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VTlInstructor: Visual Trajectory Prompting for Navigation
Instruction Generation in Continuous Environments

Anonymous Author(s)

Landmark
Detection

Speaker Model

(c) 3D-Enhanced Speaker (

(d) VTInstructor W

. J

Figure 1: Evolution of navigation instruction generation paradigms. (a)-(c) Prior speakers rely on discrete viewpoint graphs
with panoramic images, optionally augmented by external knowledge or 3D representations. (d) VTInstructor (Ours) generates
instructions directly from ego-centric RGB video in continuous environments, using Visual Trajectory Prompts for spatial

grounding without any navigation graph or 3D reconstruction.

Abstract

Navigation instruction generation from ego-centric RGB video in
continuous environments is an important yet challenging task
for human-robot interaction and scalable dataset construction.
Prior instruction generators assume discrete viewpoint graphs with
panoramic observations, where trajectory structure is explicit; in
continuous environments, however, the agent receives only a dense
RGB stream, making trajectory cues difficult to recover. We propose
VTlInstructor, the first VLN instruction generation framework for
continuous environments. Our key idea is to convert implicit tra-
jectory geometry into explicit visual trajectory prompts: EDTC
condenses long RGB trajectories into navigation-critical keyframes,
VTP overlays path, turn, and goal cues onto these anchors, VTMod
injects the resulting trajectory signals into the visual encoder, and
VT-GRPO further calibrates this spatial injection during training,
all without requiring a navigation graph, pre-built map, or scene
reconstruction. On the challenging R2R-CE and RxR-CE Val Unseen
benchmarks, VTInstructor sets a new state of the art across all
standard NLG metrics, surpassing the strongest baseline by +0.357
CIDEr and +0.109 CIDEr, respectively. Beyond automatic metrics,
VTlnstructor-generated instructions raise a frozen follower’s suc-
cess rate to 63.3%, a +14.7 percentage-point gain over the best
competing instruction source, and provide consistent data augmen-
tation gains of +3 SR points on downstream navigation tasks on
downstream navigation tasks on both benchmarks.

CCS Concepts

« Computing methodologies — Robotic planning; Vision for
robotics; « Computer systems organization — Robotics.

Keywords

visual trajectory, multimodal robotics, computer vision

1 Introduction

Navigation instruction generation (producing natural-language de-
scriptions of traversed trajectories) is a fundamental task for human-
robot interaction and the scalable construction of training data for
embodied navigation models. Existing speaker models [5, 7, 11]
have made substantial progress in discrete graph-based settings. Fig-
ure 1 summarizes the evolution of these paradigms, from panoramic
speakers to knowledge-augmented and 3D-enhanced variants, all of
which remain rooted in discrete viewpoint graphs. By contrast, nav-
igation instruction generation in continuous environments remains
largely unexplored.

Why has this setting remained unexplored? In discrete VLN envi-
ronments, trajectories unfold over topological graphs whose nodes
are associated with panoramic observations, making viewpoint re-
lations explicit and trajectory structure easy to infer. In continuous
environments, however, the agent receives only a dense ego-centric
RGB stream, and adjacent frames may look highly similar even
when they correspond to different motions or spatial states. This
shift introduces two challenges. First, existing graph-based speaker
models cannot be transferred directly to continuous environments.
Second, trajectory cues such as path direction, turning behaviour,
and goal progress are no longer explicit, and must instead be in-
ferred from subtle visual changes. As a result, models struggle to
recover directional information and often produce generic, spatially
imprecise instructions.

To address these challenges, we propose VTInstructor, a uni-
fied navigation instruction generation framework for continuous
environments that processes the entire pipeline within a single
vision-language backbone. Our central idea is to convert trajectory
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geometry into explicit visual trajectory prompts on ego-centric
views, so that the model can perceive path structure directly instead
of inferring it only from dense RGB streams. VTInstructor com-
prises three core components. (1) Event-driven trajectory compres-
sion (EDTC) first condenses long RGB trajectories into navigation-
critical keyframes determined by the action sequence, providing vi-
sual anchors for subsequent prompting. (2) Visual Trajectory Prompt
(VTP) rendering then overlays path, turn, and goal cues onto these
keyframes, while GPT-based quality filtering (QF) retains only spa-
tially reliable instruction-keyframe pairs for training. (3) Visual
Trajectory Modulator (VTMod) injection feeds the resulting trajec-
tory signals directly into the ViT encoder, strengthening spatial
perception beyond what raw appearance alone can provide. On top
of supervised fine-tuning, we further introduce VT-GRPO, which
uses reinforcement learning to selectively calibrate the VTMod
gates and explicitly refine how trajectory information is injected
into the model.

We evaluate VTInstructor on the R2R-CE and RxR-CE Val Un-
seen benchmarks, where it achieves state-of-the-art performance
across all standard NLG metrics (BLEU, METEOR, ROUGE-L, CIDEr,
SPICE), outperforming the strongest baseline by +0.357 CIDEr and
+0.109 CIDEr, respectively. Downstream navigation experiments fur-
ther show that follower agents guided by VTInstructor-generated
instructions achieve 14.7 percentage points higher success rate than
those using competing instruction sources, and human evaluators
consistently rate VTInstructor instructions higher on directional
accuracy and overall followability.

Our contributions are:

e The first VLN instruction generation framework for con-
tinuous environments. VTInstructor generates instructions
directly from raw ego-centric RGB trajectories in continuous
environments, without relying on navigation graphs, panoramic
renderings, pre-built maps, or scene reconstruction.

e A visual trajectory prompting framework for explicit spa-
tial grounding. We convert implicit trajectory geometry in
dense RGB streams into explicit spatial cues through EDTC for
navigation-critical keyframe selection, VTP for path/turn/goal
prompting on these anchors, VTMod for trajectory-aware visual
encoding, and VI-GRPO for reward-driven calibration of spatial
signal injection.

o State-of-the-art performance with practical utility. VTIn-
structor achieves state-of-the-art results on the R2R-CE and RxR-
CE Val Unseen benchmarks, surpassing the strongest baseline by
+0.357 and +0.109 CIDEr, respectively, improving frozen-follower
success by 14.7 percentage points, and delivering +3 SR-point
data augmentation gains on both benchmarks.

2 Related Work

2.1 Navigation Instruction Generation

Vision-and-Language Navigation (VLN) requires an agent to fol-
low natural-language instructions in indoor environments [1, 2,
14]. Complementing instruction following, instruction generation
(the speaker side) is critical for data augmentation and human-
robot communication. Speaker-Follower [5] first trains an LSTM

Anon.

speaker for data augmentation; subsequent work improves gener-
ation through speaker—follower cycle consistency [19] and multi-
task joint training [21]. Another line enriches the speaker with
external knowledge or landmark grounding: SAS [6] and KEFA [24]
introduce object-spatial attention and commonsense alignment,
while landmark-based instruction generation methods such as Less
is More [20] abstracts the trajectory into detected landmarks and
generates instructions via a text-to-text model. More recently, C-
Instructor [8] adopts chain-of-thought prompting with a multi-
modal LLM, and Maplnstructor [4] and BEV-LLM [3] leverage top-
down maps or BEV representations for global spatial reasoning.
Despite their diversity, existing instruction-generation methods
are developed in discrete navigation graphs, where each state is
typically represented by privileged panoramic observations—often
instantiated in R2R-style VLN as a set of 36 discretized views per
viewpoint—rather than raw first-person continuous perception.
R2R-CE [9] and RxR-CE [10] extend VLN benchmarks to the contin-
uous Habitat simulator, yet speaker models for this setting remain
unexplored. VTInstructor is the first VLN instruction generation
framework for continuous environments, taking only ego-centric
RGB video as input without graph topology or panoramic privilege.

2.2 Visual Prompting

Visual prompting augments input images with task-relevant anno-
tations to steer model attention without modifying model weights.
In the general vision-language domain, coloured circles [16], num-
bered markers [22], and iteratively overlaid arrows and keypoints [13]
have been used for referring expression comprehension, visual
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grounding, and action prediction. In robotic manipulation, TraceVLA [26] 204

overlays end-effector trajectory traces on the current observa-
tion to enhance spatial-temporal awareness of VLA policies, and
Robotic Visual Instruction [12] annotates images with visual cues to
guide manipulation actions. Despite the growing adoption of visual
prompting in perception and manipulation, it has not been explored
for navigation instruction generation. VTInstructor is the first to
introduce Visual Trajectory Prompts (VIP) into this task, with two
key designs: (i) we render a path ribbon, rotation arrow, and end-
point marker in the ego-centric perspective, derived directly from
the compressed action sequence; and (ii) rather than treating the
annotated image as a standalone input token, we encode the VTP
as a multi-channel binary mask and inject it into the ViT backbone
via spatial modulation, enabling the language model to perceive
trajectory geometry at the patch level.

3 Method

VTlInstructor addresses navigation instruction generation in contin-
uous 3D environments by converting implicit trajectory geometry
in dense ego-centric RGB streams into explicit spatial cues. As
shown in Figure 2, the framework has four components: (1) event-
driven trajectory compression (EDTC), which condenses long tra-
jectories into navigation-critical keyframes; (2) Visual Trajectory
Prompt (VTP) rendering and data curation, which overlay path,
turn, and goal cues onto these anchors; (3) VTMod, which injects
trajectory-aware signals into the visual encoder; and (4) VI-GRPO,
which further calibrates this spatial injection during training.
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Figure 2: Overview of VTInstructor. Given a raw ego-centric RGB trajectory, the three-level event-driven compression pipeline
produces a compact keyframe set. Each keyframe is annotated with a Visual Trajectory Prompt overlay (path ribbon / rotation
arrow / endpoint marker), encoded as a 3 channels binary mask, and fed to the VIMod-augmented Qwen3-VL backbone. The
VTP Encoder maps the mask to patch-aligned spatial features, which are injected into the ViT Encoder at layer 7 via per-token
spatial modulation. The model is trained in two stages: an initial SFT stage, followed by VI-GRPO, which further optimizes
the Qwen3 LLM decoder and the VTMod gates using rewards from G=8 sampled responses, defined as a weighted sum of NLG

metrics, together with a gate contrastive loss.

3.1 Problem Formulation

An agent navigates a 3D scene by executing atomic actions from a
discrete action space A of four primitives: forward +0.25 m, turn
left —30°, turn right +30°, and stop. At each timestep t, the agent
receives an ego-centric RGB observation f; € RF*W>3_A trajectory
of length T is thus:

r=((ha), (foa2), ..., (fr.a7)). ey

The Navigation Instruction Generation (NIG) task requires produc-
ing a natural-language instructiony = (wy, . .., wy) that describes ¢
faithfully enough for a human or autonomous follower to reproduce
the route:

L
Pyl ) =] | POwi |l wa, 7). (2)
I=1

3.2 Preliminaries

Backbone Model. We build on Qwen3-VL-8B [18]. Its ViT-based
visual encoder partitions each input image into non-overlapping
patches forming a spatial token grid of shape (h, X w,) with hid-
den dimension dy;; critically, each patch token i retains a fixed
spatial position (r;, ¢;) throughout all layers, enabling the pixel-
accurate one-to-one correspondence that VTMod exploits. For N
keyframes, each frame is encoded independently and projected to
the language model’s hidden dimension by a shared MLP connector,
with per-image 2D RoPE encodings preserving spatial and temporal
order. On the language side, the system prompt and interleaved
action snippets are tokenized into decoder input embeddings and
combined with the projected visual tokens in a single multimodal
sequence. The decoder then generates the navigation instruction
autoregressively.

Multimodal input format. The model receives a single inter-
leaved sequence: a task-specific system prompt # is followed by

alternating keyframe images (I) and textual action snippets:
P, I, [Action 1: d;], I, [Action 2:d,], ...

where each di is a natural-language description of the physical
displacement or rotation at that step (e.g. “go forward 1.25 m”, “turn
left 90°”). This interleaved layout preserves the temporal alignment
between visual observations and physical actions, allowing the de-
coder to attend to the relevant image—action pair at each generation

step.

3.3 Event-Driven Trajectory Compression

Level 1: Action Run-Length Encoding (RLE). Let the raw ac-
tion sequence be a = (ay,ay,...,ar) with a; € A. RLE merges
consecutive identical actions into segments:

where a; = type,. for nj consecutive steps.
®3)

Each segment maps to a physical displacement (n; X 0.25m for-
ward) or rotation (n X 30°), producing the compressed sequence
S = (s1,...,sx) with K < T. RLE is lossless with respect to nav-
igational semantics: every physical displacement and rotation is
exactly preserved in S. To avoid overly long straight-line events,
we further split any forward segment whose displacement exceeds
4.0m (i.e., ng > 16) into two shorter forward segments of approxi-
mately equal length.

Formally, for a forward segment s; = (fwd, ng) with ny > 16, we
replace it with

sk = (typey, nk),

(fwd, Lne/2]), (fwd, [n/2]).

All other segment types remain unchanged. This preserves the total
displacement while preventing excessively long forward motion
from dominating a single event representation.
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Level 2: Small-Step Combo Grouping. A segment s is consid-
ered small-step if it corresponds to either a short forward displace-
ment of 0.25m or 0.5m (ny € {1,2}) or a single-step rotation of 30°
(ng = 1). Consecutive small-step segments are merged into a combo
event
€c = (S, k15 -+ - SkrM—1)s

with M < 6. This grouping captures fine-grained turn-and-advance
manoeuvres as a single semantic unit, preventing them from being
fragmented into isolated snippets that may appear spatially inco-
herent to the language model. For example, a short forward step
followed by a left turn and another short forward step is grouped
into a single combo event: “go forward 0.25m / turn left 30° / go
forward 0.5m”.

Level 3: Dynamic Priority-based Compression (DPC). When
the number of retained frames after Levels 1-2 still exceeds Fyax =
32, DPC selects the most informative keyframes by a joint visual-
geometric priority score. For each adjacent event-frame pair (i, j):

](i’ ]) = Avis Avis(i, ]) + Ageo Ageo(i> 7 4)

where Ayjs measures frame-to-frame visual change in a frozen per-
ceptual feature space, and Age, aggregates the cumulative displace-
ment and rotation magnitude between event boundaries. A high
J score indicates a visually or geometrically significant transition
that should be retained; event frames at boundaries with the lowest
J scores are progressively removed until || < Fpay, while always
preserving the initial frame and the current observation frame. The
final retained frame set is:

F =i fry Udfer feps s forr s ®)

where f; is the initial observation, fr is the current observation
frame, e; denotes the index of the i-th retained event boundary, and
N’ is the number of retained event frames.

3.4 Visual Trajectory Prompt Rendering and
Data Curation

Overlay components. For each retained keyframe, a structured

VTP is rendered in the corresponding ego-centric view to visualize

the local trajectory state. Three complementary components pro-

vide exhaustive spatial coverage across the canonical navigation
states (advancing, turning, approaching goal):

o Path ribbon: a colour ribbon tracing the upcoming route in the
current view. Because the raw path is a jagged polyline induced
by 0.25m atomic forward steps, we smooth it in 2D through
densified interpolation, Chaikin corner cutting, and two rounds
of Gaussian smoothing. A final occlusion check is then applied to
prevent smoothed points from drifting behind walls. Used when
the current event is not a pure rotation; degrades gracefully to a
short stub when fully occluded.

e Rotation arrow: a curved left/right arc annotated with the turn
angle in degrees. Used when the current event is a pure rotation.

o Endpoint marker: a landmark flag indicating the goal location
in the current view. Rendered near trajectory end-frames when
the goal is unoccluded.

Mask representation. Each VTP overlay is stored as a three-

channel binary semantic mask M € {0, 1}3XH XW where channel

Cy encodes the ribbon, C; the rotation arrow, and C, the endpoint

marker. Representing overlays as independent binary channels

Anon.

eliminates colour ambiguity and lets the VTP Encoder learn channel-
specific spatial patterns, a factorisation that would be conflated in
a mixed-colour image. This mask is the direct input to the VTP
Encoder; the coloured PNG visualisation is an artefact used only
for qualitative inspection.

Task-specific prompting strategy. We design separate system
prompts for R2R-CE and RxR-CE to match their distinct annota-
tion styles: the R2R-CE prompt targets concise instructions (15-45
words) emphasising landmark references and a precise stop loca-
tion, while the RxR-CE prompt elicits richer step-by-step narrations
(50-120 words) with explicit orientation and transition cues. Both
prompts share a critical use-but-don’t-mention constraint: the model
is informed that the input images contain grounded navigation cues
(path ribbons, turn indicators, goal markers) and is instructed to
leverage these overlays for path inference, yet is explicitly pro-
hibited from referencing them in the generated instruction. This
design ensures VTP functions as an implicit geometric prior that
improves spatial grounding without leaking rendering artefacts
into the output text.

GPT-based quality filtering. Instruction candidates are scored
by GPT against a rubric covering four dimensions: (i) directional
accuracy: do described turns and path shape match the VTP over-
lay?; (ii) landmark specificity: are salient visual features referenced?;
(iii) distance plausibility: do distance expressions correspond to ac-
tual trajectory length?; and (iv) linguistic fluency. Only samples
exceeding quality threshold 7gpr are retained, removing halluci-
nated or spatially imprecise instructions and ensuring the training
corpus maintains consistent geometric fidelity.

3.5 Visual Trajectory Modulator Design

VTP Encoder. Let M € {0, 1}**7XW denote the binary seman-
tic mask with F(® = M. The VTP Encoder applies three stride-2
convolutional blocks, each comprising a convolution, group nor-
malisation, and GELU activation, with output channel dimensions
C; € {64,128, 256}:

P = GELU(GN(Conv!l) (FI-D))), 1=123. ()

The hierarchical stride-2 design progressively expands the receptive
field so that each spatial position encodes not only its local overlay
pixel but also the surrounding trajectory context. A subsequent 1x1
convolution projects to dimension d, = 384, and adaptive average
pooling aligns the spatial resolution to the ViT patch grid, yielding:

V= AdpPool(Conlel (F(S)), (hp, wp)) € Rpwpxdo, (7)

where each row v; € R% is in one-to-one spatial correspondence
with the i-th ViT patch token.

Spatial modulation injection. At ViT layer [* = 7, the hidden
state h; € R%it of patch token i is updated as:

h} = h; + g © LN(Wv,), ®)

where W € R%it*% g a learnable linear projection, LN denotes
layer normalisation, © denotes element-wise multiplication, and g €
R%it is a channel-wise learnable gate. We set I* = 7 as the default
injection site. As shown in Table 4, single-layer injection at layer 7
performs better than distributing injection across layers 7/15/23,
so we use layer 7 in all experiments. The gate g is initialised to
go = 0, implementing a lazy activation: the pre-trained ViT gradient
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landscape is preserved at training onset, preventing catastrophic
forgetting of visual priors while the backbone adapts to the new
task during early SFT.

3.6 Training Strategy

Two-stage rationale. The two stages address complementary lim-
itations. SFT teaches the task distribution (what high-quality navi-
gation instructions conditioned on VTP-annotated keyframes look
like) via maximum-likelihood estimation on GPT-filtered data. How-
ever, MLE treats all reference tokens equally regardless of naviga-
tional informativeness, and cannot directly optimise full-sequence
metrics such as CIDEr or METEOR that are evaluated at test time.
VT-GRPO then uses NLG reward signals to calibrate the gate g’s
injection strength while continuing to update the LLM backbone,
sharpening which spatial channels of the VTP are amplified for
reward-relevant generation.

Stage 1: Supervised Fine-Tuning (SFT). During SFT, all modules
are trainable, including the ViT backbone, VTP Encoder, VTMod,
MLP connector, and Qwen3 decoder. We use a dual learning-rate
scheme: a higher rate nyey for newly initialised VTP/VTMod pa-
rameters and a lower rate fpackbone for the pretrained Qwen3-VL
backbone. The SFT objective is standard next-token prediction
cross-entropy over ground-truth instruction tokens.

Stage 2: VI-GRPO. Group Relative Policy Optimisation (GRPO) [15]
is applied to refine instruction quality using NLG metrics as reward.
For each input, G = 8 candidate completions are sampled. The
reward for completion y is a weighted combination of automatic
metrics:

r(y) = wp1 B-1(y) + wpq B-4(y) + wy METEOR(y)

9
+ wg ROUGE-L(y) + w¢ CIDEr(y), ©)

with wg_; = wp_4 = wy = 0.25, wg = 0.20, we = 0.05. The
weights reflect the complementary coverage of the metrics: B-1
(BLEU-1) captures unigram precision, B-4 (BLEU-4) rewards multi-
word phrase fidelity, METEOR additionally accounts for synonym
overlap, and ROUGE-L measures longest-common-subsequence
structural similarity; CIDEr is down-weighted because its large ab-
solute scale would otherwise dominate the composite reward. A KL
penalty = 0.04 and clip ratio ¢ = 0.2 regularise the policy update.
Let Lgrpo denote the corresponding GRPO objective induced by
these rewards and regularizers.

Gate contrastive loss. Because Lgrpo averages over all G comple-
tions weighted by their respective advantages, positive and negative
signals partially cancel, leaving the gate g with a diffuse gradient
that is insufficient for precise calibration. We therefore introduce a
contrastive loss on the best (y*) and worst (y~) completions within
each group:

(10)

Lawte = ~log J(M)

Ty

where #(y) is the mean per-token log-probability and 7, = 1.0. Un-
like the group-averaged GRPO signal, this loss provides a focused
contrastive gradient that directly pushes g to amplify VTP chan-
nels correlated with higher-reward generations and suppress those
correlated with lower-reward ones. The total training objective is:

Liotat = Lereo + Xgate Lgate> Qgate = 0.05. (11)

During VT-GRPO, the ViT backbone, VTP Encoder, and modulator
projection layers are frozen; the LLM backbone and the gate vector
g remain trainable. Detailed hyperparameters for both stages are
reported in §4.1.

4 Experiments

4.1 Implementation Details

Hardware. All experiments are conducted on 8XNVIDIA H200
GPUs with DeepSpeed ZeRO-2 parallelism.

Training data. Training data consists of GPT-quality-filtered VTP-
annotated trajectories (score > 6 on a 10-point rubric) drawn exclu-
sively from the Train splits of R2R-CE and RxR-CE.

Input representation. Each observation is represented as a single
wide-aspect egocentric image, with VTP overlays rendered only in
the central region. Trajectories are compressed to at most Fyax = 32
keyframes using the event-driven pipeline (§3.3).

SFT hyperparameters. 3 epochs; batch size 1; gradient accumu-
lation 12; base LR 3 x 10~ (backbone), VTMod LR 5 X 107%; 10%
linear warm-up. Training takes approximately 9 hours on the above
hardware.

VT-GRPO hyperparameters. 1 epoch; LR 107%; gradient accumu-
lation 4; group size G = 8; KL = 0.04; clip ¢ = 0.2; top-p = 0.9;
gate-contrastive weight agate = 0.05. Training takes approximately
30 hours on the above hardware.

4.2 Evaluation Benchmarks and Metrics

R2R-CE [9] extends the Room-to-Room benchmark [1] to the
continuous-action Habitat simulator with photorealistic Matter-
port3D (MP3D) scenes. The agent navigates via four atomic actions
and receives only a raw ego-centric RGB stream, with no navigation
graph or pre-built map available. The Val Unseen split covers envi-
ronments entirely held out from training, providing a stringent test
of instruction generalisation to novel scenes. Since VTInstructor is
trained exclusively on the Train splits of R2R-CE and RxR-CE, nei-
ther the environments nor the reference instructions in Val Unseen
have been seen during training.

RxR-CE [10] adapts the Room-across-Room benchmark to the
same Habitat continuous setting. RxR instructions are substantially
longer and more spatially detailed than R2R (averaging over 70
words per instruction), with fine-grained descriptions of turn angles,
landmark sequences, and relative distances. This verbosity and
spatial precision make RxR-CE a more demanding benchmark for
evaluating instruction generation quality. We report results on the
English Val Unseen split.

Instruction metrics. We report BLEU-1/4, METEOR, ROUGE-L,
CIDEr, and SPICE; higher is better for all. These metrics collectively
capture n-gram precision, recall, synonym overlap, sequential simi-
larity, and semantic propositional content.

Navigation metrics. For downstream experiments (§4.5), we re-
port the standard VLN-CE metrics [1]: Success Rate (SR), Oracle
Success Rate (OSR), SPL, and Navigation Error (NE, in metres; lower
is better), all with a 3 m success threshold.

4.3 Main Results

Tables 1 and 2 present the main results. Table 1 compares VTIn-
structor against proprietary and open-source models on R2R-CE
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Table 1: Navigation instruction generation results on R2R-CE and RxR-CE Val Unseen.

R2R-CE Val Unseen

RxR-CE Val Unseen

Method BLEU-1 BLEU-4 METEOR ROUGE-L CIDEr SPICE BLEU-1 BLEU-4 METEOR ROUGE-L CIDEr SPICE
Proprietary models
Qwen3.5-Plus 0.557 0.131 0.223 0.387 0.137 0.180 0.527 0.080 0.157 0.254 0.033 0.156
GPT-5.4 0.482 0.075 0.197 0.348 0.078 0.144 0.493 0.056 0.146 0.241 0.029 0.143
Gemini-3.1-Pro-Preview 0.631 0.166 0.209 0.392 0.203 0.167 0.393 0.073 0.128 0.242 0.029 0.135
XAI Grok 4 0.486 0.084 0.207 0.354 0.073 0.160 0.430 0.049 0.181 0.249 0.014 0.144
Claude Opus 4.6 0.484 0.084 0.190 0.337 0.068 0.119 0.367 0.043 0.176 0.223 0.005 0.123
Open-source models
Qwen3.5-397B-A17B 0.525 0.113 0.216 0382 0120 0174 0422 0.059 0.128 0.249 0027  0.142
Kimi-K2.5 0478 0.088 0.195 0.357 0098  0.146  0.432 0.071 0.195 0.259 0011 0.145
LLaVA-Video-7B-Qwen2 0.506 0.100 0.146 0.317 0.108 0.109 0.064 0.012 0.063 0.169 0.002 0.074
Qwen3-VL-8B-Instruct 0.524 0.085 0.175 0.334 0.147 0.137 0.366 0.053 0.119 0.230 0.022 0.113
Qwen3.5-9B 0.579 0.121 0.194 0.373 0.181 0.151 0.515 0.077 0.171 0.259 0.027 0.164
GLM-4.1V-9B-Thinking 0.490 0.080 0.156 0.321 0.130 0.115 0.074 0.014 0.054 0.144 0.003 0.064
GLM-4.6V 0.556 0.120 0.171 0.348 0.168 0.122 0.489 0.065 0.143 0.242 0.027 0.145
Ours
Qwen3-VL-8B (SFT-only) 0.720 0.282 0.232 0.485 0.484 0.201 0.630 0.201 0.210 0.357 0.060 0.162
VTInstructor 0.765 0.320 0.263 0.511 0.560 0.245 0.774 0.308 0.265 0.431 0.142 0.206

Table 2: Cross-setting comparison with prior instruction generation methods. Prior methods are developed in discretized
panoramic viewpoint-graph environments with privileged 36-view observations, whereas VTInstructor operates in a more
challenging continuous environment with only ego-centric RGB input.

R2R / R2R-CE Val Unseen

RxR / RxR-CE Val Unseen

Method BLEU-1 BLEU-4 METEOR ROUGE-L CIDEr SPICE BLEU-1 BLEU-4 METEOR ROUGE-L CIDEr SPICE
Prior methods on R2R / RxR (discretized viewpoint-graph environments)
BT-speaker [5] 0.658 0.250 0.209 0.440 0.391 0.178 0.311 0.064 0.160 0.243 0.022 -
EDrop-speaker [17] 0.660 0.260 0.215 0.455 0.413 0.184 0.294 0.056 0.143 0.253 0.027 -
CCC-speaker [19] 0.679 0.254 0.226 0.456 0.401 0.183 0.266 0.042 0.113 0.206 0.016 -
Lana [21] 0.689 0.260 0.219 0.463 0.419 0.194 0.314 0.111 0.126 0.267 0.045 -
Lana+ [21] 0.692 0.262 0.220 0.462 0.424 0.199 0.308 0.115 0.125 0.268 0.046 -
C-Instructor [8] 0.711 0.263 0.237 0.469 0.450 0.211 0.366 0.124 0.181 0.301 0.053 -
BEVInstructor [3] 0.699 0.264 0.230 0.467 0.449 0.208 0.351 0.112 0.174 0.292 0.043 -
Maplnstructor [4] 0.715 0.285 0.234 0.485 0.490 0.209 0.411 0.159 0.191 0.323 0.057 -
Ours on R2R-CE / RxR-CE (continuous environments)
VTInstructor 0.765 0.320 0.263 0.511 0.560 0.245 0.774 0.308 0.265 0.431 0.142 0.206

and RxR-CE Val Unseen. Table 2 further compares with prior in-
struction generation methods developed in discretized panoramic
viewpoint-graph environments.

Comparison with existing models (Table 1). All baseline mod-
els are evaluated under a few-shot setting: each prompt includes a
small number of high-quality reference instructions sampled from
the training split that exemplify the target annotation style of R2R-
CE or RxR-CE, ensuring that every model receives sufficient task
context before generation. VTInstructor surpasses all baselines by
a large margin across both benchmarks. On R2R-CE, VTInstruc-
tor achieves a CIDEr of 0.560, outperforming the strongest model
Gemini-3.1-Pro-Preview (0.203) by +0.357; BLEU-4 reaches 0.320
versus 0.166 for Gemini, an improvement of over 90%. On RxR-CE,
the gap widens further: most baselines obtain CIDEr below 0.03,
while VTInstructor reaches 0.142. Notably, LLaVA-Video-7B and
GLM-4.1V-9B-Thinking nearly collapse on RxR-CE (BLEU-1 of 0.064
and 0.074, respectively), suggesting that these models struggle with
the longer observation sequences required by RxR trajectories. An
interesting observation is that proprietary models do not consis-
tently outperform smaller open-source models on this task—for
instance, GPT-5.4 (CIDEr 0.078 on R2R-CE) falls below Qwen3.5-9B
(0.181)—indicating that navigation instruction generation cannot be
solved by model scale alone and benefits from task-specific training
with spatial grounding.

Cross-setting comparison (Table 2). Despite operating in the
more challenging continuous environment with only ego-centric
RGB input, VTInstructor outperforms all prior discrete-setting

Table 3: Component-wise ablation on R2R-CE Val Unseen.

# VTMod EDTC QF BLEU-4 METEOR ROUGE-L SPICE

1 0.282 0.232 0.485 0.201
2 v 0.286 0.241 0.492 0.220
3 v v 0.288 0.242 0.493 0.223
4 v v 0.302 0.250 0.500 0.232
5 v v v 0.308 0.256 0.504 0.238

methods that have access to panoramic images and pre-built navi-
gation graphs. On R2R, VTInstructor surpasses the previous best
Maplnstructor in BLEU-4 (0.320 vs. 0.285), METEOR (0.263 vs. 0.234),
and CIDEr (0.560 vs. 0.490). The advantage is even more pronounced
on RxR, where VTInstructor achieves BLEU-4 of 0.308 compared to
Maplnstructor’s 0.159 and CIDEr of 0.142 versus 0.057, suggesting
that the VTP-based spatial grounding is particularly effective for
generating the longer, more spatially detailed instructions char-
acteristic of RxR. Crucially, R2R-CE/RxR-CE and R2R/RxR share
identical navigation paths and reference instruction sets; the only
difference lies in the observation and action spaces—prior methods
consume privileged 36-view panoramic images at discrete graph
nodes, whereas VTInstructor receives only a single ego-centric
RGB stream with small-step actions. We follow the same evaluation
protocol as C-Instructor [8], aggregating per-sub-path instructions
to ensure metric-level comparability, so the scores in Table 2 are
directly comparable despite the different input modalities. Figure 3
provides qualitative examples illustrating how VTInstructor gen-
erates spatially accurate instructions while the strongest baseline
produces directional errors and hallucinated landmarks.
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GT R2R-CE Instruction: Walk towards the kitchen area. Keep walking along the kitchen area towards the doorway. Turn right and exit the kitchen area walking across the small living room area and into the bedroom to you left.

Ours: Walk into the kitchen and go past the island. Walk through the kitchen and out the door on the right. Then turn left and go into the bedroom on the left. Stop in the doorway.

Qwen3.5-9B: Walk past the kitchen island and enter the hallway, turning left into the bedroom. Stop next to the bed with the white duvet.

GT RxR-CE Instruction: Now, you are facing towards the white grill that is beside the steps. Turn to your right and move upwards, taking the stairs. Now, take left and move forward. Again, take left and you will find an open door on
the right side. Enter through it and move towards your slightly right side and that will be your end point which is in the corner of the washroom where you are facing the towel in front of you.

Ours: You are standing facing towards the white railing. Turn right and climb the steps. Turn left and walk straight till you reach the wall in front of you. Turn left and enter inside the first open white door on your right side. You are
now standing at the entrance of a washroom facing towards a white towel. Walk straight and stand in front of the towel. You have reached your point.

Qwen3.5-9B: Start at the bottom of the carpeted staircase with the white balustrade on your left. Ascend the stairs, passing the skylight above, and upon reaching the landing, turn right into the hallway. Walk straight past the
large white wardrobe on your right and the open doorway to the bedroom on your left. Continue forward until you reach the next set of doorways; turn left into the bathroom. Enter the room, passing the freestanding bathtub on

your right, and walk towards the vanity area. Stop in front of the wooden vanity with the sink and mirror.

GT Room Tour Instruction: Turn left to exit the bedroom.Walk forward to the dining table and turn left.Take a small step forward and turn left.Walk to the kitchen cabinet and turn right.Enter the exercise room.

TIBER l 'y
=1

Ours: Exit the bedroom and walk through the dining room. Turn left and enter the kitchen. Turn right and enter the exercise room. Stop in front of the exercise bike.

Qwen3.5-9B: Go through the doorway past the white dresser and round mirror, then turn left into the hallway. Continue past the kitchen with the stainless steel refrigerator and go down the stairs. Stop by the exercise bike in the

gym with the geometric wall art.

Figure 3: Qualitative comparison on R2R-CE Val Unseen. Each case shows the compressed keyframes with VTP overlays (top)

and instructions from the ground truth, the strongest baseline, and VTInstructor (bottom).

mark factual

errors in the baseline output (e.g. wrong turn direction, hallucinated landmarks). VTInstructor produces spatially accurate
descriptions that align with the VTP-indicated trajectory structure.

Table 4: Design ablations on R2R-CE Val Unseen.

Configuration BLEU-4 METEOR ROUGE-L SPICE
(a) EDTC: frame sampling
Stride-4 (avg. 13.0 fr) 0.738" 0.240 0.490 0.220
EDTC (avg. 10.5 fr.) 0.743" 0.242 0.493 0.223
(b) VTMod: injection layer
Layer 7 0.299 0.248 0.497 0.224
Layers 7, 15, 23 0.295 0.244 0.491 0.221
(c) VIMod: injection design
Cross-attention 0.295 0.244 0.494 0.222
Gated projection 0.300 0.247 0.497 0.226
(d) VI-GRPO: RL strategy
Pure GRPO 0.314 0.260 0.508 0.240
VT-GRPO 0.320 0.263 0.511 0.245

T BLEU-1 reported for frame sampling comparison.

4.4 Ablation Study

We conduct ablation experiments on R2R-CE Val Unseen, whose
shorter reference instructions make component contributions easier
to isolate.

Component-wise ablation. Table 3 progressively adds VTMod,
EDTC, and quality filtering (QF). The base SFT model without any
of these components (Row 1) achieves BLEU-4 of 0.282 and SPICE
of 0.201. Adding VTMod yields the largest single improvement:
comparing Row 3 to Row 5, BLEU-4 jumps from 0.288 to 0.308
(+0.020) and SPICE from 0.223 to 0.238 (+0.015), confirming that
VTMod is the core contributor by injecting trajectory-grounded
spatial cues into the vision encoder. The full model (Row 5) achieves
BLEU-4 of 0.308, METEOR of 0.256, ROUGE-L of 0.504, and SPICE
of 0.238, representing cumulative gains of +0.026, +0.024, +0.019,
and +0.037 over the base model. These results are obtained solely
with supervised fine-tuning (SFT), without applying the subsequent
VT-GRPO optimization process.

Design ablations. As shown in Table 4, EDTC reduces the average
frame count from 13.0 to 10.5 while improving all metrics over

Table 5: Downstream navigation performance on R2R-CE
Val Unseen with a frozen CorrectNav follower.

Instruction Source SRT OSRT SPLT NE|

Human Annotations
Official instruction 61.6 67.2 533 453

Proprietary models

Qwen3.5-Plus 48.6 61.8 39.0 5.70
GPT-5.4 35.9 51.4 286  6.14
Gemini-3.1-Pro-Preview 48.5 56.4 39.9 5.59
xAI Grok 4 45.2 63.9 333 615
Claude Opus 4.6 21.7 48.8 15.2 9.56
Open-source models
Qwen3.5-397B-A17B 45.2 63.9 333 6.15
Kimi-K2.5 43.9 58.6 336 649
LLaVA-Video-7B-Qwen2 30.2 44.8 24.3 7.91
Qwen3-VL-8B-Instruct 334 46.8 25.9 7.09
Qwen3.5-9B 36.2 45.2 29.1 6.82
GLM-4.1V-9B-Thinking 31.1 429 24.4 7.37
GLM-4.6V 29.9 40.6 240 7.11
Ours
VTInstructor 63.3  70.0 52.7 447

stride-4 sampling, confirming that event-driven selection retains
more informative keyframes. Injecting VITMod at a single early layer
(layer 7) outperforms distributing it across layers 7/15/23 (BLEU-4
0.300 vs. 0.295), as subsequent ViT layers can jointly refine the fused
representation without redundant modulation. Gated patchwise
projection outperforms cross-attention injection (BLEU-4 0.300 vs.
0.295), preserving spatial locality of VTP cues that cross-attention
would dilute. Finally, VT-GRPO improves over pure GRPO (BLEU-
4 0.314—0.320, SPICE 0.240—0.245), demonstrating that the gate
contrastive reward yields more spatially grounded instructions.
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Table 6: CorrectNav (LLaVA-Video-7B backbone) trained un-
der two augmentation settings on R2R-CE Val Unseen.

Set. Training Data SRT OSRT SPLT NE|

A R2R-CE + RxR-CE (human) 045 052 044 6.20
B Setting A + VTInstructor-generated 048 0.54 046 5.85

Table 7: CorrectNav (LLaVA-Video-7B backbone) trained un-
der two augmentation settings on RxR-CE Val Unseen.

SRT OSRT SPLT NE|

A R2R-CE + RxR-CE (human) 041 051 039 834
B Setting A + VTInstructor-generated 0.44 053 041 7.74

Set. Training Data

Table 8: Human evaluation on real-world navigation videos
(1-5 scale, mean=std over 3 annotators).

Method Action Landmark Direction Follow.
GPT-5.4 2.65+0.08 3.55%0.06 2.53£0.10 2.29+0.06
Qwen3-VL-8B 2.63£0.12 3.65+0.09 2.67+0.05 2.49+0.08

VTInstructor 4.38£0.05 4.21+0.05 4.25+0.12 4.35 +0.04

4.5 Downstream Navigation Success Rate
NLG scores measure lexical similarity to reference instructions
but do not directly reflect navigational utility. To bridge this gap,
we sample all trajectories from R2R-CE Val Unseen, generate in-
structions with each model under the same prompt, and feed the
resulting instructions to a frozen CorrectNav [23] follower. Table 5
reports navigation performance under each instruction source.
VTlnstructor-generated instructions achieve SR of 63.3 and NE
of 4.47 m, surpassing even human-written instructions (SR 61.6, NE
4.53 m) and closely matching their SPL (52.7 vs. 53.3). Among base-
lines, the best proprietary model Qwen3.5-Plus reaches only SR 48.6,
lagging VTInstructor by nearly 15 percentage points. Open-source
VLMs perform substantially worse (SR 29.9-36.2), and Claude Opus
4.6 obtains the lowest SR of 21.7. These results confirm that NLG
metrics and downstream navigation performance are positively
correlated, and that VTInstructor’s spatially grounded instructions
translate directly into improved follower behaviour.

4.6 Training Gain from Generated Data
We further assess whether VTInstructor-generated instructions
provide greater training benefit than instructions from compet-
ing generators. A CorrectNav [23] follower (LLaVA-Video-7B [25]
backbone) is trained from scratch under three data settings and
evaluated on R2R-CE Val Unseen (Table 6) and RxR-CE Val Unseen
(Table 7). Setting A uses only the original human-annotated R2R-CE
and RxR-CE training data. Setting B augments Setting A with 20K
instructions generated by our proposed VTInstructor from Table 5.
Compared to the human-only baseline (Setting A), Setting B
improves SR from 0.45 to 0.48 (+3,pp) and reduces NE from 6.20 m
to 5.85m (—0.35 m) on R2R-CE Val Unseen, while also improving
SR from 0.41 to 0.44 (+3,pp) and reducing NE from 8.34m to 7.74m
(—0.60 m) on RxR-CE Val Unseen, demonstrating that VTInstructor-
generated data provides meaningful training augmentation for
downstream navigation agents.

4.7 Human Evaluation on Real-World

Navigation Videos
Automatic NLG metrics capture lexical overlap with reference in-
structions but cannot assess whether a generated instruction would

Anon.

actually guide a human follower in the real world. To evaluate real-
world applicability, we collect 50 room-tour video clips sourced
from YouTube, capturing diverse indoor environments (offices,
corridors, and multi-room apartments) filmed from a first-person
perspective. For each clip, we first extract ego-centric frames at a
fixed interval. Taking the starting frame as the origin of the local
coordinate system, we estimate per-frame depth and camera poses
using the estimated depth together with camera parameter informa-
tion, and derive the geometric relationships between consecutive
frames. Based on these geometric cues, we apply our event-driven
compression pipeline to obtain keyframes and render VTP overlays.
VTInstructor takes the resulting keyframes with VTP overlays as
input, whereas the two strongest baselines (GPT-5.4 and Qwen3-VL-
8B-Instruct) receive only the cropped keyframes without any VTP
overlays or additional geometric annotations, and are prompted to
generate instructions from visual content alone.
Annotation protocol. Three human annotators independently
rate each generated instruction on a 1-5 scores across four dimen-
sions:
e Action: does the instruction correctly describe the sequence of
movements and turns (e.g. step count, turn type)?
e Landmark: are visually distinctive objects or regions in the
scene accurately referenced?
o Direction: does the instruction correctly convey directional cues
such as heading, turn angles, and left/right orientation?
e Followability: could a naive human follower reproduce the
route using only this instruction?
Each annotator is shown the corresponding keyframe sequence
(without VTP overlays) alongside the instruction being rated, so
scores reflect the instruction’s standalone informativeness rather
than reliance on the overlay visualisation. Final scores are the mean
across annotators.

Table 8 shows that VTInstructor achieves the highest scores
on all four dimensions. The largest gains over baselines to ap-
pear on Action and Direction, as the VTP overlay provides explicit
movement-sequence and turn-angle cues that general-purpose mod-
els lack. Landmark scores are closer across methods, since large
VLMs already possess strong visual recognition for common indoor
objects. The Followability dimension, which integrates all aspects
into a holistic judgement, can show the clearest overall improve-
ment, confirming that spatially grounded instructions translate
to practical navigational utility beyond what automatic metrics
capture.

5 Limitations and Future Work

The VT-GRPO reward is composed entirely of automatic NLG met-
rics computed against reference instructions. While this avoids the
prohibitive cost of running a navigation follower in the loop, it
means the policy is not directly optimised for navigational success
rate. Future work could incorporate sparse follower feedback (e.g.,
success/failure signals from a lightweight frozen follower evaluated
on a small trajectory buffer) as an additional reward term, more
directly bridging instruction quality and downstream navigation
performance.
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