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Abstract

Existing pedestrian navigation systems often
provide direction-only instructions with lim-
ited visual confirmation at complex intersec-
tions or along long straight paths. We study
coordinate-free landmark extraction from dash-
cam image sequences. The model returns a set
of landmarks with structured attributes (e.g.,
category and description), or abstains when
visual evidence is insufficient. Although gen-
eral MLLMs can recognize street-scene objects,
they do not reliably follow expert rules for fil-
tering ambiguous candidates. Moreover, a false
landmark can mislead a pedestrian, making pre-
cision more important than exhaustive coverage
in this task. We therefore develop a progres-
sive alignment framework, supported by a land-
mark annotation and augmentation pipeline that
converts navigation experts’ selection criteria
into staged supervision signals. We further pro-
pose a hard-gated bipartite matcher for box-
free evaluation and a navigation-aware risk-
sensitive reward that penalizes false positives
more heavily than abstentions without inducing
blanket silence. On the held-out benchmark,
our model achieves 92.29% precision while
maintaining practical coverage, outperforming
strong MLLM baselines. A 30-day A/B test
with 2M users on the Amap platform further
shows that landmark-augmented instructions re-
duce departure-confirmation latency by 23.5%.
Together, these results demonstrate that risk-
aware alignment enables reliable, abstention-
capable landmark extraction for navigation.

1 Introduction

Existing pedestrian navigation systems (Wang
et al., 2022a; Yang et al., 2026) largely replicate
vehicle-oriented turn-by-turn paradigms. At com-
plex intersections and during long straight walks,
such instructions provide little visual confirma-
tion; absolute-direction commands are also counter-
intuitive and difficult to perceive in real time. For
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Figure 1: Traditional abstract navigation instructions
vs. landmark-augmented guidance system. Offline, the
model maps a dashcam image sequence to a structured
landmark prediction or an empty output (silence), and
associates the result with its road segment ID. Online, a
key—value lookup by road ID retrieves the stored land-
mark, which is combined with an instruction.

pedestrians, instructions such as “walk 50 meters
along the black fence on the right and then turn
left at the panda statue, with a distant signal tower
visible ahead” are more intuitive than abstract com-
mands like “head southeast.” Although prior works
on Navigation Instruction Generation (Chen et al.,
2019; Wang et al., 2022b; Cui et al., 2026) and
Vision-and-Language Navigation (Lin et al., 2024;
Xu et al., 2025; Tian et al., 2024) ground navi-
gation language in visual observations, they do
not directly address safety-filtered structured ex-
traction of a broader category of visually salient
non-POI entities such as large road signs. Recent
MLLMs (OpenAl et al., 2023; Gemini Team et al.,
2023; Wang et al., 2025b; Bai et al., 2025) make
end-to-end extraction feasible, yet off-the-shelf use
remains unsafe for guidance: SceneScout (Jain
et al., 2026) reports errors in roughly 28% of de-
scriptions, including plausible hallucinations.
Building a usable MLLM landmark extractor
requires addressing three coupled issues.
Navigation-grounded structured landmark ex-
traction. Although image captioning is a strong
suit of MLLMs, the core difficulty lies not in recog-
nition, but in deciding which objects are suitable
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for guidance. The model must learn navigation-
specific extraction criteria, operationalized by hu-
man navigation experts, including: (1) landmark
suitability criteria such as saliency and uniqueness;
(2) precise appearance descriptions that remain
comprehensible and concise for voice broadcasting
in noisy outdoor environments while highlighting
the core distinctive features; and (3) reliable struc-
tured attributes following unified standards (e.g.,
category and relative orientation). Furthermore,
existing street-view images are mainly sourced
from dashcams rather than pedestrian perspectives,
and this viewpoint discrepancy coupled with incon-
sistent image quality further complicates learning
such extraction criteria. This form of task-specific
alignment is difficult to obtain through prompt engi-
neering alone and requires systematic fine-tuning.

We instantiate these criteria through expert an-
notations organized into ten rejection categories
(e.g., “dynamic target,” “invisible from pedestrian
paths™) , enabling the model to explicitly learn not
only “what to predict” but also “why to reject.” We
operationalize these criteria through a landmark
annotation and augmentation pipeline that turns
expert pass/reject judgments into staged alignment
signals. Expert annotations and rejection categories
support multi-task SFT, spatio-temporal cropping
augments both positive and zero-landmark cases,
contrastive pair construction supplies DPO prefer-
ences, and GRPO uses online rollouts scored by
the matching-based risk-sensitive reward.

The resulting extractor is deployed through the
offline-to-online pipeline shown in Figure 1. Dur-
ing offline batch inference, it maps each dashcam
image sequence to an empty output or a structured
landmark prediction which is stored with road seg-
ment IDs in a key—value index. During online serv-
ing, the system retrieves the stored landmark and
combines its attributes with an instruction template.
If no landmark is available, the original direction-
only instruction is retained.

Coordinate-free evaluation. Object-detection sys-
tems rely on Intersection-over-Union (IoU) be-
tween bounding boxes for both training and evalua-
tion. However, box annotation is expensive on long
sequential dashcam frames, ill-defined for land-
marks with ambiguous boundaries (e.g., fences, dis-
tant mountains), and ill-suited to current MLLMs
whose precise spatial localization remains limited.
Text-generation metrics such as BLEU/ROUGE-
style n-gram overlap may reward fluent lexical sim-
ilarity while missing navigation-critical attribute

bindings, such as “a red building with a green roof”
vs. “a green building with a red roof.”

We therefore commit to a fully coordinate-free

formulation, in which each prediction and each
ground truth is a tuple of discrete and textual
attributes rather than a spatial region. For this
setting, we design a Hungarian-based matching
scheme (Carion et al., 2020; Zhang et al., 2023) that
fuses semantic similarity with multi-dimensional
discrete attribute scores under a cascade of hard
gates that block spatially or categorically incom-
patible pairs. The same matcher serves both offline
evaluation and GRPO reward scoring, avoiding
reward—metric mismatch.
Risk-sensitive abstention. MLLMs can halluci-
nate objects and visual attributes, including incor-
rect colors,positions, and relationships (Zhou et al.,
2024; Li et al., 2023; Huang et al., 2024). In navi-
gation, such errors—for example, a wrong color or
left/right prediction—can mislead users. In other
words, in this task false positives are far more harm-
ful than false negatives. When faced with complex
visual input, MLLMs used for landmark extraction
should not only recognize objects but also maintain
restraint—proactively avoiding high-risk targets.
As precision is more important than recall, an in-
tuitive solution is to rigidly restrict the model to
predict only a minimal number of the most reli-
able landmarks. However, attempting to force the
model to acquire this trait through traditional “imi-
tation learning” paradigms would require manually
covering a large number of long-tail scenarios and
landmark combinations, as well as setting com-
plex priority rules and various thresholds, which is
impractical in open-world scenarios.

We therefore introduce the Navigation-Aware
Risk-sensitive Reward Function (NARF) for Group
Relative Policy Optimization (GRPO) (Shao et al.,
2024): based upon the matching score, NARF pe-
nalizes false positives more strongly than absten-
tion while rewarding high-confidence correct out-
puts. After extensive rollout exploration, a risk-
averse policy emerges—the model learns to forego
marginal predictions that carry high risk in clut-
tered scenes, confidently outputting only the most
reliable landmarks, or abstaining when the evi-
dence is insufficient. For instance, the model learns
that predicting a building in densely built-up CBD
areas is highly likely to incur penalties (high risk,
low reward), whereas extracting large road signs
with textual information on arterial roads is a stable
and unambiguous choice (low risk, high reward).

31456



Our contributions are threefold:

* We design a progressive alignment framework
that converts expert landmark-selection crite-
ria into staged supervision, preference, and
reinforcement signals through landmark anno-
tation and augmentation.

* We couple a soft-hard bipartite matcher with
NARF for box-free evaluation and precision-
oriented optimization without trivial silence.

* We validate the system on a real-world street-
view benchmark and a 30-day A/B test with
approximately 2M users, showing higher pre-
cision and lower wayfinding latency.

2 Related Work

2.1 Landmarks in Pedestrian Navigation

Landmarks provide salient spatial reference points
that help pedestrians localize themselves and con-
firm orientation at decision points (Lynch, 1960;
Millonig and Schechtner, 2007; Hile et al., 2009;
Yesiltepe et al., 2021). Human-centered studies
link effective landmark guidance to salience, user
orientation skills, instruction timing, and the cog-
nitive stages of outdoor wayfinding (Roser, 2015;
Ohm et al., 2016; Golab et al., 2022; Alinaghi et al.,
2025); these findings contextualize, rather than de-
fine, our operational annotation criteria.

Navigation Instruction Generation methods in-
corporate landmarks through different forms of
supervision: Touchdown (Chen et al., 2019) pro-
vides human-authored street-navigation instruc-
tions, MARKY-MT5 (Wang et al., 2022b) and
FCA-NIG (Cui et al., 2026) use localized landmark
supervision, while Text360Nav (Nishimura et al.,
2024) provides scene captions without structured
extraction. Outdoor Vision-and-Language Navi-
gation methods (Lin et al., 2024; Xu et al., 2025;
Tian et al., 2024) leverage language, visual observa-
tions, and multimodal spatial reasoning, but do not
target safety-filtered structured attributes. Across
these lines of work, three gaps remain: (1) local-
ized supervision often depends on costly bounding
boxes ill-suited for ambiguous entities like fences
or mountains; (2) limited coverage of salient non-
POI objects; and (3) absence of an explicit absten-
tion mechanism for false-positive control.

2.2 MLLM Preference Alignment

Preference alignment has evolved from
RLHF (Ouyang et al., 2022) and offline

DPO (Rafailov et al., 2023) to critic-free policy
optimization variants (Shao et al., 2024; Yu
et al., 2025; Zheng et al., 2025; Liu et al., 2025;
Ahmadian et al., 2024). Multimodal preference
alignment and GRPO-style optimization have
recently been explored for generation, reasoning,
and safety (Liang, 2025; Xue et al., 2025; Rong
et al., 2026; Zhang et al., 2025b; Luo et al., 2025;
Yi et al., 2025), as well as navigation instruction
generation (Zhao et al., 2026); these works do not
target coordinate-free spatial prediction accuracy.
Related work also studies risk-sensitive and
multi-objective optimization (Jiang et al., 2026;
Zhang et al., 2025a; Li et al., 2025), but does not
define rewards over visual landmark matches or
navigation-specific false-positive costs.

None of these address the asymmetric risk of
navigation landmark prediction, where a false posi-
tive is far more harmful than a missed detection. A
complementary NLP line teaches models to abstain
rather than fabricate (Wen et al., 2025; Cao, 2024),
but mainly studies text-only refusal or factual QA
settings. NARF encodes silence-vs-error asymme-
try directly into a hierarchical RL objective over
coordinate-free bipartite matching, turning absten-
tion into an emergent policy for visual grounding
where wrong predictions carry navigation risk.

3 Ouwur Approach

3.1 Task Formulation

Given a temporally ordered sequence of 7' dash-
cam images Z = {I1, [o, ..., I}, the model 7y is
required to produce a structured prediction set:

mo(I) = YV = {k et o
Uk = (dk, Ck, Ok, Ok, [Sk, k)

where N > 0 is the prediction count (N = 0 de-
notes abstention), with fields: description dy, cat-
egory cg, orientation o, € {left,right, front},
distance J; € {near,far}, and visibility range
[sk,ex] C [1,T]. No bounding boxes are involved
in either annotation or prediction.

3.2 Progressive Alignment Framework

We use a multi-stage alignment framework, sup-
ported by a landmark annotation and augmentation
pipeline, to convert navigation experts’ landmark-
selection criteria into staged learning signals.
Annotation Protocol.
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Figure 2: Overview of the proposed system. (1) Data: Expert annotations with rejection taxonomy, cropping
augmentation and pseudo-CoT. (2) SFT: Multi-task training with joint pos/neg supervision. (3) DPO: Contrastive
pairs for attribute refinement. (4) GRPO: Online exploration driven by NARF with asymmetric boundaries.

The dataset was annotated by eight internal
navigation-domain experts with long-term expe-
rience. A shared guideline operationalized land-
mark suitability through saliency, uniqueness, and
concise descriptions. It contained frequent posi-
tive examples, predefined rejection categories with
three to five examples each. The team refined the
guideline and its examples through three rounds
of pilot annotation, joint review of disagreements,
and discussion of difficult cases.

Initial candidate proposals are sampled at tem-
perature 1.0 from multiple zero-shot frontier
MLLMs (Qwen3-VL and Gemini-2.5-Pro), with
later rounds using the latest SFT checkpoint as
the proposal generator. Expert annotators are in-
structed to exhaustively identify all usable land-
marks in each scene: they select, revise, and label
candidates as pass YT or reject Y~ (with a catego-
rized reason), merge duplicates, and manually add
missing salient landmarks.

This exhaustive annotation strategy mitigates the
impact of subjective selection criteria on dataset
consistency by retaining all non-violating objects
rather than cherry-picking “the best” ones. Further-
more, it simplifies evaluation: any model prediction
that fails to match either a pass or reject annota-
tion will be treated as a hallucination under this
annotation scheme. At the same time, this proto-
col yields over-complete ground-truth (GT) sets,
often containing more valid landmarks than navi-
gation needs and thus amplifying post-finetuning
over-prediction (addressed by NARF in Sec. 3.4).

Rejection reasons are consolidated into ten cat-
egories (e.g., insufficient saliency, indistinct ap-
pearance; full taxonomy in App. G), providing
supervision for SFT, contrastive signal for DPO,
and reward shaping for GRPO. Additionally, re-
jected objects participate in bipartite matching
(Sec. 3.3), distinguishing predictions matching an
expert-rejected object (FP-Rej, recorded hallucina-
tion) from those matching nothing (FP-Hal, novel
hallucination)—both harmful, but the former indi-
cates that the model has learned spurious patterns
from the annotation data itself.

Stage I: Multi-Task SFT. To avoid the model
merely memorizing input-output patterns, we de-
compose the end-to-end extraction into four aux-
iliary tasks—pass/reject classification, saliency
ranking, range prediction, and description gen-
eration—trained jointly with the primary end-to-
end task under a shared prompt (full task def-
initions in App. H). Temporal cropping further
augments data and teaches abstention: each sam-
ple with 7' > 3 frames uses a random offset
7 ~ Uniform(1,7—1) to form a suffix subse-
quence, with object ranges adjusted accordingly
(Eq. 14 in App. H); objects no longer visible after
cropping are discarded.

Zero-landmark samples come from two
sources: (i) naturally empty scenes (e.g., high-
ways, blurred images) annotated as Y+ =g, and
(ii) cropping-induced empties where all landmark-
containing frames are removed. These provide
explicit supervision for “output nothing” behavior.
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For the primary task, we prepend a syn-
thetic CoT to each target, following a fixed
discover—analyze—decide template constructed
from annotations, forcing the model to execute a
complete verification process before output.

Stage II: Multi-Dimensional DPO. We construct
seven types of contrastive preference pairs target-
ing recall completeness, rejection judgment (false
acceptance), range/orientation precision, rejection
thoroughness, false rejection, and output concise-
ness (duplicate predictions); each combines with
cropping augmentation. Full pair construction de-
tails are in App. L.

Stage I1I: Risk-Sensitive GRPO. The final stage
applies GRPO with our NARF reward (Sec. 3.4) to
encode the asymmetric cost structure, which SFT
and DPO cannot directly express.

3.3 Coordinate-Free Bipartite Matching

In object detection, predicted and GT boxes are
matched via IoU. Our task produces no spatial co-
ordinates; instead, each prediction and each ground
truth is a tuple of discrete and textual attributes. We
design a soft-hard fused matching scheme on the
Hungarian algorithm (Carion et al., 2020; Zhang
et al., 2023), serving as both (i) the offline evalua-
tion metric and (ii) the GRPO reward scoring.
Hard-Gated Cost Matrix. For each pair (;,y;),
a cascade of five hard gates blocks the pair (S;; =
—1) if any fires: (1) type mismatch (c; # c;); (2)
lateral conflict ({0;,0;} = {L,R}); (3) range dis-
joint; (4) color conflict, when both sides specify
conflicting single colors (e.g., “red shop” vs. “blue
shop™); (5) semantic floor, feem(di, d;) < T1 where
fsem 1s the reranker (Wang et al., 2025a) similarity
and 7 is a floor threshold below which the pair is
deemed unrelated. The full formal definition is in
App. E.1 (Eq. 7).

Soft Similarity Scoring. For pairs that pass all
hard gates, we compute a weighted combination of
attribute-level scores:

S(iy5) = Y wa da(fi, ;) )

acA

where A = {sem, typ, dst, g, dir, clr}, ¢sem =
fsem(di, d;) carries the largest weight (wsem=0.4)
as it subsumes color, shape, and context; ¢, = 1
(verified by hard gate); g = H[0;=0;].

Range overlap ¢mg adopts a tiered design re-
warding conservative predictions (range subsumed
by GT) over merely overlapping ones: exact match
— 1.0; pred subsumed by GT — 0.3+ 0.7p; partial

overlap — 0.1 4 0.2p; disjoint — 0, where p is the
temporal IoU (Eq. 8 in App. E). A prediction in
frames 2-3 vs. GT in 1-4 is safe, but the reverse
may reference a different object.

Orientation matching ¢g4;: encodes asymmetric
error severity: exact match — 1.0; left<»right con-
fusion — —0.2 (most dangerous, opposite side of
road); front-side confusion — 0.5 (partial credit).

The color soft score ¢ provides a mild bonus

(we1r=0.1) when both sides have exactly one single-
category, single-color mention and the colors agree;
otherwise it defaults to zero.
Optimal Assignment and Classification. We
assemble the N x M similarity matrix S, set .S;; =
—1 for blocked pairs, and solve a maximum-weight
partial assignment via the Hungarian algorithm:

0 = arg max Z ) (3
1:0(i)#2

where I allows one-to-one prediction—candidate
matches and o (i) = & for unmatched predictions.
Each prediction g; is then classified:

TP, Siori) 20 A Youpy € VT
i+ S FP-REJ,  Sjon() 20 A Ypu(iy €Y
FP-HAL, O'*('L> =J or Si,a*(i) < 0

Unmatched pass ground truths are labeled as FN.

3.4 Navigation-Aware Risk-Sensitive Reward

To further align the model with navigation-specific
risk preferences via GRPO, a straightforward ap-
proach would be to adopt a standard additive re-
ward, which linearly sums TP bonuses and FP
penalties. Such rewards encourage over-prediction:
high-quality TPs can offset FPs, which is un-
safe under the post-SFT over-prediction tendency
(Sec. 3.2). NAREF instead partitions outputs into
three quality tiers with asymmetric boundaries: FP-
free non-empty outputs are unconditionally sepa-
rated from silence and erroneous outputs, while
the silence-vs-error boundary is deliberately soft to
prevent reward hacking via blanket abstention.

3.4.1 Three-Tier Content Reward

Let M T=|Y*| denote the number of accepted GTs
and NFP the total false positives (FP-REJ + FP-
HAL) from Sec. 3.3. We partition outputs into
three mutually exclusive tiers:
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Tier 1 (FP-free predictions) sums a positive base
r1, per-TP quality scores Q. (defined below), and
a bonus 7, for predicting all pass objects. Tier 2
(silence) penalizes empty predictions with a mild
r2<0, but yields 1 when no valid landmark exists,
rewarding correct abstention. Tier 3 (any FP) starts
from a punitive base r3<ry<0, discounts any TP
quality by a<1, and caps the total reward at r;.
The strict ordering r3<re<r; together with the o
discount and ceiling jointly enforce the asymmetric
tier separation analyzed in Sec. 3.4.3.

3.4.2 Per-Prediction Quality Score

The per-TP quality Q) combines (i) a base TP re-
ward, (ii) a reranker-similarity bonus with two-
segment piecewise scaling that rewards predic-
tions exceeding a high-quality threshold more
generously, and (iii) four attribute penalties over
color, direction, distance, and range. The penalty
structure encodes navigation-specific severity: a
left<sright confusion is penalized more heavily
than a front<sside one, reflecting that lateral er-
rors are more disorienting for pedestrian wayfind-
ir}g. The Tier-3 error term decomposes as Peyr =
NEp-REy Prej + INEP-HAL Phat With |Drej|>|phal, en-
coding the navigation principle that violating an
explicit rejection criterion is more harmful than a
generic hallucination. Full forms are in App. F.

3.4.3 Asymmetric Tier Boundary Design

Hard Boundary: Tier 1 vs. Tiers 2-3. We en-
force min R((:tl ) > max Rg? ’3), so no silent or erro-
neous output can outscore a clean non-empty out-
put; GRPO’s group-relative advantage then yields

an unambiguous gradient toward FP-free outputs.

Soft Boundary: Tier 2 vs. Tier 3. In contrast,

we set 7¢ei|>T2, allowing a Tier-3 output to exceed

silence only when its TP count exceeds a critical
count obtained by equating the two tier rewards:

* ro — T3 — P, err

Nip= | ———————

b { a-Q 1

with @ the average per-TP quality estimated once

from DPO-checkpoint rollouts before GRPO. This

(6)

preserves strong risk aversion when errors dom-
inate while permitting confident predictions in
unambiguous scenes. A strict hard boundary
(reeit<ro) would instead invite blanket abstention;
we analyze this silence collapse phenomenon and
its resolution in Sec. 4.3 (Fig. 3).

3.4.4 Format and Consistency Rewards

The final GRPO reward sums the content term with
three structural terms: R = R+ Reot+ Rest+ Rets
where R is the tiered content reward of Eq. (5).
Ry validates JSON parseability and enum legal-
ity, returning a dominating negative pparse<<0 on
parse failure; R.o: grants capped bonuses for the
presence of reasoning keywords (discover, ana-
lyze, decide) in the CoT prefix; Ry penalizes mis-
matches between the number of “accept” decisions
in the CoT, the JSON object count, and the declared
proper_obj_num field.

4 Experiments

4.1 Experimental Setup

Datasets and Implementation Details We cu-
rate over 2,500 dashcam image sequences across di-
verse driving scenarios. Expert annotators provide
pass and reject annotations, with rejects grouped
into ten categories; 240 held-out sequences form
the evaluation benchmark. We evaluate Qwen3-VL-
32B/8B-Instruct (Bai et al., 2025), using LoRA (Hu
et al., 2022) (rank = 16, o =32) on all linear layers
while freezing the vision encoder and aligner. SFT
stage uses ~12.5k multi-task samples; DPO uses
~06.8k contrastive pairs; GRPO performs online
rollout on ~3.5k prompts with G=16 rollouts each.
Detailed hyperparameters are in App. A.

Metrics Predictions are evaluated coordinate-
free via bipartite matching (Sec. 3.3). Recall and
Precision measure accepted-GT recovery and pre-
diction correctness; FP-Rej / FP-Hal are the per-
prediction rates of rejection-criterion violations and
unmatched hallucinations classified by Eq. (4); Dir.
Acc / Dist. Acc report the fraction of TPs with
correct orientation and distance labels. Because
pass annotations deliberately retain all acceptable
landmarks, Recall measures redundant candidate
coverage rather than segment usability. One reli-
able landmark can be sufficient for the origin in-
struction, whereas one false landmark can mislead
a user. We therefore treat Precision and FP rates
as primary offline risk proxies and Recall as a sec-
ondary coverage metric.

31460



4.2 Main Results

Table 1 summarizes the baselines and three pro-
gressive alignment stages. All trainable rows use
Qwen3-VL-32B-Instruct; the 8B replication in
App. C follows the same trend. Closed-source base-
lines retain FP-Hal rates above 30%, while Stage-1
SFT raises Precision to 83.45% and reduces FP-Hal
to 11.82%. DPO further raises Precision to 87.58%.
GRPO with NAREF reaches 92.29% Precision with
FP-Rej at 2.48% and FP-Hal at 5.23%, while Re-
call decreases to 45.52% as the model suppresses
marginal and redundant candidates.

In addition, we estimated uncertainty using
20,000 sequence-level paired-bootstrap replicates
over the 240 held-out sequences. Final SFT ob-
tains 64.29% Recall (95% CI: 61.09-67.63) and
83.45% Precision (80.24-86.58); GRPO-NARF ob-
tains 45.52% Recall (42.14-48.91) and 92.29% Pre-
cision (88.99-95.30).

The original matcher and GRPO reward share a
frozen Jina reranker. We therefore reevaluated fixed
model predictions with GTE-rerank-v2, which was
not used in training, while leaving the hard gates
and structured scores unchanged. Without thresh-
old retuning (71/T> = 0.2/0.4), GRPO-NARF
retains the highest Precision among the models in
this sensitivity study (87.62% Precision, 50.56%
Recall). Complete results and the separately la-
beled post-hoc calibration are reported in App. B.

4.3 Ablation Studies

We ablate the progressive stages in Table 1 to vali-
date key design choices. Furthermore, to analyze
the behavioral shifts during GRPO, we track cus-
tom rollout metrics—specifically the ratio of roll-
outs falling into different Tier classifications and
the average number of predicted objects—to re-
veal the mechanics behind reward hacking and our
risk-averse regularization.

Stage-1 SFT: Data Enrichment Ablation We
progressively enrich the SFT data to isolate each de-
sign choice. Starting from basic pass-only annota-
tions (Base SFT: Prec. 79%, FP-Rej 5.2%), adding
rejection labels and pseudo-CoT temporarily de-
grades Precision to 75% and raises FP-Rej to 8.5%,
indicating short-term over-prediction. Multi-task
scaffolding recovers Precision to 82% and reduces
FP-Hal to 10.5%, while final augmentation further
suppresses FP-Rej to 4.7%. This non-monotonic
trajectory reveals that rejection awareness must be
paired with multi-task regularization.

Table 1: Main results on Qwen3-VL-32B. External
APIs/larger models are baselines; all values are per-
centages. Full metrics and 8B replication are in App. C.

Model / Stage Recall Prec. FP-Rej FP-Hal

Commercial APIs & Base Models

GPT-5.2 34.17 5728 6.10 36.62
GPT-5.4 2745 56.16 4.58 39.26
Gemini 3 Flash 38.24 5723 482 3795
Gemini 3.1 Pro 3529 61.61 3.67 3472
Qwen3.5-Plus 31.79 6341 587 30.73
Qwen3-VL-235B-A22B 30.81 62.50 5.11  32.39
Qwen3-VL-32B (Base) 31.09 49.55 759 42.86
Stage-I: SFT Ablation
Base SFT (No Rej/CoT) 57.56 79.04 5.19 15.77
+ Reject & Pseudo-CoT 62.04 7521 849 16.30
+ Multi-task Learning 6541 8193 7.54 10.53
Final SFT (+ Crop Aug) 64.29 83.45 4.73 11.82
Stage-II: DPO Refinement
DPO w/o Aug 60.15 85.12 4.05 10.83
Final DPO (+ Crop Aug) 58.26 87.58 3.37 9.05
Stage-III: GRPO Alignment
GRPO (Linear) 54.30 86.20 4.10 9.70
GRPO (Hard Bnd.) 1245 96.80 1.10 2.10
GRPO (NARF) 45.52 92.29 248 5.23

Divergent Error Dynamics: Recorded vs. Novel
Hallucinations An interesting pattern emerges
from the SFT ablation: while FP-Hal drops sharply
from 42.86% to 15.77% after basic SFT, FP-Rej
exhibits a non-monotonic trajectory—initially de-
creasing to 5.19%, then rebounding to 8.49% when
rejection labels and pseudo-CoT are introduced.

We hypothesize that SFT’s maximum-likelihood
objective cannot explicitly push the model away
from rejection patterns—it teaches what to output,
not what to avoid. Consequently, the model may
inadvertently overfit to the rejection descriptions
themselves, learning spurious associations (e.g.,
“this scene contains a coffee shop”’) without inter-
nalizing the critical distinction (“‘green-signed is
wrong”). This limitation motivates the contrastive
and reinforcement stages: DPO explicitly contrasts
chosen vs. rejected outputs, while GRPO’s reward
function penalizes any false positive, teaching the
model to abstain when uncertain.

Preference Augmentation in DPO Removing
cropped augmentation (“DPO w/o Aug”) hurts Pre-
cision (88%—85%) and increases FP-Hal, suggest-
ing that synthesizing plausible negative responses
for explicit contrast sharpens discriminative bound-
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Figure 3: Training dynamics under three reward formu-
lations (8B model; 32B exhibits consistent trends).

aries without additional labeling.

GRPO Reward Design: From Over-Prediction
to Calibrated Risk Aversion SFT+DPO check-
points exhibit an over-prediction bias: near-zero
Tier-2 ratios, high predicted object counts (~2.2),
and elevated FP rates (Avg FP-Hal ~ 0.65). SFT
and DPO teach the model what to predict but fail to
teach when not to predict, motivating GRPO reward
shaping. We compare three reward formulations.

Linear GRPO adds TP bonuses and FP penal-
ties, enabling a “gambling” policy. As shown in
Fig. 3(a-b), avg_pred_obj remains persistently
high (~2.0 throughout training) and Tier-3 ratio
declines slowly. The effective per-prediction ac-
curacy is only ~70% (Avg TP ~ 1.4 out of 2.0
predictions), yet this low hit rate is never penalized.
Thus, it achieves high Recall (54%) but underper-
forms on Precision (86%) and fails to suppress
FP-Rej (4.1%).

Hard tier boundaries (r.j < 72) make any
FP worse than silence, but trigger silence collapse:
since the model cannot know a priori whether a pre-
diction is TP or FP, predicting nothing becomes the
safest strategy. As shown in Fig. 3, avg_pred_obj
drops from ~2.2 to ~1.0 within 500 steps and Tier-
2 ratio climbs steadily. Completion length gives
the same signal: the minimum drops from ~245 to
~155 tokens as outputs become terse to minimize
FP risk, and Recall collapses to 12%.

NARF’s soft boundary (7. > r2) lets high-
TP-ratio outputs exceed silence. Like the hard vari-
ant, NARF reduces avg_pred_obj to ~1.0 and
drives TP-to-prediction ratio toward near-100%,
but induces a calibrated risk-averse policy rather
than absolutist silence. A revealing signal is the
completion length trajectory: NARF’s mean length
initially drops (suppressing over-prediction), then
recovers to near-baseline levels—a characteris-
tic U-shaped curve. The increasing maximum
length further confirms richer descriptions for high-
confidence scenes. In contrast, linear’s length
remains flat and hard’s length monotonically de-
creases (progressive retreat into silence). This re-
covery suggests that the model is no longer rely-
ing solely on silence to avoid penalties. NARF
achieves 92% Precision while maintaining practi-
cal Recall (45%), with Tier-2 acting as a dynamic
regularizer rather than an absolute behavioral sink.

4.4 Real-World Navigation Deployment

Setup and outcome definition. For the initial
evaluation, we focused on the departure scene,
where extracted landmarks are formatted into
origin instructions: “Do you see the [descrip-
tion]? When you start, it should be on your
[front/left/right], [nearby/in the distance].” The
primary metric is the median time from instruc-
tion playback completion to stable walking on-
set, which measures how quickly and clearly users
confirm their departure direction. A valid naviga-
tion event required at least 20 trajectory points sam-
pled at one-second intervals, and no speed above 4
m/s. Starting after instruction playback completion,
stable walking onset was the first observation in the
earliest five-point window in which all speeds were
at least 0.8 m/s and the maximum circular heading
difference was at most 120 degrees.

Serving policy and coverage. We evaluated the
system on our Amap pedestrian-navigation plat-
form in Beijing, Shanghai, Hangzhou, and Shen-
zhen. Offline inference processed SO0K image-
covered road segments that satisfied the road-
length, curvature, and data-quality filters. The
8B model ran first and the 32B model was in-
voked when 8B abstained; 411K segments (82.2%)
yielded at least one valid landmark. During the
experiment, approximately 40% of treatment-arm
origin events played a landmark-augmented instruc-
tion. All other treatment events used the same
direction-only fallback as control.
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City Users Control Landmark Impr.
Beijing ~678K 7.46 573 23.2%
Shanghai  ~553K 7.77 6.17 20.6%
Hangzhou ~315K 7.47 5.77 22.8%
Shenzhen ~471K 7.44 5.37 27.8%
All four  ~2.02M 7.54 5.77 23.5%

Table 2: 30-day production A/B test. Control/Landmark
are pooled event-level median times (s) from origin-
instruction playback completion to stable walking onset.
Trt. users are treatment-assigned unique users who initi-
ated at least one navigation event. Impr. is the relative
reduction from control.

Deployment protocol. Users were randomly as-
signed at the user level for the 30-day experiment
(Apr. 20-May 20, 2026), remained in one arm,
and did not cross over. At least 20% of users were
assigned to treatment. Assignment did not target
city, time, route length, or other business variables.
The approximately 2.02M users reported below are
treatment-assigned users who initiated at least one
navigation event in the four cities.

Results. The pooled control median was 7.54 s
(95% CI: 7.43-7.61) and the treatment median was
5.77 s (5.66-5.83), an absolute reduction of 1.77 s
(1.64—1.87) and a relative reduction of 23.5% (22.7-
24.3%). Confidence intervals use a user-cluster
percentile bootstrap: users were resampled with
replacement within each arm, all valid events asso-
ciated with a sampled user were retained, and re-
peatedly sampled users contributed their event sets
repeatedly. City-level relative reductions ranged
from 20.6% to 27.8% (Table 2). These results mea-
sure departure-confirmation latency under assign-
ment to a landmark-enabled policy.

5 Conclusion

We present a coordinate-free MLLM framework
for navigation landmark extraction. A progressive
alignment pipeline—multi-task SFT, contrastive
DPO, and NARF-driven GRPO—addresses hallu-
cination and unsuitable landmark selection without
bounding-box supervision. By coupling soft-hard
bipartite matching with a three-tier risk-sensitive
reward, our method induces calibrated abstention,
sharply reduces false positives, and improves both
offline precision and real-world wayfinding latency.

Limitations

Dependence on the semantic scorer. Both the
bipartite matcher and the NARF reward use a
frozen reranker (Wang et al., 2025a) for seman-
tic similarity. The reported offline metrics may
therefore inherit its errors or biases and should not
be interpreted as scorer-independent ground truth.

Hyperparameter portability of NARF. NARF’s
three-tier reward involves multiple hyperparam-
eters (r1,72,73, Tceil, @, tier boundaries, and
attribute-level penalties), tuned manually to en-
code pedestrian-navigation risk asymmetry. Port-
ing NARF to a different safety-critical domain
(e.g., medical triage or autonomous-driving per-
ception) would require re-deriving these constants
from domain-specific cost models, which we leave
to future work.

Outcome scope. The A/B test measures
departure-confirmation latency at the first naviga-
tion step, rather than complete-route task success
or safety outcomes. It therefore supports the
practical value of landmark-augmented origin
guidance, not route-level effectiveness.

Ethical Considerations

Data provenance, privacy, and retention. The
dashcam sequences were legally purchased from
licensed third-party providers, and their acquisi-
tion and use passed internal legal and security re-
view. Before delivery, detected faces were blurred,
detected license plates were mosaiced, and tex-
tual overlays were masked. We received only
de-identified images and task-relevant metadata,
without personal identity fields. Both are access-
controlled and retained for at most one year; the
procurement agreement permits model training but
prohibits public redistribution of the raw imagery.

User data and governance. The production A/B
test was conducted as a product evaluation under
the existing User Agreement and Privacy Policy
with internal approval. Stable assignment used
pseudonymized identifiers; identity and profile at-
tributes were excluded from analysis, only aggre-
gate anonymized metrics are reported, and analysis
records were retained for one month. During the
experiment, users could raise objections through
customer service, which could change their experi-
ment assignment.
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Potential harm and deployment safeguards.
An incorrect landmark or left-right attribute could
mislead pedestrians. Deployment therefore com-
bines precision-oriented filtering with the exist-
ing direction-only fallback, incorrect-instruction
reporting, complaint and safety-event monitoring,
and immediate removal of reported inaccurate land-
marks. Before each city-batch release, experts au-
dit 100-500 cases; release requires a case-level
pass rate above 95%, where a case passes only if it
contains no incorrect landmark prediction. Since
experiment launch, at most 10 of more than 10,000
user-feedback entries have concerned landmark ac-
curacy, and no verified safety incident attributable
to landmark instructions has been observed.
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A Implementation Details

Training Hyperparameters All three stages ap-
ply LoRA (Hu et al., 2022) (rank =16, a=32) to
all linear layers, keeping the vision encoder and
aligner frozen.

e Stage I (SFT): ~12.5k samples (five task
types, each with original and cropped vari-
ants), 2 epochs, learning rate 8x 1075,

* Stage II (DPO): ~6.8k contrastive preference
pairs (seven perturbation types X two vari-
ants), 2 epochs, learning rate 2 x 109, £5=0.8,
rpo_alpha=1.0, and sigmoid DPO loss.

e Stage III (GRPO): ~3.5k prompts, 1.5k
steps, learning rate 2.5x10~%, G=16 rollouts
per prompt, global batch size 64.

The 8B model follows the same hyperparame-
ters; its stage-wise trends are consistent with the
32B findings (Table 6).

Evaluation Inference Settings All evaluations
use max_tokens=4000. Except for GRPO check-
points, all systems use temperature 0.0 with the
default repetition penalty. GRPO checkpoints use
temperature 0.4 and repetition penalty 1.05.

GRPO Rollout and Reward Parameters Dur-
ing GRPO training, each prompt is sampled with
G'=16 rollouts, temperature 1.0, repetition penalty
1.1, maximum completion length 1000, 5=0.0,
one optimization iteration per generation group,
and reward scaling disabled. The implementation
registers a single weighted reward, NARF, together
with zero-weight monitor rewards that log Tier-
1/2/3 ratios, average prediction count, JSON failure
rate, average TP, FP-Rej, and FP-Hal. Table 3
summarizes the concrete reward and matching con-
stants used by the main NARF experiments.

B Semantic-Scorer Sensitivity Analysis

The original evaluator and GRPO reward use a
frozen Jina reranker for semantic similarity. To
test whether the reported precision-first ordering
depends on this scorer, we reevaluated fixed model
predictions with GTE-rerank-v2, which was not
used in training. Hard gates and structured attribute
scores were unchanged.

Table 4 applies the original Jina thresholds
(T1/T> = 0.2/0.4) without retuning. GRPO-
NARF reaches 87.62% Precision and 50.56% Re-
call and retains the highest Precision among the

Table 3: Key evaluation and GRPO reward constants
used in the implementation.

Component Setting

Matching thresholds ~ Match floor 71 =0.2; high-quality threshold
T2 =0.4.

type / range / dir. / dist. / semantic / color-soft
=0.2/0.2/0.1/0.1/0.4/0.1.

Format and consis- JSON parse failure —10.0; parseable JSON base
tency ~+0.2; missing field, invalid enum, or invalid range
—0.1 each; CoT keyword reward +0.1 capped at
+0.2; count consistency reward +0.2.

r1=2.0, ro= — 2.0, r3= — 4.0, r,=1.0,

Matching weights

NAREF tier bases

rai=3.0, «=0.5, r¢;1=0.0.

Semantic bonus multiplier Ap, =1.0 above 72 and

A;=0.5 below T5.

Attribute/error penal- color conflict —1.0; left/right confusion —0.8;

ties front/side confusion —0.5; distance mismatch
—0.2; range penalty scale —0.5; FP-Rej —2.0;
FP-Hal —1.0; FN 0.0.

Quality scaling

models included in this study. Absolute values
change because the two rerankers have different
score distributions.

For completeness, Table 5 reports a separately
identified post-hoc GTE calibration (71/T; =
0.175/0.3). This setting was selected after observ-
ing GTE score behavior and is not a preregistered
or training-time configuration.

Offline uncertainty. Confidence intervals for the
240-sequence benchmark use 20,000 sequence-
level paired-bootstrap replicates. Each replicate
samples 240 sequences with replacement and ap-
plies the same sampled indices to all compared
models and threshold settings. Final SFT reaches
64.29% Recall (95% CI: 61.09-67.63) and 83.45%
Precision (80.24-86.58); GRPO-NARF reaches
45.52% Recall (42.14-48.91) and 92.29% Pre-
cision (88.99-95.30). These are marginal met-
ric intervals. We do not claim paired signifi-
cance for stage-to-stage differences because paired-
difference intervals or tests are not reported.

C Cross-Scale Replication and Extended
Ablation Analysis

This section reports the full cross-scale results for
all stages and ablations (Table 6) and provides ex-
tended analysis of the GRPO training dynamics
that the main text (Sec. 4.3) summarizes.

C.1 Cross-Scale Consistency

The 8B rows in Table 6 show that the same pro-
gressive trends hold at a smaller model scale. Base
SFT achieves 72.83% Precision with 21.89% FP-
Hal; adding rejection labels and pseudo-CoT again
triggers the characteristic Precision dip (68.07%)
and FP-Rej spike (6.59%), mirroring the 32B pat-
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Model Reported JinaR/P GTER/P AR/ AP

GPT-5.2 34.17/57.28 32.49/54.46 -1.68/-2.82
GPT-5.4 27.45/56.16 26.47/54.15 -0.98/-2.01
Gemini 3 Flash 38.24/57.23 35.57/53.25 -2.67/-3.98
Gemini 3.1 Pro 35.29/61.61 33.33/58.19 -1.96/-3.42
Qwen3.5-Plus 31.79/63.41 30.39/60.61 -1.40/-2.80
Qwen3-VL-235B-A22B 30.81/62.50 28.85/58.52 -1.96/-3.98
Qwen3-VL Base 8B 14.01/45.66 13.73/44.75 -0.28/-0.91
Qwen3-VL Base 32B 31.09/49.55 29.13/46.43  -1.96/-3.12
GRPO-NAREF 32B 45.52/92.29 50.56/87.62 +5.04/-4.67

Table 4: GTE-rerank-v2 sensitivity analysis using the original Jina thresholds (7 /T» = 0.2/0.4) without retuning.
Values are Recall / Precision (%); deltas are percentage-point changes from the reported Jina-based results.

Model Reported JinaR/P GTER/P AR/ AP

GPT-5.2 34.17/57.28 37.11/62.21 +2.94/+4.93
GPT-5.4 27.45/56.16 30.39/62.18 +2.94/+6.02
Gemini 3 Flash 38.24/57.23 42.02/62.89 +3.78/45.66
Gemini 3.1 Pro 35.29/61.61 37.39/65.28 +2.10/+3.67
Qwen3.5-Plus 31.79/63.41 33.33/66.48 +1.54/+3.07
Qwen3-VL-235B-A22B 30.81/62.50 31.51/63.92 +0.70/+1.42
Qwen3-VL Base 8B 14.01/ 45.66 15.13/49.32  +1.12/+3.66
Qwen3-VL Base 32B 31.09/49.55 34.03/54.24 +2.94/+4.69
GRPO-NAREF 32B 45.52/92.29 52.38/90.78 +6.86/-1.51

Table 5: GTE-rerank-v2 sensitivity analysis with separately selected post-hoc thresholds (77 /7> = 0.175/0.3).

Values and deltas follow Table 4.

tern. The full SFT recovers Precision to 76.13%
and suppresses FP-Rej to 3.98%. DPO further lifts
Precision to 79.38% and reduces FP-Rej to 3.70%,
consistent with the 32B trajectory. NARF then
pushes 8B Precision to 92.75% while suppressing
FP-Rej to 1.09%, closely mirroring the 32B results.

Notably, the 8B GRPO ablations reproduce the
same phenomena observed in 32B: the linear re-
ward baseline achieves higher Recall (43.70%) but
lower Precision (88.89%), while the hard-boundary
variant triggers silence collapse (Recall drops to
27.87%). Despite the smaller model capacity, the
relative improvement patterns, the non-monotonic
FP-Rej behavior, and the GRPO reward dynam-
ics remain consistent, suggesting that our data and
progressive pipeline are robust across model scales.

C.2 Scene-Complexity Adaptive Behavior

Beyond the aggregate training dynamics analyzed
in the main text (Sec. 4.3), per-batch rollout statis-
tics reveal that the NARF-trained model dynami-
cally modulates its prediction count according to
scene complexity. In high-ambiguity scenes (e.g.,
dense urban areas with many similar buildings),
where the expected per-prediction accuracy is low,
the critical count (Eq. 6) is unlikely to be met, so
the model reduces predictions or abstains. In low-
ambiguity scenes (e.g., a distinctive sculpture on

a suburban road), the model predicts confidently
and produces longer descriptions. This adaptive
behavior is induced by the reward landscape and ap-
pears in held-out scenarios, in contrast to heuristic
post-processing rules that require manual threshold
tuning per scene type.

C.3 Cascaded Deployment Implication

The cross-scale consistency observed above carries
a direct deployment consequence: the 8B NARF
model achieves 92.75% precision (Table 6), albeit
with lower recall than 32B. This supports a practi-
cal cascaded strategy: run 8B first and invoke 32B
only when 8B abstains, reducing computational
cost while maintaining high prediction reliability,
as in our 411K-segment deployment (Sec. 4.4).

D Case-Based Walkthrough of the
Proposed Method

This section uses three held-out validation case
panels to make the method concrete without adding
material to the main paper. The panels show (i)
coordinate-free bipartite matching, (ii) recomputed
NARF content rewards on real validation outputs,
and (iii) prediction changes after progressive fine-
tuning. All case panels are rendered from stored
validation predictions and evaluator outputs.
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Table 6: Full quantitative results across baselines, progressive alignment stages, and ablation variants. Each
experiment reports 8B and 32B results in adjacent sub-rows when applicable, extending the main-text table with

JSON validity, direction accuracy, and distance accuracy.

Model / Stage Scale Recall Prec. FP-Rej FP-Hal JSON Dir. Dist.
Commercial APIs & Base Models
GPT-5.2 - 3417 5728 6.10 3662 99.17 80.74 73.77
GPT-5.4 - 2745 56.16 458 3926 99.58 8827 77.04
Gemini 3 Flash - 3824 5723 482 3795 9625 80.59 81.32
Gemini 3.1 Pro - 3529 61.61 3.67 3472 99.58 84.13 81.35
Qwen3.5-Plus - 3179 6341 587 3073 100.0 83.70 75.33
Qwen3-VL-235B-A22B  — 3081 6250 5.1 3239  100.0 79.09 75.00
Qwen3-VL (Base) 8B 1401 4566 685 4749 4417 77.00 65.00
32B  31.09 4955 759 42.86 99.17 78.48 74.89
Stage-I: SFT Ablation
. 8B 5406 72.83 528 21.89 100.0 95.85 93.01
Base SFT (NoRej/CoT) 375 5756 7904 519 1577 1000 9343 93.67
. 8B 5644 68.07 659 2534 9702 94.04 9231
* Reject & Pseudo-CoT 375 604 7521 849 1630 9958 93.00 92.78
+ Multitack Leamin 8B 5882 75.13 500 1896 9833 93.81 94.05
€ 3B 6541 8193 754 1053 99.17 94.00 93.36
) 8B 5896 76.13 398 19.89 97.08 92.87 95.01
Final SFT (+ Crop Aug) »)p 6429 $345 473 1182 99.17 93.68 93.25
Stage-II: DPO Refinement
DPO wio Au 8B 5742 7795 437 17.68 9542 9439 9439
& 2B 60.15 85.12 405 10.83 99.58 93.85 92.50
) 8B 57.14 7938 3.0 1693 94.17 94.61 9436
Final DPO (+ Crop Aug) )5 5076 8758 337 9.05 1000 9423 9231

Stage-III: GRPO Alignment

. 8B 4370 88.89 3.3  7.98 92.50 9551 94.55
GRPO (Linar) 32B 5430 8620 4.10 970 99.17 93.50 92.80
8B 2787 9387 047 566 8875 9548 9548
GRPO (Hard Bnd.) 32B 1245 9680 1.10 210 100.0 94.50 94.10
8B 3585 9275 1.09 616 9333 9648 95.70
GRPO (NARF) 3B 4552 9229 248 523  100.0 94.03 93.43

D.1 Reward Audit on a Real Case

Figure 4 replays the reward calculation for a base-
model output on sample_00033 from the valida-
tion record. The panel shows the parsed JSON
predictions, response-level reward components, the
full GT-by-prediction score matrix with hard-gate
reasons and attribute scores, and the Hungarian
assignment that yields TP, FP-Rej, and FN labels.

D.2 NARF Reward Calculation Across Tiers

Figure 5 and Table 7 show selected validation
model outputs from real cases with rewards re-
computed from the reward formula used in our
experiments. Because rewards attach to a partic-
ular model output rather than to a sample alone,
Table 7 also lists the source model for each case.

D.3 Behavioral Changes Across Alignment
Stages

Figure 6 compares the base, SFT, and final
DPO+GRPO models on four real cases. Each row
displays the original frame and the stored struc-
tured outputs with evaluator labels.

D.4 Aggregate Case Statistics

The case-level phenomena are also visible across
all 240 validation samples for the systems with
stored reranker-matrix dumps. Figure 7 shows that
the final model has the largest Tier-1 mass and
the smallest Tier-3 mass among these compared
systems. The reward CDF in Figure 8 shows the
same safety pattern from another view: the final
model has the smallest left tail, meaning fewer
severe low-reward outputs.
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Single-case reward audit from validation record

sample_00033 | Base prediction | response parsing, hard gates, Hungarian assignment, and NARF content reward

frame 1

Source: stored response_text +

sample_00033 | Base

Parsed JSON predictions

type=87F dir=right dist=near range=f1

reranker matrix dump

Pairwise score matrix and assignment path

Score = 0.2'type + 0.2*range + 0.1°dir + 0.1°dist + 0.1°color + 0.4°semantic; hard gates set blocked cells to -1.

GT candidates

GT 0 PASS
EBZFHEA / blue road sign

¥ dir=front

GT 1 PASS
IMRBIRREAR / ¢

GT 2 REJECT
HENIRAEE / yell

Assignment result: Pred0 -> GTO = TP; Pred1 -> GT2 = FP-Rej; GT1 remains unmatched = FN.

Pred 0
EEZFHHEM / blue road sign

type=E&l# dir=front dist=far range=f1

Reward decomposition

po EBEHEM / blue road sign +0.20 +0.20 +0.20
cor sson Consistency
type=Ei# dir=front dist=far range=f1
-5.22 -4.62
p1 HEME / yellow booth Contont Fullrosponse reward

Tier 3 = -4.00 + 1%(-2.0) + 0*(-1.0) + 0.5"1.56 = -5.22

Counts: TP=1, FP-Rej=1, FP-Hal=0, FN=1

FN is reported but P_FN=0 in the content reward

Pred 1
HERF / yellow booth

type=3F dir=right dist=near range=f1

$=0.923

TP assignment

type=1.0 range=1.0 dir=1.0 dist=1.0
color=1.0 semantic=0.559

r range=f

blocked

blocked: type gate

GTtype=Eift | pred type=F
type=0.0 range=0.0 dir=0.0 dist=0.0
color=0.0 semantic=-0.095

blocked

urved glass building blocked: type gate

GT type=iEHi | pred type=Eéfe
type=0.0 range=0.0 dir=0.0 dist=0.0
color=0.0 semantic=-0.084

blocked
blocked: semantic -0.05 < 0.20

type=1.0 range=1.0 dir=1.0 dist=1.0
color=0.0 semantic=-0.054

blocked

low trash kiosk blocked: type gate

GT type=5TF | pred type=E&/i#
type=0.0 range=0.0 dir=0.0 dist=0.0
color=0.0 semantic=-0.093

$=0.833

FP-Rej assignment

type=1.0 range=1.0 dir=05 dist=1.0
color=1.0 semantic=0.457

Figure 4: Single-case reward audit from the validation record. The matrix exposes the hard gates, per-attribute
scores, semantic reranker scores, and final Hungarian assignment used before applying the tiered NARF content
reward formula.

Real validation cases under the NARF content reward

Rewards recomputed from the reward formula used in our experiments.

sample_00150 | Base Tier 1 partial clean sample 00171 |Base Tijer 1 complete clean
G Reward +6.62 TP=3, FP-Rej=0, FP-Hal=0, FN=1 P 4 Reward +8.56 TP=3, FP-Rej=0, FP-Hal=0, FN=0

TP EEEEFERKE /landmark
type=E&FE dir=front dist=far range=f1-f3

TP BE&HHIITEER / landmark

type=12# dir=right dist=near range=Ff1-f3

EBHREIEHE / landmark

type=B&# dir=right dist=near range=f2-f3

TP EEZEERE / blue road sign
type=#2 dir=front dist=near range=f1-f2

TP IEEEE / blue barrier
type=EEiE dir=left dist=near range=f1-f2

TP AIEBEHE/ landmark ™
type=Eli# dir=right dist=near range=f1-f2

sample_00129| GRPO Tier 2 abstention
Reward -2.00

sample_00033 | Base Tier 3 rule violation

TP=0, FP-Rej=0, FP-Hal=0, FN=1 Reward -5.22 1P-=1, FP-Rej=1, FP-Hal=0, FN=1

TP  EBZEERE / blue road sign
type=E&k# dir=front dist=far range=f1

FP-R E& XK= / yellow booth
type=FF dir=right dist=near range=f1

output: ]

sample_00001 | Base Tier 3 hallucination
Reward -5.00 TP=0, FP-Rej=0, FP-Hal=1, FN=2

FP-H L& FRELERIMHI B & ATH / landmark

type=2&fT#T dir=left dist=near range=f2-f4

sample 00009 | Base Tier 3 rejected building
Reward -6.00

FP-R H&SMENZ ERE R / landmark

type=E23i dir=right dist=far range=f1-f2

TP=0, FP-Rej=1, FP-Hal=0, FN=2

Figure 5: Real-case NARF content rewards and structured outputs from selected validation predictions, recomputed
from the reward formula used in our experiments.

31470



Role Source Case Outcome Pattern Reward

Tier-1 partial clean Base sample_00150 3 TP, 0 FP, 1 FN +6.62
Tier-1 complete clean Base sample_00171 3 TP, 0 FP, 0 FN +8.56
Tier-2 abstention DPO+GRPO  sample_00129 0 TP, 0FP, 1 FN -2.00
Tier-3 rule violation Base sample_00033 1 TP, 1 FP-Rej, 1 FN -5.22
Tier-3 pure hallucination = Base sample_00001 O TP, 1 FP-Hal, 2 FN -5.00
Tier-3 pure rule violation Base sample_00009 0 TP, 1 FP-Rej, 2 FN -6.00

Table 7: NARF content reward ladder across selected validation predictions. FP-Rej denotes a prediction matched
to an expert-rejected object; FP-Hal denotes an unmatched hallucination.

Stage-wise prediction changes on real validation cases

Stored Base / SFT / DPO+GRPO outputs with evaluator labels.

sample_00003

Base 1P=0Fp-Rej=0 FP-Hal=7 FN=1 SFT 1P-1FP-Rej=0 FP-Hal=1 FN=0 DPO+GRPO 1p-1 FP-Rej=0 FP-Hal=0 FN=0
FP-H BE®IMENBERR / white high-rise TP L& / mountain peak TP LU / mountain peak
type<I3 dir-left dist=near range=f1-12 type=BMEE dir=front distefar range=1-2 type=BMEE dir=front dist=far range=1-f2
FP-H A8 ESMERIEIRS / reddish-brown high-rise FP-H IE®EER/ blue sign
type=IEI dir=ight cistznear range=f1-12 ypo=Fi dirront cstenear rango=f1-2
FP-H BE®ZEE / blue road sign

<B§1% dir=front dist=near range=f1-f2

sample_00109

Base TpP-0 FP-Rej=0 FP-Hal=2 FN=1 SFT P=1FP-Rej=0 FP-Hal=1 FN=0 DPO+GRPO 7p-1 FP-Rej=0 FP-Hal=0 FN=0
FP-H H®&E# / blue barrier TP EEHEI K]/ blue construction gate TP EE&MI K/ blue construction gate
type=[EH dir=right dist=near range=f1-f2 type=kT) dir=right dist=near range=f1-f2 type=k[] dir=right dist=near range=f1-f2
FP-H E@IMEXE / white building FP-H 4IEHRBNEEEE / residential tower
type<RE3 dir=front dist=far range=f1-12 type<HE3 dir=front dist=far range=f1-f2
sample_00127
Base 1p=1Fp-Rej=0 FP-Hal=1 FN=1 SFT 1P-1FP-Rej=0 FP-Hal=1 FN=1 DPO+GRPO 1p-1 FP-Rej=0 FP-Hal=0 FN=1
TP EEBEMAHIETREE / blue right-turn sign TP EEEMAEEE / blue right-tum sign TP EEEMAEE / blue right-tur sign
typo=EARY dir=ight dist=near rango-t1 type=E8RY di=front dist=near range=ft type=EAMY dir=iront dist=near range=f1
FP-H REfEEHRLABRIRNFRXIEIRHA / gray-brick... FP-H REFEIEFSE / gray-brick building
type=IE3 dir=right dist=near range=f1 type=B3L dir=right dist=near range=f1
sample_00129
Base 1p=0 FP-Rej=0 FP-Hal=2 FN=1 SFT  7P=0 FP-Rej=0 FP-Hal=0 FN=1 DPO+GRPO  1P=0 FP-Rej=0 FP-Hal=0 FN=1
1 AIESMNENSE bri
FP-H jﬁ?h jﬁ?fﬁ%j&*i: :'ei brick apartment... output: [ output: [

FP-H AIRSSMERNBRE R / red-brick high-rise

dir=right dist=near range=f1-12

Figure 6: Stage-wise prediction changes on real validation cases.
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Per-model tier composition (240 val samples)
B Tier 1 (no FP) - clean output
W Tier 3 (has FP)
I Tier 2 (zero predictions)

# samples (out of 240)

GPrsy Ge'nmf;aj PrQWena, 5y, QWens.VL \32; SFr
ro 'S

.
2P0 s 6
(bagg, ©

Figure 7: Tier composition over 240 validation samples
for the systems with stored reranker-matrix dumps. The
final DPO+GRPO model substantially increases no-FP
cases relative to the base model and reduces Tier-3 cases
relative to SFT.

NARF content reward CDF - lower left tail = fewer catastrophic outputs
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Figure 8: CDF of per-sample rewards. Lower mass in
the negative-reward region indicates fewer severe low-
reward outputs; the final model has the smallest left tail.

E Coordinate-Free Bipartite Matching:
Full Equations

This section gives the full formal definitions of the
hard-gated cost matrix and the soft attribute scoring
functions that the main text (Sec. 3.3) summarizes
in prose.

E.1 Hard-Gated Cost Matrix

For each prediction—GT pair (9, y;), we evaluate
a cascade of hard gates. If any gate fires, the pair is
unconditionally blocked (.S;; = —1) regardless of
other attributes:

Ci # ¢j

{0i,0;} = {1left, right}
[si, e N [sj,e5] = @
IKi|=[KC5[=1 A Ki# K
fsem(di, dj) < 71
otherwise

4

\

(N
The five blocking rows correspond to type mis-
match, lateral conflict, range disjointness, color
conflict, and semantic floor. Here, K(-) extracts
mentioned colors from a description through regex
matching, and fen, is the semantic similarity be-
tween two descriptions computed by a reranker
model (Wang et al., 2025a); the color-conflict gate
fires only when both sides specify a single, conflict-
ing color (e.g. “red-signed shop” vs. “blue-signed
shop”). The threshold 7 acts as a floor: pairs below
it are deemed entirely unrelated.

E.2 Range and Direction Soft Scores

Range Overlap. ¢, adopts a tiered design that
rewards conservative predictions (whose range is
subsumed by the ground truth) more than merely
overlapping ones:

1.0, [si, €i] = [s;, €]
0.34+0.7p, [s5,€;] 2 [si, €]

@brng =
0.14+0.2p, [si,e5)N[sj,ej] # @
0, otherwise

(®)
where p = IoU([s;, €], [s;, €;]). The intuition is
that a prediction visible in frames 2-3 when the
GT spans frames 14 still provides conservative
guidance, whereas a prediction in frames 1-4 when
the GT is only in frames 2-3 may refer to a different
object.
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Orientation Matching. ¢q;; encodes the asym-
metric severity of directional errors in pedestrian
navigation:

1.0, 0; = 05
bagir = ¢ —0.2, {o;,0;} = {left,right} (9)
0.5,  front € {0;,0;}

A left<>right confusion may direct the user to the
opposite side of the road—the most severe direc-
tional error—hence the negative score; front<>side
confusions are less severe and receive a partial
score.

F NAREF: Full Functional Forms

This section provides the complete functional
forms of the per-prediction quality score, the at-
tribute penalty set, the Tier-3 error decomposi-
tion, and the total reward composition, which
the main text (Sec. 3.4) summarizes in prose.
Concurrent work on visually grounded reasoning,
PFlowNet (Li et al., 2026), similarly combines
multi-dimensional rewards with vicinal geometric
shaping to promote reasoning-oriented perception
while preserving visual reliability.

F.1 Per-Prediction Quality Score

For each TP pair ({k, Yo+ (1)), the quality score Qy,
captures both semantic fidelity and attribute cor-
rectness:

/\h7 fslf:m 2 T2
Al7 fské‘,m < T

+ > ok

a€eP
(10)

where 7, is the base TP reward, f~, is the reranker
similarity score from the matching stage, 7o > 77 is
a high-quality threshold, and A\;, > \; > 0 provide
differentiated scaling: predictions with feem > 7
are rewarded more generously, incentivizing pre-
cise descriptions.

Qk:Ttp + fslfam'{

F.2 Attribute Penalty Set

The attribute penalty set P = {pcir, Ddir, Pdst> Prng }
applies fine-grained deductions:

0, o = oy,
k .
Pdir = § Dsides 10k, 05} = {1left, right}
Pmild, Ootherwise

k k
Pmg — (1 - ¢rng) * Pr_scale

k De_severes  color conflict
Pelr =

0, otherwise
(11)
where pgige < pPmila < 0 reflects the navigation-
specific severity hierarchy: a left<>right error
(pside) 1 penalized more heavily than a front<»>side
error (pmild)- The distance penalty plgst assigns a
small constant deduction when d;, # ;.

F.3 Tier-3 Error Penalty Decomposition

The error penalty in Tier 3 decomposes as:

Perr = Nepres * Prej + Neptiar - pra (12)

with [prej| > |phal|, encoding the navigation princi-
ple that violating an explicit filtering rule is more
harmful than a generic hallucination. This asym-
metry makes recorded rule violations more costly
than novel hallucinations during optimization.

F.4 Total Reward Composition

The complete GRPO reward sums the content term
with three structural terms:

R= Rmy + Reot + Retw + Ra
~—~ ~—~ ~—~ ~—~
JSON validity =~ CoT quality  consistency  Eq.(5)
(13)

Ry validates that the output is parseable JSON
with all required fields and legal enum values; a
complete parse failure yields a large negative score
Dparse << 0 that dominates all other terms. Ry
grants small bonuses for the presence of struc-
tural keywords (discover, analyze, decide) in the
reasoning prefix, capped to prevent reward hack-
ing via verbosity. R checks that the number of
“accept” decisions in the CoT equals the number
of objects in the JSON output and the declared
proper_obj_num field; mismatches indicate inter-
nal logical inconsistency and are penalized pro-
portionally. Recent work (Kancheti et al., 2026)
observes that GRPO-trained VLMs can produce
CoT traces inconsistent with final outputs; Ry pe-
nalizes this inconsistency explicitly.
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Rejection Taxonomy

We systematically categorize the rejection reasons
from expert annotations into ten categories, en-
abling the model to learn explicit rejection reason-

ing:

1.

Insufficient Saliency: The landmark is not
visually prominent in the scene and cannot be
spotted at a glance.

Indistinct Appearance: Nearby objects of
the same category share similar appearances
(e.g., multiple road signs, symmetrically dis-
tributed fences, rows of trees), making it im-
possible to distinguish based on the descrip-
tion alone.

Inadequate Description: The object’s ap-
pearance has unique features compared to sim-
ilar objects, but the description fails to capture
these distinguishing characteristics.

Inappropriate Position: (1) The object’s di-
rection does not align with the walking direc-
tion; (2) at intersections, the landmark is lo-
cated on the road after turning left/right rather
than the straight path; (3) the object is on the
left side of the vehicle lane, too far from the
pedestrian sidewalk on the right.

. Suboptimal Choice: Two or more objects in

the scene are more salient and better suited
for navigation guidance (e.g., small blue road
name signs mounted on traffic signals).

Misidentification: Category recognition er-
rors, such as identifying pedestrians or trees as
sculptures, gates as archways, reflections on
car windows as sculptures, or elevated high-
ways as pedestrian overpasses.

. Incorrect Description: The category is cor-

rectly identified, but the description contains
errors, including appearance errors (e.g., blue
lane signs described as green, blue facades as
gray, white-signage shops as red-signage), po-
sition errors, distance errors, or range errors.

Outdated Description: The description con-
tains time-sensitive content such as “0 parking
spots remaining” or ‘“20th anniversary celebra-
tion,” particularly for signage, billboards, and
gates.

10.

H

Dynamic Object: Non-static objects such as
pedestrians, bicycles, or vehicles.

Other: Reasons not covered by the above
nine categories.

SFT Multi-Task Decomposition

To maximize the utility of limited expert annota-
tions, we decompose the landmark extraction task
into four auxiliary tasks plus the primary end-to-
end extraction task for SFT training:

1.

Task 1 - Pass/Reject Classification: Given a
list of candidate objects with all attribute fields
(category, description, orientation, distance,
visibility range), the model must classify each
as pass (with a saliency score 1-5) or reject
(with a categorized reason). This task teaches
explicit acceptance/rejection reasoning.

. Task 2 - Saliency Ranking: Given all passed

objects, rank them into three tiers based on
visual saliency:

* Tier I: Extremely prominent—unique
shape, very large size, or vivid colors;
the dominant visual element.

* Tier 2: Clearly visible—distinctive fea-
tures that are easily noticed by pedestri-
ans.

* Tier 3: Visible but requires careful in-
spection due to surrounding distractors.

. Task 3 - Visibility Range Prediction: Given

passed objects with description, category, ori-
entation, and distance, predict the visibil-
ity range [istart, 7end| indicating which image
frames contain the object.

. Task 4 - Description Generation: Given

passed objects with category, orientation, dis-
tance, and visibility range, generate appro-
priate natural language descriptions that are
distinctive yet concise.

. Task 5 - Full Prediction (Core Task): Given

only the input images, output all passed ob-
jects with complete attributes and generate a
pseudo chain-of-thought reasoning trace that
verbalizes the spatial analysis process.

Each task type is generated with both original
and spatio-temporally cropped variants, yielding
~12.5k SFT samples total. The multi-task design
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provides regularization that helps reduce overfit-
ting to the core task while teaching complementary
skills.

Temporal Cropping Equation For each sam-
ple with 7' > 3 frames, a random offset 7 ~
Uniform(1,7—1) produces a suffix subsequence
I' ={I;41,...,Ir}, with object visibility ranges
adjusted accordingly:

[s)., €)] = [max(sk—T, 1), €k—T] (14)
Objects with €, < 1 fall entirely outside the
cropped window and are discarded. Together with
naturally empty scenes (e.g., highway segments,
severely blurred images), cropping-induced empty
samples provide explicit supervision for the “out-
put nothing” behavior that NARF later reinforces.

Pseudo Chain-of-Thought Format The pseudo-
CoT prefixes the final JSON output with a struc-
tured discover—analyze—decide trace that explic-
itly verbalizes the spatial analysis for each candi-
date object:

1. discover: candidate object [white
stone sculpture]
analyze: visible in frames 2-4, a
sculpture located
on the right side of the pedestrian
path. Distinctive
appearance, easily noticed by
pedestrians.
decide: PASS

2. discover: candidate object [gray high
-rise residential building]
analyze: possibly located on the left
side of the
pedestrian path in frames 1-2,
however, indistinct

appearance among similar buildings.

decide: REJECT

T json
{"proper_obj_num”: 1,

RLAEEEPEE;

"results”:

For passed objects, the analyze step includes: (1)
visibility range, (2) category, (3) relative position to
pedestrian path, and (4) saliency justification. For
rejected objects, the analyze step includes: (1) hy-
pothesized visibility range and position, and (2) the
specific rejection reason from the taxonomy (Ap-
pendix G). This format teaches the model to explic-
itly discover candidates, analyze both acceptance
and rejection criteria, and decide before producing
the final structured output.

I DPO Contrastive Pair Construction

We design seven types of contrastive pairs for DPO
training, each targeting a specific failure mode:

1. Type 1 - Missing High-Saliency Object:

e Condition: | Y| > 2
* Chosen: All passed objects

* Rejected: Randomly drop one object
from the top-2 highest-saliency objects

* Purpose: Penalizes omitting important
landmarks

2. Type 2 - False Acceptance:

* Condition: |Y~| > 1
* Chosen: Correct pass/reject assignment

* Rejected: Promote 1-2 rejected objects
to pass (removing rejection reasons, as-
signing fake saliency scores)

* Purpose: Penalizes accepting unsuitable
objects

3. Type 3 - Visibility Range Error:

e Condition: |Y*| > 1and |Z| > 2

* Chosen: Correct visibility ranges

* Rejected: Perturb [istart, iend] by shifting
boundaries +1-2 frames

* Purpose: Penalizes temporal localization
errors

4. Type 4 - Orientation Error:

e Condition: |Y*| > 1
e Chosen: Correct orientations

* Rejected: Randomly change orientation
(front/left/right) for 1-2 objects

* Purpose: Penalizes spatial reasoning er-
rors

5. Type 5 - Incomplete Rejection Analysis:

* Condition: |Y~| > 2
* Chosen: CoT analyzes all rejected ob-
jects

* Rejected: CoT only analyzes a random
subset of rejected objects

* Purpose: Encourages exhaustive rejec-
tion reasoning

6. Type 6 - False Rejection:

e Condition: | Y| > 2
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* Chosen: Correct pass/reject assignment

* Rejected: Demote one top-2 passed ob-
ject to reject (assigning a random rejec-
tion reason)

* Purpose: Penalizes wrongly rejecting
valid landmarks

7. Type 7 - Redundant Prediction (Anti-
Overfitting):

* Condition: Any sample

* Chosen: Original output

* Rejected: Add redundant rejected objects
by copying and perturbing existing ob-
jects

* Purpose: Penalizes verbose or repetitive
outputs

Each type is generated with original and cropped
variants, yielding ~6.8k DPO pairs total.
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