is
that the robot is given the depth frames Iy, ..., Iy recorded
during earlier traversals, for example an exploration run,
together with their camera poses pi,...,pn in the same
world frame. The planner acts only on these earlier frames,
the robot pose, and the goal, without relying on the current
view or any frame recorded during the ongoing episode.
Thus, the earlier frames must serve as the environment repre-
sentation. In practice, it suffices to localize the start pose once
relative to these depth frames and track the robot pose during
navigation, for example, with LiDAR-inertial odometry [28].
This setting resembles real-world deployments in which a
robot operates in the same environment over time and has a
long stream of observations.

B. Pose-Indexed Spatial Context

Spatial context. A transformer relates the tokens of its
context through attention, and the positional embedding
determines which relations attention can express. Sequence
models index each observation by its time of capture [5],
[29]. However, the temporal indices of observations captured
in the same environment across different times or trajectories
are arbitrary. To represent an environment, the natural index
of an observation is instead the pose from which it was
captured. We therefore index each frame by its camera pose
and the context becomes an unordered set of pose-stamped
entries,

8:{(62‘,191‘)}, (1)

where e; € R? is a feature vector computed from frame I;
and p; = (z;, yi, ;) is its camera pose. We refer to S as the
spatial context, in contrast to the femporal context used by
sequence models.

Rotary position embedding. RoPE [10] makes attention
depend on the relative positions of tokens. Consider an
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Overview of VNT-PA. (1) A keyframe filter keeps only depth frames that observe sufficient new space. A frozen depth encoder (DeFM) and a

learned attention-pooling summarizer represent each keyframe as a single token e;. (2) The set formed by image tokens indexed by corresponding camera
poses is referred to as spatial context. It serves as an implicit representation of the environment. Together with a learned goal token egq,1 stamped at the
goal position pgqa1, the context set passes through Lmap bidirectional self-attention blocks that use poses as rotary positional embeddings. The output
embedding is referred to as goal-aware spatial context. (3) A query token equery is built from the relative goal location and stamped at the robot pose
Probot- It cross-attends the goal-aware context through L;e,q cross-attention blocks with the same positional embedding. (4) An autoregressive GRU
decodes the final query token embedding into a chunk of actions. The robot executes the first h actions and then queries the planner from its new pose.

attention head whose query and key vectors have dimension
2n, and a token at a scalar position ¢, such as its index
in an ordered sequence. RoPE divides the 2n-dimensional
space into n two-dimensional subspaces and rotates the m-th
subspace by the angle 6,,t,

n

@ P(emt>7

m=1

= L A )

R (1)

where p(«) denotes the 2 x 2 rotation matrix of angle a, @
stacks its arguments into a block-diagonal matrix, and b is the
base of the geometric frequencies 6 = (64, ...,0, ). Queries
and keys are multiplied by Ry at their own positions, so
that the attention logit depends on the positions only through
their difference, as Eq. (4) shows for poses. The temporal
baselines in Sec. IV use this embedding, with ¢ denoting the
temporal index of each observation in its sequence. We refer
to this as temporal RoPE.

Pose RoPE. Entries of the spatial context are indexed
by camera pose. Since the origin of the world frame is
arbitrary, attention should depend on poses only through
their differences. We therefore apply the rotary embedding
of Eq. (2) to each pose component. A head of dimension
6n is divided into 3n two-dimensional subspaces, with n
subspaces assigned to each component. The overall rotation
matrix is:

R(p) = Ru(z) ® Ry, (y) @ R, (¢), 3)

where w and v denote the frequencies of the position and
heading components. Since R(p;) " R(p;) = R(p; —p;), the
attention logit between a query at pose p; and a key at pose
p; becomes

(R(pi) ai» R(p;j) k;) =a; R(p; —pi)ky, 4)

where Pj —pi = (a?j — T, Y — Yi, ¢j - ’(/JZ) The logit is
thus invariant to translations of the world frame.

Choice of frequencies. Since planar positions x and
y are metric, we scale the geometric frequencies by a
scalar s, which gives w,, = s 'b~(™~1/" The highest

frequency advances one radian per s meters. A smaller
s thus separates nearby poses more sharply but is more
sensitive to localization error. The lowest frequency is w,, =
s~tp~(=1/n which corresponds to the longest wavelength
Amax = 2msb(*=D/n For a displacement longer than
Amax/2, the rotation angle of the lowest frequency exceeds
7 and wraps around, producing the same rotation as a shorter
displacement in the opposite direction. Therefore, we choose
b such that \,,.x/2 exceeds the extent of most environments
along each axis.

Unlike positions, headings are periodic, so R, (¢ +27) =
R, (¢) must hold, which is the case if every v, is an
integer. We choose v,,, = m, so that the heading part of each
attention logit becomes a Fourier series in 1); —; up to the
n-th harmonic, with coefficients defined by queries and keys.
The first harmonic distinguishes all heading differences, and
higher harmonics resolve finer ones.

Rotation augmentation. Our RoPE expresses the distance
between two tokens in the world frame rather than in the
ego frame of the query. Attention is therefore invariant to
translations of the world frame but not to its rotations. Rather
than building rotation invariance into the architecture, we
let the model learn it from data with rotation augmentation.
During training, the world frame of each example is rotated
by an angle v ~ U0, 27), which changes the poses of the
keyframes, the robot, and the goal.

C. Frame Embedding and Filtering

Frame embedding. Each frame in the spatial context is
encoded by a frozen depth foundation model, DeFM [30],
into G x G patch tokens. Then, a learned attention-pooling
summarizer compresses the patch tokens into a single feature
vector e; € R? We use depth images rather than RGB
images because the decisions the planner learns depend
solely on the geometry of the environment.

Keyframe filter. Since the cost of attention grows with
the number of entries, and depth frames captured at nearby
poses overlap heavily, we keep only the frames that discover



sufficient amount of new information. Spatial context facili-
tates such filtering since removing an entry does not disturb
the index of any other.

We approximate the space a frame observes by dividing it
into G X G patches, unprojecting the median depth of each
patch along its central ray with the camera intrinsics and
pose, and quantizing the point to a voxel tagged with its
viewing direction, so that a surface seen from substantially
different directions counts as distinct. Let C(I;,p;) denote
the resulting voxel set. Frames are processed sequentially,
and frame ¢ joins the set of keyframes K if it observes at
least n voxels that no earlier keyframe observed,

C(Li,pi) \Ujex, j<i CUj,p5) | = 0. (5)

Keyframes construct a lightweight spatial context, S =
{(es,p;) : i € K}, and the cost of a decision is now tied to
the size of the environment rather than to the length of the
robot’s history.

Extension. Conversely, any depth frame with a pose in
the same world frame can be added to S, regardless of
when or along which trajectory it was captured. For example,
a robot navigating with a spatial context constructed from
earlier travels can append its current view to S at each query.
Sec. IV-C evaluates such test-time extensions.

ek —

D. Model Architecture

Goal-aware context. The spatial context S, together with
a learned goal token eg,1 stamped at the goal position pgoal,
is first processed by Ly, bidirectional self-attention blocks
with the positional embedding defined in Eq. (3). The goal
has no heading, so the heading subspaces of its query and
key vectors are set to zero. Every entry can thus relate itself
to every other frame and to the goal through their pose
differences before any decision is made. We call the output
of self-attention blocks the goal-aware context.

Query. At each decision, the planner constructs a query
token. Let Ap = (Ax,Ay) denote the goal position ex-
pressed in the robot frame, and o = atan2(Ay, Ax) its angle
relative to the robot heading. The query token is equery =
f(I|Ap]l, cosa, sinca), where f is a learned embedding.
The query is stamped at the robot pose Probot and cross-
attends to the goal-aware context through L..,q blocks with
the same positional embedding. The query does not contain
the robot’s current or past observations. Therefore, VNT-PA
resembles a conventional map-based planner in that it relies
only on a representation of the environment, here the spatial
context, along with robot pose and the goal. This design
prevents the model from relying on the current view and
ensures that each decision is grounded in the spatial context.

Action decoder. Let z denote the output embedding of
the query token. A gated recurrent unit (GRU) [31] decodes
z into a chunk of H actions autoregressively,

g = GRU(g¢—1, as—1),

where ag is a learned start token. A linear layer maps gy to
one logit per action, whose softmax gives g (as | z,a1.0—1).
During training, the decoder is conditioned on expert actions.

g = 2, (6)

During execution, it is conditioned on the actual action
history instead. The robot then executes the first h < H
actions of the chunk and queries the planner again from its
new pose. A smaller h replans more often, while a larger h
commits to longer and potentially more consistent motion.

E. Training

We train the planner by imitating an expert trajectory
planner that utilizes the ground-truth mesh of scenes [32].
The planner is thus encouraged to learn geometric reasoning
based on the spatial context.

Each training example consists of the spatial context built
from depth frames of one environment and a randomly
sampled navigation task, defined by a start pose pobot and
a goal position pgoa1. The planner is trained to minimize the
following cross-entropy loss:

H

L(e) =-E |: Z IOg e (az ’ Syﬁrobotapgoal; af;zfl)} P (7)
(=1

where aj., are the first £ expert actions, and Probot and S
denote the noise-perturbed robot pose and spatial context.

IV. EXPERIMENTS

Our experiments ask three questions. Can a learned plan-
ner navigate effectively using only a pose-indexed set of
keyframes as its environment representation? Does using
pose as positional embedding provide a useful inductive bias?
And does representing the environment as a set offer practical
benefits? We answer them by evaluating VNT-PA in closed
loop against an expert planner operating on the ground-
truth mesh, and baselines that process the same memory in
different ways. We further test how the planner performs
when its context is extended at test time or perturbed by
localization noise. Finally, we investigate what information
the model uses for planning by visualizing the attention
pattern of the token summarizer.

A. Experimental Setup

Simulation environments. All experiments run in
Habitat-Sim [32] with Habitat-Matterport 3D dataset
(HM3D) [34], which contains 3D scans of real world indoor
environments. We use 800 scenes for training and 100 scenes
for validation. The simulated robot has a radius of 0.2 m, and
its depth camera is mounted 0.6 m above the ground, with
a resolution of 160 x 272 pixels and a horizontal field of
view of 110°. FORWARD action moves the robot forward by
0.25 m, TURN-LEFT and TURN-RIGHT rotate it by 30°. An
episode succeeds if the robot calls STOP within a geodesic
distance of r = 0.2m from the goal, within T" = 500 steps.

Construction of spatial context. We build the spatial
context from depth frames observed along classic frontier-
based exploration trajectories [35]. For each scene, we run
explorations from five random starting poses. Episodes with
short paths are discarded as they are collected in small
buildings where navigation can be trivial. This process yields



TABLE I
CLOSED-LOOP NAVIGATION PERFORMANCE WITH GROUND TRUTH LOCALIZATION. MEAN 4 STANDARD DEVIATION OVER THREE TRAINING SEEDS.

Detour ratio s Geodesic distance (m)

Overall <1.2 [1.2,1.5) >1.5 < 10 [10,15) > 15
Method SR SPL SR SPL SR SPL SR SPL SR SPL SR SPL SR SPL
LSTM [33] 31.9+06 28.5+06 43.1+13 38.6+11 29.3+07 26.2+07 11.3+08 9.6+07 40.3+07 359+06 15.8+06 14.4+06 5.7+03 5.1+03
SRU [22] 30.3+15 27.3+14 43.0+16 38.9+13 24.8+12 223413 11.4+18 10.0+16 38.2+15 34.4+14 144418 13.1+18 7.8+10  7.1x11
Causal Transformer  90.3+0s 87.3+05 94.1+07 91.0+0s5 88.7+0s8 85.9+0s 84.5+0s 81.2+08 92.8+05 89.8+0s 86.4+07 83.2+06 80.4+17 77.4+13
VNT-TA 87.1+35 83.9+38 92.0+20 88.74+22 85.9446 82.7+50 783450 75.2+53 91.0+30 87.8+34 82.3+46 79.2+47 67.7+43 64.9+44
VNT-PF 89.5+03 86.5+04 94.0+04 90.9404 88.3+10 85.4+09 81.5+07 78.5+08 92.9+06 89.8+06 85.0+16 82.2+17 73.6+15 70.8+13
VNT-PA (poses only) 66.4+0s8 62.84+08 77.6+03 73.2+01 63.3+10 60.0+1.1 46.9+43 443442 73.5+09 69.5+08 53.8+10 51.0+12 41.74+09 39.5+10
VNT-PA (ours) 93.3+12 904411 96.1+07 93.2+06 92.9+13 90.1+11 87.5+23 84.6+23 95.2+08 92.4+07 90.2+23 87.4+21 85.4420 82.0+19
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Fig. 2. Closed-loop navigation of VNT-PA in unseen evaluation scenes. White marks the navigable space of the ground-truth navigation mesh, and blue
markers show the keyframe poses in the spatial context. The trajectory of VNT-PA is colored from dark at the start (circle) to bright at the goal (star), and

the dashed line shows the expert trajectory.

3,834 bags of depth frames for training and 476 for evalua-
tion. On average, an exploration contains 313 frames, covers
a path of 54 m, and observes 93% of the area.

Each bag of frames is then individually passed through the
keyframe filter with G = 16 patches per side and a threshold
of n = 10. The filter keeps 21% of the depth frames, yielding
67 keyframes per trajectory on average and at most 838.

Architecture. We use the frozen DeFM ViT-S/14 back-
bone [30] to encode resized depth frames (224 x 224) into
16 x 16 patch tokens of 384 dimension. The summarizer
keeps this feature size. The planner has hidden dimension
d = 768, Ly,p = 6 self-attention blocks, Lycaq = 4 cross-
attention blocks, each with 8§ attention heads. It predicts a
chunk of H = 8 actions, executes h = 4 of them per query.
The model has 74.3M trainable parameters in total.

Each attention head is of dimension 96, which gives n =
16 subspaces per pose component. We set the scale of the
pose RoPE to s = 0.25 m and the frequency base to b = 100.
The longest wavelength is then about 120 m, more than twice
the extent of most training environments along each axis.

On one NVIDIA L40S GPU, DeFM encodes a depth
frame in 3.6 ms, which is done once per frame. The planner
is designed to be lightweight, it costs only 14ms for one
inference step given 300 context frames.

Training. Expert trajectories are geodesic shortest paths to
goal returned by Habitat-Sim’s built-in optimal path planner,
which operates on the ground-truth environment mesh. Each
trajectory is then converted into a sequence of discrete

actions that serves as the prediction target.

Each training step samples 3,000 tuples of scene, start
pose, and goal point. Let x denote the ratio of the geodesic
distance between start and goal to their straight-line dis-
tance. A sample with £ < 1.1 is rejected with probability
1 —20(x — 0.98)% to downweight nearly straight episodes.
The poses of the spatial context and of the robot are perturbed
by uniform noise of up to +0.1 m per axis and +0.2rad to
simulate localization error.

All models are trained for 30,000 steps using AdamW,
with ;1 = 0.9, B2 = 0.95, weight decay of 0.05. The
learning rate is warmed up to 3 x 10~ over the first 1,000
steps, and linearly decays to 5% of its peak over the last
15% of the steps. Training our planner takes approximately
4 hours on one NVIDIA L40S GPU.

Evaluation. We evaluate all models on a fixed set of 2,220
episodes. Each episode consists of a pre-collected exploration
trajectory in a validation scene, a start pose, and a goal
position. All evaluations are closed-loop: the robot executes
the first h actions of each decoded chunk in the simulator,
and the planner is queried again from the resulting pose.

B. Navigation Performance

We report the success rate (SR) and success weighted
by path length (SPL) on validation scenes. SPL is
0;D;/ max(P;, D;) averaged over all episodes, where o; €
{0,1} indicates success, D; is the geodesic distance from
start to goal, and P; is the length of our executed path. We



compare our architecture with baselines that process the same
context differently.

Baselines. Unlike sequential policies such as [29], all
models in our comparison are structured like a map-based
planner. At each decision step, a query constructed from the
robot pose and the goal reads only the encoded keyframes,
observations from the current episode are not included in the
context.

All baselines share the frozen depth encoder, summarizer,
and action decoder with VNT-PA, and have roughly the
same number of trainable parameters. They treat the pose
of every keyframe and the goal position as input features.
We compare against (1) VNT-TA (temporal attention): our
architecture with the pose RoPE replaced by the temporal
ROPE of Eq. (2), which indexes keyframes by their order in
the exploration trajectory; (2) VNT-PF (pose as feature): our
architecture with no positional embedding and treats pose as
an input feature, resembles Scene Memory Transformer [27];
(3) Causal Transformer: a standard decoder-only transformer
with temporal RoPE, in which each entry attends only to
earlier keyframes and the query is appended as the last
token; (4) LSTM [33] and (5) SRU [22]: recurrent networks
that integrate keyframes into a fixed-size hidden state. SRU
extends LSTM by modulating the hidden state with a learned
linear transformation of the input, which was proposed for
long-range mapless navigation. In addition, VNT-PA (poses
only): our architecture with every feature e; set to zero, so
that the planner sees only keyframe poses and the goal. Each
model is trained with three random seeds.

Results. Table I reports SR and SPL in percentage as
mean and standard deviation over three training seeds, for
all episodes, also grouped by the detour ratio x and by the
geodesic distance between start and goal.

VNT-PA achieves the highest SR and SPL overall and in
every group, with a large advantage on hard episodes. As
the geodesic distance grows, the SPL gap between VNT-
PA and VNT-TA widens from 4.6 to 17.1 points. Since
long episodes require relating keyframes that are far apart,
the widening gap suggests that these relations are easier to
exploit when keyframes are indexed by pose rather than by
time. VNT-TA shares our architecture and differs only in
its positional embedding, yet its overall SPL drops by 6.5
points and falls below that of the Causal Transformer. VNT-
PF removes the temporal order and recovers part of this loss,
but it remains 3.8 points of success below VNT-PA overall
and 11.8 points on episodes of at least 15 m. The advantage
of VNT-PA therefore stems from the pose RoOPE rather
than from the architecture itself. In contrast, both recurrent
baselines succeed in only about 30% of all episodes and in
about 11% of those with x > 1.5, suggesting that a fixed-
size recurrent state struggles to serve as a representation of
the environment.

Without depth features, VNT-PA (poses only) succeeds in
66.4% of all episodes. Although every keyframe pose marks
a navigable position and is therefore a strong cue, the poses
are far from sufficient. The performance beyond them comes
from the geometry that the keyframes observed, which enters

TABLE I
CLOSED-LOOP NAVIGATION OF VNT-PA (SINGLE SEED) WITH ITS
SPATIAL CONTEXT EXTENDED AT TEST TIME.

Spatial context Overall SR by geodesic distance (m)
Exploration Robot

frames  views SR SPL < 10 [10,15) >15
Keyframes 94.6 91.7 96.2 92.6 87.7
Keyframes v 965 935 975 940 95.2
All frames 96.2 93.1 974 944 90.9
All frames vV 971 940 98.0 94.6 96.3

the planner only through their depth features.

Fig. 2 shows example trajectories of VNT-PA. Since the
expert plans on the ground-truth mesh, matching its decisions
in validation scenes from keyframes alone shows that the
spatial context is a sufficient representation for planning.

C. Extending Spatial Context

If the context is treated as a temporally ordered sequence,
frames observed at different times or from different sources
have no natural position index. In contrast, any depth frame
stamped with its camera pose can be used to extend the
spatial context, either to cover previously unobserved areas
or to add detail to already observed regions.

We extend the context of VNT-PA from two sources at test
time. First, we add depth frames discarded by the keyframe
filter, allowing the planner to access all frames from the
exploration trajectory. This increases the context from an
average of 67 to 313 entries per episode. Second, we add
the robot’s current depth view each time the planner is
queried during execution. Table II shows that both extensions
improve the success rate, even though the planner is trained
only on keyframes of exploration trajectories. For episodes
of at least 15m, the success rate rises from 87.7% to as
much as 96.3%. These results show that VNT-PA generalizes
without retraining to spatial contexts that are either denser or
include views from disjoint navigation trajectories, and that
it benefits from these additional views.

D. Training Efficiency

We evaluate training efficiency by measuring the SPL
of intermediate checkpoints. As shown in Fig. 3, VNT-PA

VNT-PA (ours) == VNT-TA VNT-PF =e= Causal Transformer
VNT-PA (poses only) LSTM =o= SRU
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Fig. 3. Closed-loop SPL of intermediate checkpoints, mean & standard

deviation over models trained with three random seeds.



reaches 80% SPL within 5,000 steps across all three seeds,
while the Causal Transformer, VNT-PF, and VNT-TA require
more than 20,000 steps to reach the same performance.
Temporal variants narrow this gap by the end of training, as
they have access to poses as input features and also benefit
from temporal adjacency as a proxy for spatial connectivity
along the continuous exploration trajectory. Nevertheless,
VNT-PA converges substantially faster, suggesting that pose
ROoPE provides a beneficial inductive bias.

E. Robustness to Localization Error

We compare VNT-PA against a conventional map-and-plan
pipeline, labeled OctoMap + A*. It fuses depth frames into
a probabilistic occupancy map [11], with a voxel edge of
0.05 m. Every valid depth pixel casts a ray from the sensor
pose, updating the voxels it traverses with a miss probability
of 0.4 and the voxel at its endpoint with a hit probability of
0.7. The 3D occupancy map is projected onto a 2D grid,
where obstacles are inflated by the robot radius, and the
resulting grid is used for A* planning [36]. We perturb the
logged poses of depth frames and robot pose at every query
with uniform noise of up to £0.1 m per axis and +0.2rad.

As shown in Table III, OctoMap + A* using keyframes
labeled with exact poses slightly outperforms VNT-PA, but
its success rate drops by 42.1 points under localization error.
The major reason is that the map commits every frame to
the grid at its noisy pose, which mislabels open corridors
as occupied. Meanwhile, VNT-PA loses only 8.0 points,
where most failures are STOP just outside the success radius,
because the planner reads its distance to the goal from a
perturbed pose. Building the map from all frames mitigates
this drop by integrating more observations per voxel, allow-
ing free-space measurements to correct erroneous obstacle
observations caused by localization errors. However, VNT-
PA still outperforms the conventional pipeline in that case.

TABLE III
CLOSED-LOOP NAVIGATION OF VNT-PA (SINGLE SEED) AND
CONVENTIONAL PIPELINE WITH EXACT AND NOISY POSES

Exact poses Noisy poses

Context Method SR SPL SR SPL
Keyframes OctoMap + A* 96.2 92.2 54.1 46.0
VNT-PA 94.6 91.7 86.6 82.7
All frames OctoMap + A* 96.1 92.1 78.1 724
VNT-PA 96.2 93.1 88.0 84.1

F. Summarizer Attention

To understand what each entry of the spatial context
encodes, we visualize the summarizer’s attention pattern over
patch tokens (Fig. 4). The top frame shows a hallway with
a wall corner and two doorways. The attention concentrates
on the floor right in front of the corner and on the open
doorways. The bottom frame faces an open area in front of
a staircase, where the attention spreads over the floor and
peaks at the bottom of the staircase.

These examples suggest that the summarizer attends to
boundaries between free space and obstacles, and also to
topologically important regions such as doorways. Both cues
are useful for navigation, which requires avoiding nearby
obstacles and reasoning about free space connectivity. We
hypothesize that the self-attention blocks combine these local
descriptions of free space across the environment, so that the
goal-aware context acts as an implicit map. The query token,
anchored at the robot pose, then reads this implicit map to
predict actions toward the goal.

6.4
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-igg
0

Summarizer attention pattern on two sampled frames from

|
Attention (%)

Attention (%)

Fig. 4.
evaluation scenes. Left: RGB images, for reference only. Right: attention
of the summarizer’s learned query token over patch tokens, averaged over
attention heads and overlaid on the depth image.

V. LIMITATIONS AND DISCUSSION

VNT-PA plans in 2D, consistent with other methods eval-
uated in the same simulation environment, which assumes a
roughly constant camera height during execution. Encoding
relative SE(3) transformations between tokens as in [24]
provides a natural extension to 3D planning.

Experiments assume that the robot executes discrete ac-
tions, with localization error modeled as an independent
perturbation at each step rather than as drift that accumulates
along the trajectory. Extending the planner to continuous
actions in a physics-based simulator and evaluating it under
realistic odometry drift are natural next steps.

Finally, we deliberately chose a purely geometric task
because it isolates the question of whether pose-stamped
experiences can replace explicit maps. However, the architec-
ture operates on arbitrary token embeddings. Extending per-
frame features with semantic or language-aligned features
would allow a single model to decide both where to go and
how to get there from the same retained experience, rather
than splitting these roles between a foundation model and a
separately maintained map as in [8], [9].

VI. CONCLUSION

We propose representing an environment as an unordered
set of pose-stamped keyframes, and planning over it with a
transformer that uses camera poses as positional embeddings.
Our experiments show that this positional embedding pro-
vides a beneficial inductive bias. The planner trains faster and



handles long and detour-heavy episodes better than models
that receive the same keyframes as a temporal sequence,
through a recurrent state, or with pose as an input feature.
The planner’s spatial context can also be extended at test time
with frames from other times and trajectories. Moreover, the
keyframe filter ties the context size to the space observed
rather than to the length of the robot history. Under localiza-
tion noise, the planner also degrades more gracefully than a
conventional pipeline with maps built from the same frames.

Future directions include extending the framework to
semantic and language-specified tasks and dynamic scenes,
and replacing the encoder with a feed-forward multi-view
reconstruction model [37], whose tokens already encode
geometric relationships across views and can also provide
camera poses.
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