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Abstract

Vision-and-language navigation (VLN) requires models to
connect route instructions with visual observations when se-
lecting actions, but standard navigation metrics do not reveal
which visual evidence supports those actions. We introduce
LANDMARKVLN, a 7,228-sample evaluation dataset con-
structed from VLN benchmarks. Each sample contains a
navigation instruction, a singular landmark phrase, current
and historical observations, same-instance landmark masks,
and local reference actions. Using LANDMARKVLN, we
audit eight released navigation VLA models with two com-
plementary analyses. First, attribution-based vision-action
(VxA) analysis measures whether visual attribution local-
izes the named landmark and whether such localization is
more frequent for acceptable local actions. Our results
here show that only two of 60 VxA evaluations support a
positive vision-action association. Second, matched visual
intervention compares the output change caused by editing
the landmark region with that caused by applying the same
edit to a comparable non-landmark region. To distinguish
landmark-specific effects from general visual responsiveness,
we also apply a full-frame edit that removes image struc-
ture from all observations in the evaluated temporal scope.
Results here on all 23 configurations show a positive mean
response to the full-frame edit, but only six support a larger
response to the landmark than to the matched control. These
results show that acceptable local actions and broad visual
sensitivity are not, by themselves, reliable evidence that ex-
isting navigation VLA models actually rely on the instructed
landmarks. Code and reproducibility materials are provided
in an anonymous repository.

1. Introduction

Vision-and-language navigation (VLN) asks an embodied
agent to follow a natural-language route instruction using
a stream of egocentric observations [2, 21, 23]. Given an
instruction such as walk past the sofa, turn left at the pi-

ano, and stop beside the round table, the named landmarks
connect successive language segments to visual evidence
along the route. Following the route requires the agent to
understand the instruction and its landmarks, match those
landmarks to changing observations, and produce the corre-
sponding navigation actions.

Recent navigation vision-language-action (VLA) models
adapt pretrained vision-language models to generate discrete
or continuous actions [32, 39]. Standard metrics such as suc-
cess rate (SR) and nDTW measure navigation performances
[2, 18]. However, an acceptable local action can also arise
from recurring route patterns or language regularities in the
benchmark, without locating or interpreting the named land-
mark. Such shortcut-based success does not ensure reliable
action selection at decision points where the instructed land-
mark is needed to distinguish among otherwise plausible
actions. Standard navigation metrics therefore do not char-
acterize landmark-vision alignment, and prior VLN works
have not directly tested instructed-landmark localization or
landmark-specific output sensitivity.

Evaluating this alignment requires a common unit that
connects language, visual evidence, and local behaviour.
Navigation also introduces a temporal requirement because
a landmark may be visible now or may have appeared earlier
along the route. We construct LANDMARKVLN from two
VLN benchmarks, R2R and RxR, for analysis. Each of its
7,228 samples links a navigation instruction and a singular
landmark phrase with current and historical observations,
temporally aligned masks of the same physical landmark,
and local reference actions.

With this dataset, we audit each model from two an-
gles. First, attribution-based vision-action (VxA) analysis
computes a visual attribution map and measures whether
it localizes the landmark named in the instruction. It sep-
arately compares the predicted local actions with the ref-
erence actions, then asks whether landmark localization is
more frequent when those actions are acceptable. As a sec-
ond analysis, matched visual intervention complements VXA
analysis with controlled input edits. A full-frame edit mea-
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Instruction: Turn slight left and move towards the black chair.
Landmark: black chair

Correct action v/
Wrong focus X

Correct action v/
Correct focus v/

Landmark edit changes more v/

| g

Which edit moves the prediction farther from the reference action?

Landmark mask or same-shaped mask?

Both edits change similarly ?

e e | e

Figure 1. Left: The observation is overlaid with the model’s attention heatmap, predicted action in red, and reference action in black. Both
predictions are correct, but the right heatmap fails to focus on the landmark. Right: We apply per-channel mean edits separately to the
landmark mask in cyan and a same-shaped mask in magenta, then compare how far each edited prediction moves from the reference action.
A larger change under the landmark edit indicates landmark-specific sensitivity. Similar changes give an inconclusive comparison.

sures whether the model responds to visual changes in the
selected temporal scope. The matched comparison then asks
whether editing the landmark changes the model’s output
more than applying the same edit to a same-shaped region
elsewhere in the image, measuring landmark-specific out-
put sensitivity. We also compare the two analyses to ask
whether stronger landmark attribution accompanies a larger
landmark-specific intervention response. These two views
follow existing visual-explanation research [27, 29, 37].

We apply the audit to eight released navigation VLA mod-
els: OneVLA [41], InternVLA-N1 [33], OmniVLA [12],
Uni-NaVid [40], FantasyVLN [42], StreamVLN [32], VA-
MOS [6], and TIC-VLA [17]. They span current-only and
history-aware visual inputs as well as discrete and continu-
ous navigation outputs. The VXA analysis supports a positive
association between landmark localization and acceptable ac-
tions in two of 60 panels. Full-frame edits produce a positive
mean response in all 23 configurations, whereas matched
interventions support a larger response to the landmark than
to its matched control in only six.

Our contributions are:

* We introduce LANDMARKVLN, a 7,228-sample evalua-
tion dataset that links navigation instructions and singular
landmark phrases to current and historical observations,
aligned same-instance masks, and local reference actions.

* We develop an audit framework that reports local action
agreement, landmark localization, and landmark-specific
output sensitivity.

* We evaluate eight released navigation VLA models on the
same samples and show that binary localization rarely
tracks acceptable actions, and landmark-specific sensi-
tivity is supported in only a subset of configurations.

2. Related Work

VLN tasks and evaluation. R2R [2] introduced route fol-
lowing in Matterport environments, RxR [23] expanded the

language and route diversity, and VLN-CE replaced graph
teleportation with continuous low-level control [14, 15, 21,
22, 30]. Standard metrics such as success rate (SR) and
nDTW measure navigation behaviour [2, 18, 20], but they
do not reveal whether an action uses the landmarks.

Navigation VLA models. Navigation VLAs adapt pre-
trained vision-language models through post-training on nav-
igation instruction-observation-action data. Recent systems
report strong SR across VLN benchmarks [6, 9, 12, 32, 38—
40]. However, none of them evaluate whether the model
connects the observations to the corresponding landmark.

Grounding and intervention tests in VQA. VQA rou-
tinely evaluates localization by comparing attention or
gradient-based importance with human-annotated visual evi-
dence [10, 27, 29, 36, 37]. Complementary intervention tests
retain or mask selected visual regions and measure whether
the answer is preserved or changes [8, 27, 37]. Localization
and intervention thus provide two established views of vi-
sual reliance in VQA. Our VXA and matched intervention
analyses adapt this template to sequential navigation actions,
temporal scopes, and landmark masks tracked across time.

3. Constructing LANDMARKVLN

Both analyses require a common evaluation unit that con-
nects one named landmark to local behaviour and visual
evidence. We therefore construct each LANDMARKVLN
sample by pairing a navigation instruction and singular land-
mark phrase with a current RGB observation, its recent ob-
servation history, temporally aligned masks of the same
physical landmark, and a local expert-action horizon.

As the starting pool, we use the continuous-environment
releases of R2R and RxR [2, 21, 23], restricting RxR to
English. FGR2R and Landmark-RxR provide the fine-
grained route supervision for an initial filtering and align-
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Table 1. Construction scale by stage. The text-only stage selects
singular physical intervention targets. The current-view stage ver-
ifies visible, unique, and geometrically usable grounding. The
temporal stage resolves visibility across history and verifies the
same-instance identity through time. The table reports each stage
in its appropriate unit. Pairing the 118,706 text-selected identities
with a few candidate frames each produces the 350,660 candidate-
frame pairs used by the current-view stage.

Stage Input Output

Text only 39,356 English in- 118,706 singular can-
structions; 374,270  didate identities
route-local mentions

Image-text, 350,660 candidate- 19,742 current-

current frame pairs grounded identities

Image-text, 19,742 current- 7,228  intervention-

temporal grounded identities ready samples

ment pass [1 1, 13]. FGR2R aligns R2R sub-instructions with
reference subpaths, while Landmark-RxR provides aligned
sub-instruction-subtrajectory units and route-critical points
and headings for RxR.

From this aligned base, we construct LANDMARKVLN
in three stages. Text only selects phrases that can denote one
physical intervention target. Image-text, current establishes
that this target is present, unique, and geometrically usable
in the current observation. Image-text, temporal resolves
landmark visibility in every history frame, requires at least
one historical localization, and verifies the same-instance
identity through time. It then yields samples for analysis.
Table | summarizes the scale at each stage.

3.1. Text-only selection

The text-only stage screens landmark mentions in the nav-
igation instructions to retain phrases that can denote one
physical object instance and thus serve as candidate inter-
vention targets. It relies exclusively on the instruction text,
without consulting RGB observations. The rules below reject
invalid or unacceptable landmark phrases.

Object instance rather than region or surface. The
round table is retained, whereas the kitchen, the left side
of the room, and the floor are rejected. These phrases de-
scribe regions or surfaces rather than localized objects.

One resolvable object instance. A candidate phrase must
resolve from the instruction text to exactly one physical
object instance, and it can fail this requirement in three ways.
First, an instruction such as Walk past the chair or the table
and enter the hallway leaves two alternative referents, i.e.,
the chair or the table. Second, the chair is rejected when
multiple chair mentions in the instruction remain possible
referents and no linguistic cue selects one. Third, explicit

Datasets Track. | CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

counts and plurals, such as two lamps and the chairs, denote
multiple instances and are rejected.

Represented versus representing object. For example,
in Walk past the picture of a boat and turn left, the physical
scene object is the picture, not the depicted boat. The referent
is therefore assigned to the picture, since the depicted boat
has no corresponding 3-D scene instance to mask.

3.2. Current-View Landmark Grounding

The text stage yields a route-local sub-instruction and a
singular landmark phrase, but not its visual evidence. The
goal here is to determine whether the landmark is visible
and uniquely identifiable in the corresponding current RGB
observation and, if so, to obtain its landmark mask.

Progressive open-vocabulary grounding. We progres-
sively convert each landmark phrase into a mask through can-
didate generation, semantic verification, and geometric verifi-
cation. Candidate generation. SAM3 [5] is a text-prompted
segmenter that produces open-vocabulary masks conditioned
on the landmark phrase. In parallel, YOLOE [31] is an open-
vocabulary detector and segmenter that we run with a fixed,
prompt-free vocabulary, so that its object inventory is inde-
pendent of the target phrase. For the black chair, SAM3 may
propose a chair-shaped mask while YOLOE independently
lists the visible objects. Their outputs form the candidate set
passed to semantic verification. Semantic verification. We
then combine the YOLOE inventory with Florence-2 [35],
a vision-language model used for prompt-free object detec-
tion and region description, and Qwen2.5-VL [4], a multi-
modal language model used to assess target presence and
enumerate visible objects. For the same black-chair exam-
ple, Florence-2 describes the proposed region as a chair
and Qwen2.5-VL reports one visible black chair. This al-
lows the same SAM3 candidate to proceed. A candidate
is rejected when the target is unsupported or its correspon-
dence is ambiguous. Geometric verification. Semantic sur-
vivors are finally checked using GroundingDINO [24] and
OWLV2 [25], two text-conditioned open-vocabulary detec-
tors that independently localize the landmark with bounding
boxes. SAM2.1 [26], a class-agnostic promptable segmenter,
converts these boxes into masks. The resulting masks must
identify the same object as the SAM3 proposal. Otherwise,
the candidate is rejected. The corroborated SAM3 proposal
becomes the final landmark mask.

Visual uniqueness. If a frame contains several chairs and
the phrase does not determine which one is route-relevant,
the pair is rejected. A chair is retained only when one indi-
vidual can be isolated in the current frame.
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Table 2. Native action spaces of the evaluated navigation VLA
models. Discrete outputs are FORWARD, LEFT 15, RIGHT 15,
or STOP. For continuous outputs, N x D denotes N waypoints
with D coordinates each.

Model Venue / year  Action type and horizon

Uni-NaVid [40] RSS 2025 Discrete, < 4 steps

VAMOS [6] arXiv 2025 Continuous, 5x2 waypoints

OmniVLA [12] ICRA 2026  Continuous, 8x4 waypoints

StreamVLN [32] ICRA 2026 Discrete, 4 steps

InternVLA-NI1 [33] ICLR 2026 Discrete, < 4 steps; Con-
tinuous, 33 X 2 waypoints

FantasyVLN [42] CVPR 2026  Discrete, < 5 steps

TIC-VLA [17] ICML 2026  Continuous, 30 X 2 way-
points

OneVLA [41] arXiv 2026 Discrete, 5 steps

(a)A=1 (b)A=0 (c)v=1 (d)v=0

Figure 2. Operational examples of A and V. Panels (a,b) show two
discrete action-diagnostic outcomes, and panels (c,d) show the two
visual-localization outcomes. Dashed black trajectories are expert
references, colored trajectories are model predictions, and E/P list
the corresponding actions. Cyan outlines mark target landmarks.
Heatmap intensity is normalized within each panel.

3.3. Temporal Landmark Verification

Current-view grounding establishes that a landmark is vis-
ible at the decision frame, but some history-based models
also require reliable evidence about its earlier visibility and
identity. These baselines use four history observations in
addition to the current observation, so each candidate must
provide a complete five-observation sequence. Of the 19,742
current-grounded identities, 17,813 satisfy this requirement.

We reuse the current-view grounding models to assess
each history frame. A frame is resolved when their evi-
dence either yields a reliable landmark localization or con-
sistently indicates that the landmark is not visible. Oth-
erwise, it is unresolved. We retain only sequences in
which all four history frames are resolved and the land-
mark is localized in at least one of them. For localized
frames, GroundingDINO and OWLv2 independently pro-
duce phrase-conditioned boxes, which SAM2.1 converts into
masks; inconsistent localizations are rejected. SAM2.1 is
then initialized with the verified current-frame mask and
run backward through the history to reject identity switches
between similar objects. A human audit of 100 samples is
provided in Supplementary Sec. S2.3.

Datasets Track. | CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

4. Alignment Analysis

The final dataset contains 7,228 landmark-grounded instruc-
tion samples. Each sample contains one instruction and its
target landmark with the current observation and four history
observations. With this dataset, we audit VLA models from
two angles: attribution-based vision-action (VxA) analysis
(Sec. 4.2) and matched visual intervention (Sec. 4.3).

4.1. Temporal scopes

The models’ visual inputs determine which observations
are available for analysis. OneVLA, InternVLA-N1, Uni-
NaVid, Fantasy VLN, StreamVLN, and TIC-VLA consume
both current and historical visual observations, so we analyze
their current (C), memory (M), and joint current-memory
(CM) scopes. OmniVLA and VAMOS depend only on the
current frame, so only C is analyzed. Table 2 describes the
action spaces of the models.

4.2. Attribution-based vision-action analysis

Action variable. The binary action diagnostic A evaluates
whether a model’s predicted actions agree with or are accept-
ably close to the reference actions. If one calls STOP and the
other does not, we set A = 0. We first convert every model
output into discrete navigation actions. We then compare the
prediction with the reference based on the resulting position,
heading, action order, and collisions. For VAMOS and TIC-
VLA, we quantize the first predicted waypoint and compare
it with the referenced action. We set A = 1 when the predic-
tion satisfies the acceptance criterion and A = 0 otherwise.
Figure 2(a,b) shows two examples. Supplementary Sec. S3
provides detailed calculations and thresholds.

Visual variable. The binary visual diagnostic V" evaluates
whether the model’s visual attribution is localized on the
target landmark. For the current scope, following region-
mass localization metrics [3], we sum attribution mass inside
the current target mask. For the memory and joint scopes, we
sum attribution mass inside the corresponding target masks
across the active frames. We set V' = 1 when the target
mass meets the localization criterion and V' = 0 otherwise.
Figure 2(c,d) shows the two visual outcomes. Supplementary
Sec. S3.3 provides calculations and thresholds.

VxA outcome. Together, V and A define four outcomes.
(V, A) = (1,1) combines an acceptable action with localized
landmark attribution. (0, 1) is an acceptable action without
detected landmark localization. (1,0) combines an action-
diagnostic failure with localized landmark attribution. (0, 0)
means that both diagnostics are negative.

Attribution estimators. We evaluate attention, gradient,
and attentionx gradient for visual attribution. For each
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model, s is a differentiable scalar derived from its predicted
navigation output. Supplementary Table S5 gives the ex-
act definition of s. Let ay 4, denote the attention from
action-related query g to visual token v at layer ¢ and head h.
Attention aggregates how strongly the action-related queries
attend to that token [19, 34]. Gradient aggregates the abso-
lute sensitivity of s to the same attention probabilities [28].
A general form is

H,(v) E meany, q ag,hqv
¢

Hgraa(v) Zmeanh,q
¢

s ey

Oag,pq,v

Attentionx gradient is the product of the attention and gra-
dient signals [7]. Supplementary Sec. S3 and Table S6 give
the exact construction for every model.

Temporal operations. For C, the estimator is projected
only to the current visual-token grid and compared with the
current landmark mask. For M, it is projected to the four
history grids and compared with the corresponding masks,
with the current grid excluded. For CM, all five grids and
masks are included. Attribution is normalized over the active
visual scope. Supplementary Sec. S3 specifies the model-
specific order of aggregation and normalization.

Reported measures. We summarize marginal landmark
localization by the localization rate 7y = Pr(V = 1)
and vision-action association by the risk difference RD =
Pr(V=1]A=1)—-Pr(V =1] A = 0). The for-
mer records how often attribution localizes to the landmark,
while the latter compares this rate between A = land A = 0
predictions. Each entry in Table 3 pairs the sample estimates
71 (%) | RD. For example, 32.4|-.023 means that V = 1
occurs in 32.4% of samples overall and is 2.3 percentage
points less frequent among A = 1 than A = 0 predictions.
Trajectory-level confidence intervals (CIs) quantify the statis-
tical uncertainty in RD. The exact estimands and statistical
protocol appear in Supplementary Secs. S3.3 and S4.

4.3. Matched visual intervention analysis

Matched visual intervention measures landmark-specific out-
put sensitivity. It tests whether the model’s native navigation
output responds more to editing the instructed landmark than
to applying the same edit at another image location.

Intervention regions. The analysis uses three visual sup-
ports (Figure 3). The target mask T covers the instruction-
named landmark. The matched-control mask R is a deter-
ministic translation of the same mask to a location whose
bounding box does not overlap 7. Target and control there-
fore contain the same number and arrangement of pixels at

Datasets Track. | CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

(a) Current RGB (d) Full F

3

(b) Target T

(c) Control R

3

Figure 3. Intervention regions in the current observation. (a) Cur-
rent RGB, (b) cyan target mask 7" on the named landmark, (c)
dashed magenta same-shaped, non-overlapping control R, and (d)
full-frame support F'. In (b-d), pixels inside the indicated support
are replaced by the per-channel mean. The target and control define
the matched effect £ = DT — D&, while the full-frame condition
measures broad visual sensitivity.

different locations. Following semantic visual intervention
in VQA [1], the local edit removes the selected region by re-
placing its pixels with the per-channel mean of the unmasked
pixels in that frame [16]. Applied to 7', it removes the land-
mark. Applied to R, it changes an equally shaped region
elsewhere in the image. Target-edited and control-edited in-
puts use the same edit rule, while the clean input provides the
shared baseline. The full-frame support F' covers every pixel
in the active observation or observations. Its edit replaces
each active frame with that frame’s per-channel mean and
measures the model’s broad sensitivity to visual input in the
selected temporal scope. The matched target-control effect
uses 1" and R, while the full-frame response is reported as a
complementary visual sensitivity measure.

Temporal intervention scopes. A C intervention edits
the selected support in the current observation and keeps
the history unaltered. An M intervention edits the selected
support in all four history observations and keeps the current
RGB clean. A CM intervention applies the edit to current
and history together.

Matched landmark-specific effect. For each intervention,
we run the model on the edited input and compare its out-
put with the clean output using a model-specific response
measure d,. Depending on the model’s output format, d,,
measures a waypoint or action-vector distance, an action-
sequence distance, or the decrease in log probability assigned
to the clean prediction. Supplementary Table S5 gives the
exact measure for every model.

Let f,(X;) denote model p’s clean navigation output for
sample ¢. For temporal scope s € {C, M, CM} and support
Q € {T, R}, define

DEP) = 4, (£, (X0, [o(T(Xi, Qis))s (2
Bl =D} DI (3)

The effect Ei(ps) compares the response to editing the land-
mark with the response to editing its matched control. We
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report the mean Eg” ) over eligible samples. A positive mean

indicates greater sensitivity to the landmark than to the con-
trol. Table 4 reports these means, and Supplementary Ta-
ble S9 provides their intervals and statistical tests.

Attribution-intervention agreement. For this compari-
son, we use attention x gradient and define the continuous
attribution score Am as the target attribution mass minus
the mean mass over the translated spatial controls used by V.
Within each model, we compute the Spearman correlation
between Am and the matched target-control effect £ over
jointly valid samples. This asks whether samples with a
stronger attribution preference for the landmark also show a
larger landmark-specific output response.

5. Evaluation Design

Analysis grid. We evaluate all eight models on the same
7,228 samples. Their available visual inputs define 20 model-
scope combinations. The six temporal models contribute
C, M, and CM, while the two current-only models con-
tribute C. For VXA, every combination uses the landmark-
bearing local instruction segment with attention, gradient,
and attention x gradient, giving 60 panels. We report local-
ization rates and risk differences for all 60 panels.

The matched intervention analysis keeps the full instruc-
tion fixed and uses the same 20 model-scope combinations.
InternVLA-NT1 exposes continuous and discrete response
branches, which are evaluated separately. This produces 23
model-branch-scope estimates.

Metrics. We report results for VXA risk differences, mean
target-control effects, and attribution-intervention Spearman
correlations. Details are provided in Supplementary Sec. S4.

6. Results

The results answer three linked questions. Q1: Does land-
mark localization occur more often when a model produces
an acceptable action? Q2: Does a model respond more to
editing the instructed landmark than to editing a matched
control? Q3: Do continuous attribution and intervention
response vary together across samples?

6.1. Attribution-Based Vision-Action Analysis

Landmark localization rarely identifies acceptable ac-
tions. Landmark localization occurs frequently in several
configurations, but evidence that it occurs more often for
acceptable than unacceptable actions is rare. Across the 60
model-method panels, localization rates range from 11.4% to
65.4%. These rates describe how often attribution localizes
the instructed landmark across all samples. The risk differ-
ence then compares localization rates between acceptable
and unacceptable actions. The 60 differences range from
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Table 3. Landmark-localization rate and vision-action association
for attention, gradient, and attention X gradient using the landmark
segment. Each cell reports 7y (%) and RD, separated by |. Dashes
indicate scopes that are not applicable. Statistical intervals and
adjusted tests for all panels appear in Supplementary Table S7.

Model Estimator C M CM
Attention 42.5|-.008 45.4|+.024 47.6 | +.009
OneVLA Gradient 28.8(-.038 21.5|+.008 25.3|-.012
Attention X gradient 32.4 | -.023 25.3|-.002 29.1 |-.023
Attention 56.0 | +.004 52.3|-.012 57.3|-.006
InternVLA-N1 Gradient 49.9(-.018 64.2]-.008 65.4|-.018
Attention X gradient 56.2 | +.004 52.2 | -.011 57.5|-.008
Attention 51.7|+.026 - -
OmniVLA Gradient 13.8]-.020 - -
Attention X gradient 51.4 | +.021 - -
Attention 54.8|-.034 47.1-.039 54.7|-.035
Uni-NaVid  Gradient 39.6 | +.016 34.4 | +.014 40.3 | +.009
Attention X gradient 55.1 | -.029 47.7|-.030 54.8 |-.033
Attention 56.5|-.005 54.6 |+.003 58.8 | -.0002
FantasyVLN  Gradient 35.8|+.024 49.2 | +.009 50.6 | +.017
Attention X gradient 53.1|-.023 50.9|-.032 55.3|-.019
Attention 40.2 | +.015 45.5 | +.010 45.4 | +.006
StreamVLN  Gradient 38.9|+.046 55.4 | +.027 56.0 | +.041
Attention X gradient 40.0 | +.017 44.3 | +.007 44.7 | +.001
Attention 28.6 | +.006 - -
VAMOS Gradient 21.1 | +.006 - -
Attention X gradient 30.8 | -.006 - -
Attention 14.7 | +.004 52.4|-.049 19.7|-.009
TIC-VLA Gradient 12.4]+.003 41.9|-.028 18.5|-.010
Attention X gradient 11.4 | +.008 38.2 | -.022 13.4|-.002

-.049 to +.046, with 28 positive and 32 negative values. After
model-wise Holm correction, two of the 28 positive differ-
ences are supported: StreamVLN gradient in C and CM.
The remaining 26 do not pass the adjusted Fisher test. This
leaves 2 of 60 panels with reliable evidence that landmark
localization is more common for acceptable actions. Fre-
quent landmark localization therefore rarely translates
into a supported relationship with action acceptability.

Different attribution methods give different VxA pat-
terns. The three ways of computing attribution do not
always give the same relationship between landmark local-
ization and action acceptability for a fixed model and visual
scope. For Uni-NaVid, gradient gives positive values in C,
M, and CM, while attention and attention x gradient give
negative values. StreamVLN gives positive values under
all three methods and in all three scopes, with the largest
values under gradient: +.046 in C, +.027 in M, and +.041 in
CM. The attribution calculation therefore changes both the
direction and size of the measured relationship.

6.2. Matched Visual Intervention Analysis

The matched intervention analysis asks whether a model
responds more to editing the instruction-named landmark
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Current-scope VxA case: "turn slight left and move towards the black chair"

InternVLA-N1
A=1 Vc=1

StreamVLN
A=1 V=0

FantasyVLN
A=1 V=0

Uni-NaVid

TICVLA
A=1 V=0

Figure 4. VXA case study for turn slight left and move towards the black chair. Panels overlay current-scope attention x gradient attribution.
Cyan outlines the target. Labels give the action diagnostic A and localization decision V. Together, the panels show all four combinations
of the two diagnostics. Heatmaps are normalized independently within each model.

Table 4. Mean matched target-control response F for the full
dataset. Positive values indicate a larger response to the target edit.
Negative values indicate a larger response to the matched control.
Complete intervals appear in Supplementary Tables S5 and SO.

Model C M CM

OneVLA -0197  +.0176  -.0946
InternVLA-NI (cont.) +.00181 +.00595 +.00938

InternVLA-NI (disc.)  -.0131  -.0234  -.0369
OmniVLA +.00191 - -
Uni-NaVid +.0100  -.0164  -.0050
FantasyVLN -0373  +.1068  -.5450
StreamVLN -.0654  -.0041  -.0784
VAMOS +.00279 - -
TIC-VLA -.00454 +.01075 +.00971

than to editing its matched control.

Matched edits isolate landmark-specific response. The
matched comparison asks whether editing the landmark pro-
duces a larger influence on response than applying the same
edit to an equally shaped control region. In Table 4, positive
values favor the target and negative values favor the control.
Of the 23 mean target-control effects, six support a larger
response to the landmark after Holm correction within each
native output family. The six supported target-favored effects
are OneVLA M (+.0176), InternVLA-N1 continuous CM
(+.00938), OmniVLA C (+.00191), VAMOS C (+.00279),
and TIC-VLA M (+.01075) and CM (+.00971). The central
intervention result is that supported landmark-specific
response appears in only 6 of 23 configurations.

6.3. Case Study

The case study shows how the same diagnostics separate
within individual instructions and observations.

All four VXA outcomes in one observation. Figure 4
holds the black-chair instruction and current observation
fixed while comparing the eight models. For each panel, the
cyan outline and attribution map determine V¢, while the la-
bel reports A. InternVLA-N1 produces an acceptable action
and localizes the chair. Uni-NaVid localizes the chair but
fails the action diagnostic. VAMOS fails both diagnostics.
The other five models produce acceptable actions without
passing the localization diagnostic. This observation there-
fore realizes all four action-localization outcomes and makes
both directions of the VXA mismatch concrete.

Joint diagnostic profiles. Figure 5 adds the sample-level
sign of the matched current-scope effect to the two VXA
diagnostics. The three rows under each image show how A,
Vo, and E¢ > 0 divide the eight models. The round-table
and chair cases both show high localization with split action
outcomes. All eight models localize the round table and
seven localize the chair, while four produce acceptable ac-
tions in each case. The piano separates these two diagnostics
from intervention response: seven models pass A and six
pass Vi, while only three have Ec > 0. The lamp gives the
complementary profile: only one model passes V¢, while
five pass A and five have Ec > 0. These selected cases
provide qualitative examples of diagnostic separation. Ta-
bles 3 and 4 provide the aggregate frequency and statistical
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Case-level diagnostic profiles across navigation VLA models

(a) Round table: Localization agreement
A=4/8, V_C=8/8, E_C>0=6/8

Ec>0

Intern omni Uni Fantasy Stream VAMOS

(c) Piano: Intervention disagreement
A=7/8, V_C=6/8, E_C>0=3/8

(b) Chair: Action disagreement
A=4/8, V_C=7/8, E_C>0=5/8

Intern omni Uni Fantasy Stream

(d) Lamp: Sparse localization
A=5/8, V_C=1/8, E_C>0=5/8

Fantasy Stream VAMOS

Intern i Fantasy Stream VAMOS

Figure 5. Case-level diagnostic profiles for four selected LANDMARKVLN samples: (a) round table, (b) chair, (c) piano, and (d) lamp.
Cyan is the instruction target and dashed magenta is the same-shaped control. Each panel reports the local action diagnostic A, the binary
current-scope attention x gradient result V, and whether Ec > 0 for all eight models. Here Ec > 0 means that the target edit produces a
larger native response than the matched control for that sample. The InternVLA-N1 column uses its discrete response branch for Ec.

Table 5. Association between continuous landmark attribution
and matched target-control response. Metrics are Spearman p.
Complete results appear in Supplementary Table S10.

Model/branch Cp Mp CMp

OneVLA 100 .105  .106
InternVLA-NI (cont.) .087 .119  .144
InternVLA-N1 (disc.) .031 .047  .073
OmniVLA 182 - -

Uni-NaVid 044 016  .057

evidence. The binary disagreements motivate the all-sample
continuous comparison in the next subsection.

6.4. Attribution-Intervention Association

The two analyses have a weak positive association.
Across the 23 configurations, Spearman correlations between
continuous landmark attribution and the matched target-
control response are all positive but small, ranging from

.016 to .182, with a median of .047 (Table 5). OmniVLA C
has the largest correlation at p = .182.

History does not consistently strengthen the association.
The correlation increases from C to CM for InternVLA-
N1 and Uni-NaVid, remains nearly constant for OneVLA
and FantasyVLN, and decreases for Stream VLN and TIC-
VLA. The weak positive association therefore appears across
models, while its variation across visual scopes is model-
dependent. Supplementary Table S10 reports sample counts
and 95% confidence intervals for every configuration.

7. Conclusion

We introduced LANDMARKVLN to audit whether naviga-
tion VLA models rely on instructed landmarks. Across eight
models, acceptable local actions and broad visual responses
were not, by themselves, reliable evidence of landmark-
specific reliance.
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