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Abstract

Remote sensing multimodal large language models (RS-
MLLMs) have improved general aerial-image understanding.
However, Earth observation applications require fine-grained
scenario specialization, constrained by scarce high-quality
scenario data and incomplete capability coverage. We formu-
late this adaptation as a capability-gap-driven post-training
problem and propose filling before advancing (FBA). Rather
than relying on single-stage supervised fine-tuning (SFT) over
target-domain samples, FBA first fills prerequisite capability
gaps before advancing toward scenario specialization. We in-
stantiate FBA for coastal harbor understanding, a represen-
tative multi-source scenario, by constructing CPRS (Coastal-
Port Remote Sensing), a three-layer supervision dataset cou-
pled with three ordered stages: (1) RS semantic anchoring for
overhead-view visual-language alignment; (2) domain-bridge
convergence for shared RS priors across target and bridg-
ing scenarios under different modalities; and (3) evidence-
grounded scenario tuning for downstream performance. We
construct HarborEval, an eight-track diagnostic benchmark
covering perception, spatial understanding, robustness, and
generation. Under comparable training budgets, HarborEval
increases from 57.95 with Direct-SFT to 70.29 with FBA on
LLaVA-v1.5, and from 81.09 to 83.37 on Qwen3-VL. FBA
also outperforms Collapsed-SFT and leads on harbor-related
VRSBench/RSVQA subsets and OpenEval. Stage-wise and
role-replacement analyses validate progressive gap filling and
stage-specific roles. Public examples and release updates for
CPRS, HarborEval, code, and trained weights are available
at https://github.com/Z0ngL1ng/filling-before-advancing.

Introduction
Multimodal large language models (MLLMs) have expanded
visual understanding from closed-set recognition to open-
world perception, logical reasoning, and instruction follow-
ing (Radford et al. 2021; Alayrac et al. 2022; Li et al. 2023a;
Dai et al. 2023; Liu et al. 2023; Bai et al. 2025b). This
paradigm shift has also penetrated remote sensing (RS),
spawning RS-MLLMs capable of aerial image captioning,
visual question answering, region-level instruction follow-
ing, and grounded geo-spatial interpretation (Hu et al. 2025;
Kuckreja et al. 2024; Zhang et al. 2024a; Muhtar et al.
2024; Pang et al. 2025; Soni et al. 2025; Zhan, Xiong, and

Yuan 2025). Instead of producing category labels or boxes,
RS-MLLMs connect visual evidence with natural-language
queries, steering RS toward general-purpose visual-language
intelligence.

Real-world RS applications rely on the interpretation and
understanding of targeted task scenarios, rather than broad
scene categories (Li et al. 2024). Taking coastal harbor mon-
itoring as a representative case, RS-MLLMs are expected
to surpass simple and generic descriptions, such as water,
roads, buildings, and ships. As illustrated in Fig. 1 (a), tradi-
tional RS-MLLMs just have the ability to show what exists
in the scene. Nevertheless, scenario-specialized RS-MLLMs
are required to generate a structured and evidence-grounded
report of operationally meaningful harbor attributes, includ-
ing functional zones, vessel scale, and spatial layout. This
discrepancy discloses a gap between universal capability and
scenario-specialized usability of RS-MLLMs.

A straightforward solution is to collect harbor instructions
and directly fine-tune a general RS-MLLM, yet this is of-
ten insufficient due to two challenges, shown in Fig. 1 (b).
# Challenge 1 (scarce high-quality scenario data): General
MLLMs typically rely on massive natural image–text cor-
pora for training (Alayrac et al. 2022). In contrast to readily
accessible natural images, high-quality, expert-annotated su-
pervision data from the target RS scenario remain scarce,
because long-term scene observation, multi-sensor acquisi-
tion, and rigorous expert annotation are time-consuming and
labor-intensive (Wang et al. 2024; Kuckreja et al. 2024). #
Challenge 2 (difficult capability coverage): When migrating
from general MLLMs to RS-MLLMs, gaps in alignment,
modality, and task arise for specific RS scenarios, while
single-stage training paradigms, typified by direct supervised
fine-tuning (SFT), lack the capability to bridge them. These
gaps result from the shift in viewing angles, the increment
of different RS sensors, and the demand for task profession-
alization from natural to RS scenes (Liu et al. 2024a; Zhang
et al. 2024a; Muhtar et al. 2024; Soni et al. 2025).

This motivates a novel filling before advancing (FBA) per-
spective of scenario-specialized RS-MLLM post-training,
displayed in Fig. 1 (c). Here, filling refers to sequen-
tially closing multi-level capability gaps, which encompasses
overhead-view visual semantics, sensor-aware observability,
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Figure 1: Motivation and paradigm of the proposed FBA.

target-bridging context, evidence grounding, and calibrated
rejection. After filling these gaps, advancing entails the con-
tinuous evolution of model capabilities, shifting from gener-
alized adaptation to the final specialized scenario expertise.
The point is less to add data than to assign scarce and costly
supervision to separable roles.

In this paper, we instantiate the proposed paradigm in
the context of coastal harbor understanding. As illustrated
in Fig. 2, we establish CPRS, a three-layer supervision
dataset comprising RS-Anchor, Bridge-Conv, and Scenario-
EG in alignment with the ordered adaptation route shown in
Fig. 3. RS semantic anchoring establishes broad overhead-
view visual-language alignment as the basis for subsequent
specialization. Domain-bridge convergence learns RS pri-
ors shared across target and bridging scenarios under multi-
ple modalities. Evidence-grounded scenario tuning focuses
adaptation on harbor-specific downstream tasks and strength-
ens evidence-grounded responses under negative or ambigu-
ous conditions.

An eight-track diagnostic benchmark is constructed and
denoted as HarborEval, covering RGB, SAR, PAN, and NIR
imagery from both harbor and non-harbor scenes. Under
comparable training budgets, FBA consistently outperforms
Direct-SFT and Collapsed-SFT with both LLaVA-v1.5 and
Qwen3-VL backbones (Liu et al. 2024b; Bai et al. 2025a),
as shown in Table 1. Further comparisons with existing
RS-MLLMs on HarborEval, the harbor-related subsets of
VRSBench and RSVQA (Li, Ding, and Elhoseiny 2024; Lo-
bry et al. 2020), and OpenEval support the effectiveness of
the proposed route (Table 2). Stage-wise analyses and role-
replacement controls further verify the intended capability
role of each stage and demonstrate progressive capability-gap
filling along the ordered route (Tables 3 and 4).

The main contributions of this work are as follows:
• We formulate scenario-specialized RS-MLLM adapta-

tion under scarce high-quality scenario supervision as
a capability-gap-driven post-training problem.

• We propose FBA, a post-training route that progressively
fills capability gaps through three ordered stages, in-
cluding RS semantic anchoring, domain-bridge conver-
gence, and evidence-grounded scenario tuning, respec-
tively supported by the CPRS supervision layers RS-
Anchor, Bridge-Conv, and Scenario-EG.

• We instantiate FBA for coastal harbor understanding and
construct HarborEval, an eight-track diagnostic bench-
mark. Extensive experiments show that FBA consistently
outperforms alternative post-training routes across multi-
ple backbones, achieves competitive performance against
existing RS-MLLMs, and progressively closes the tar-
geted capability gaps across the ordered adaptation stages.

Related Work
Remote Sensing Vision-Language Foundations
RS vision-language research has narrowed the semantic gap
between natural-image pretraining and RS imagery through
captioning (Lu et al. 2018; Cheng et al. 2022), VQA (Lo-
bry et al. 2020), cross-modal retrieval (Yuan et al. 2022),
and large-scale geospatial image-text alignment (Wang et al.
2024; Zhang et al. 2024b; Liu et al. 2024a). These works pro-
vide broad RS semantic grounding for classification, local-
ization, captioning, and open-ended understanding (Kuckreja
et al. 2024; Li, Ding, and Elhoseiny 2024; Hu et al. 2025),
and thus motivate the RS Semantic Anchoring stage to be
considered in our route. However, they mainly address gen-
eral overhead semantic alignment and rarely specify how to
deal with scarce scenario-level supervision when target be-
haviors require modality-aware evidence, spatial grounding,
uncertainty handling, and rejection.

RS-MLLMs and Scenario-Level Understanding
Recent RS-MLLMs adapt general multimodal foundations
to the RS field through RS alignment, instruction tuning,



Figure 2: Progressive data curation of the CPRS dataset for the staged route.

grounded dialogue, and multi-source Earth-observation in-
puts (Kuckreja et al. 2024; Zhang et al. 2024a; Soni et al.
2025; Zhan, Xiong, and Yuan 2025). Such methodologi-
cal advances boost general RS instruction following, cap-
tioning, VQA, region-level interpretation, and multi-source
understanding (Hu et al. 2025; Luo et al. 2024; Li et al.
2025). Nevertheless, scenario-specific applications demand
far more than broad RS competence. Taking coastal harbor
analysis as a representative vertical task, reliable interpreta-
tion depends on functional zones, vessel layout, grid localiza-
tion, non-harbor rejection, and evidence-grounded reporting
across RGB, SAR, PAN, and NIR observations. Direct target-
domain SFT can overburden limited high-quality scenario
data, because the same samples must support both required
capability adaptation and final scenario behavior.

Post-Training Routes for Scenario Specialization
Our work is also related to instruction tuning (Wei et al.
2022; Liu et al. 2023), curriculum learning (Bengio et al.
2009), and continual domain adaptation (Gururangan et al.
2020; Kirkpatrick et al. 2017; Rolnick et al. 2019). These
paradigms show that training order and supervision design
have a strong effect on adaptation, but their data partitioning
strategies are primarily guided by example difficulty (Bengio
et al. 2009) (Wang et al. 2023b), instruction diversity (Wang
et al. 2023b), domain continuation (Gururangan et al. 2020),

or task arrival (Kirkpatrick et al. 2017; Rolnick et al. 2019). In
contrast, we organize post-training by the capabilities needed
for scenario specialization. Each data layer is assigned a
distinct role: broad RS semantic anchoring, multi-source
domain-bridge convergence, and final evidence-grounded
scenario tuning. This novel formulation recasts scenario spe-
cialization from target-only SFT as a capability-gap-filling
process.

Methods
Progressive Data Curation
To demonstrate the practical realization of the proposed FBA
paradigm through coastal harbor understanding, we first con-
struct CPRS, a three-layer supervision dataset with broad ge-
ographic coverage across coastal and port regions, as illus-
trated in Fig. 2. The three supervision layers, denoted by D1,
D2, and D3, correspond to RS-Anchor, Bridge-Conv, and
Scenario-EG, respectively. They contain 569,853 RGB RS
image-caption pairs, 187,296 multi-source bridge-domain
SFT samples, and 53,000 harbor-specialized instruction sam-
ples. The proportion of harbor-related RS images increases
progressively from 15% in D1 to 55% in D2 and 85% in D3.
The construction of each supervision layer is detailed below.

To align overhead-view visual patterns with RS seman-
tics, RS-Anchor is constructed from existing RGB RS cap-
tioning (Lu et al. 2018; Cheng et al. 2022; Ge et al. 2025),



Figure 3: Convergent staged post-training route: S1 RS semantic anchoring, S2 domain-bridge convergence, and S3 evidence-
grounded scenario tuning.

retrieval (Yuan et al. 2022), and geospatial image-text re-
sources (Wang et al. 2024; Yuan et al. 2025; Soni et al.
2025). These data are screened, normalized, deduplicated,
and quality-checked to form a large-scale, quality-controlled
image-text supervision pool for initial RS visual-language
alignment.

Following the initial RS visual-language alignment estab-
lished by RS-Anchor, Bridge-Conv extends supervision be-
yond general RGB imagery to target harbor scenes together
with coastal-port bridging scenes across RGB, SAR, PAN,
and NIR. As illustrated in Fig. 2(c), we employ staged multi-
teacher (SMT) distillation to construct D2 as a high-quality
instruction-tuning set from this multi-source image pool:

ei = Tmeta(xi,mi, si),

ũi = Tsyn(xi, ei),

ui = Tver(xi, ei, ũi),

D2 = SMT(X2) = {(xi, ui) | xi ∈ X2, ui ̸= ∅} ,

(1)

where X2 represents the curated image pool that contains
both target and bridging scenes. For each image xi, mi and
si denote its modality and scene type, while ei, ũi, and ui are
the normalized evidence, synthesized instruction response,
and verified response, respectively. Here, SMT refers to the
sequential application of three teachers: Tmeta first normal-
izes the sensor, source, and scene evidence into ei, Tsyn then
generates ũi conditioned on the image and normalized ev-
idence, and Tver accepts, rewrites, or rejects the response
according to its visual support and modality consistency.

Scenario-EG constitutes the final supervision layer D3,
comprising 53,000 harbor-specialized instruction samples
that further concentrate supervision on evidence-grounded
behavior in the target scenario. It covers diverse harbor-
specific downstream behaviors and incorporates negative

and uncertainty-aware supervision under stricter evidence-
grounding criteria, thereby reducing overfitting to narrow
scene patterns and improving response calibration when vi-
sual evidence is insufficient or ambiguous.

Overall, CPRS organizes supervision along a progres-
sive trajectory from broad RGB RS semantics, through
multi-source bridge-domain instruction tuning, to evidence-
grounded harbor specialization, thereby supporting the sub-
sequent convergent staged training. The specific SMT teacher
configurations and prompt templates, together with the re-
finement and audit procedures for Scenario-EG, are detailed
in Supplementary Sections S1–S2 and Tables S1–S2.

Convergent Staged Training
Given the three CPRS supervision layers D1, D2, and D3,
FBA organizes model adaptation into three ordered training
stages, denoted by S1, S2, and S3, as demonstrated in Fig. 3.
These stages correspond to RS semantic anchoring, domain-
bridge convergence, and evidence-grounded scenario tun-
ing, respectively. Let M0 denote the initial general-purpose
MLLM, with Mk representing the RS-MLLM model ob-
tained after stage Sk. The staged adaptation is formulated
as:

Mk = Adapt (Mk−1, Dk) , k ∈ {1, 2, 3}, (2)
where each stage initializes from the model produced by the
preceding stage and leverages its corresponding supervision
layer.

At stage S1, RS semantic anchoring adapts the initial
general-purpose MLLM M0 using RS-Anchor supervision
D1. This stage establishes the overhead-view visual-language
correspondence required for RS interpretation, producing
M1 with a broad RS semantic basis for the subsequent stages.

With the broad RS semantic basis established at S1, stage
S2 performs domain-bridge convergence by further adapting



M1 using Bridge-Conv supervision D2. As displayed in
the S2 panel of Fig. 3, this stage concurrently exposes the
model to target harbor scenes and coastal and port-related
bridging scenes across RGB, SAR, PAN, and NIR. Their joint
supervision encourages the consolidation of RS priors shared
across target and bridging scenes under multiple modalities,
which we conceptually formulate as follows:

Dm
2,t = {(xi, ui) ∈ D2 | mi = m, si = target} ,

Dm
2,b = {(xi, ui) ∈ D2 | mi = m, si = bridge} ,

Pshared = SharedRS

({
Dm

2,t, D
m
2,b

}
m∈M

)
,

(3)

where Dm
2,t and Dm

2,b denote the target-scene and bridging-
scene subsets of D2 under modality m, respectively. Pshared

represents the RS priors shared across the two scene groups
and modalities, including texture, layout, viewpoint, ob-
ject patterns, and scene structure. By leveraging these
shared priors, S2 strengthens the learning of harbor-relevant
visual-language representations across multiple modalities
and establishes the prerequisite capabilities for subsequent
scenario-specialized tuning at S3.

Finally, stage S3 applies evidence-grounded scenario tun-
ing to M2 using Scenario-EG supervision D3. As shown
in the S3 panel of Fig. 3, this stage focuses training on
harbor-specific downstream tasks across perception, spatial
understanding, robustness, and generation, while strength-
ening the use of visual evidence and the handling of hard
negative cases. Building on the RS semantic foundation es-
tablished at S1 and the multi-source shared priors learned at
S2, S3 further aligns model responses with visual evidence
from the target scenario, thereby improving reliability when
such evidence is absent or ambiguous. The resulting M3 is
the final harbor-specialized RS-MLLM.

Overall, the convergent staged training route progressively
narrows the focus of supervision from broad RS semantic an-
choring, through multi-source domain-bridge convergence,
to evidence-grounded harbor specialization, with each sub-
sequent stage building on the capabilities established in the
previous stage. By assigning a distinct capability role to each
stage, the ordered route yields the final harbor-specialized
model M3.

Harbor-Scenario Evaluation Protocol
The evaluation of the proposed paradigm is conducted at
two levels using various metrics. RS-VL Val. and Multi-
Source Val. assess intermediate capabilities acquired along
the staged route, while HarborEval, together with the harbor-
related subsets of VRSBench and RSVQA (Li, Ding, and
Elhoseiny 2024; Lobry et al. 2020), and OpenEval evaluate
final harbor-scenario performance. All scores are reported
on a scale of 0–100 and are rounded to two decimal places.
Further details on benchmark construction and split statis-
tics, together with the per-track scoring protocols, including
answer matching, caption description and expert scoring,
and ambiguity resolution, are provided in the Supplemen-
tary Sections S3, S5, and S6.

Intermediate Capability Validation The intermediate ca-
pabilities associated with stages S1 and S2 are verified by

RS-VL Val. and MultiSource Val., respectively. RS-VL Val.
assesses overhead-view visual-language alignment and broad
RS semantic grounding, whereas MultiSource Val. evaluates
multi-source understanding across RGB, SAR, PAN, and
NIR imagery. The above-mentioned capabilities are devel-
oped along the staged route prior to the final harbor-scenario
evaluation.

HarborEval for Scenario Diagnosis HarborEval is an
eight-track diagnostic benchmark spanning RGB, SAR, PAN,
and NIR imagery from harbor and non-harbor scenes, with
source records disjoint from CPRS training supervision. It
assesses perception, spatial understanding, robustness, and
generation through object recognition, functional-zone un-
derstanding, modality recognition, spatial relations, grid lo-
calization, negative-case handling, non-harbor rejection, and
evidence-grounded reporting.

The overall HarborEval score Heval is computed as the
unweighted average of all eight diagnostic tracks after their
normalization to a common 0–100 scale:

Heval =
1

NT

∑
t∈T

St, T = {1, . . . , NT }. (4)

where T denotes the set of diagnostic tracks, NT = 8, and
St is the normalized score for track t. The seven structured
tracks are evaluated using their corresponding task-specific
metrics, whereas the open-ended reporting track is scored by
a fixed image-grounded judge (Zheng et al. 2023) based on
Doubao-Seed-1.8-Vision (ByteDance Seed Team 2025).

Public Benchmarks and Expert Evaluation To comple-
ment HarborEval with external validation, we derive harbor-
related subsets from the public test splits of VRSBench and
RSVQA. These subsets include both harbor and non-harbor
samples relevant to the target scenario and evaluate harbor-
related recognition and reasoning on public benchmark data.
OpenEval further validates open-ended evidence-grounded
responses and negative-case handling through manual scor-
ing by domain experts.

Experiments and Analysis
Experimental Setup
We evaluate FBA on LLaVA-v1.5 and Qwen3-VL (Liu et al.
2023, 2024b; Bai et al. 2025a). Direct-SFT uses the harbor-
specialization supervision in D3, whereas Collapsed-SFT
trains on C2,3 = D2 ∪ D3 in a single stage, either directly
or after S1; FBA follows the ordered route S1 → S2 → S3.
For LLaVA-v1.5, the official model is reported as a back-
bone reference, while I0 and G0 denote the pre-alignment
initialization and the natural-image–text aligned checkpoint,
respectively. For Qwen3-VL, B0 denotes the officially re-
leased checkpoint used for subsequent post-training.

Within each backbone family, all adapted routes share the
same target-scenario supervision set D3 but differ in the
inclusion and ordering of prerequisite D1 and D2. LoRA
configurations (Hu et al. 2022), optimization, and inference
settings are otherwise aligned. Details appear in Supplemen-
tary Sections S4–S6.



Backbone Training Route Main Perception Spatial Robustness Generation
Overall Object Zone Modality Relation Grid Negative Reject Report

LLaVA-v1.5 full-pipeline validation from multimodal initialization

LLaVA-v1.5 Official Model (ref.) 46.22 71.42 51.67 48.54 51.12 32.13 47.15 40.24 27.47
Direct-SFT 57.95 75.07 66.67 50.88 60.67 48.37 52.03 37.28 72.60
G0→C2,3 55.34 42.41 52.22 61.40 68.09 45.86 52.85 58.69 61.20
I0→S1→C2,3 55.74 73.85 51.11 57.89 59.55 31.74 34.96 67.46 69.34

FBA: I0→S1→S2→S3 70.29 73.47 67.22 80.12 69.10 43.82 69.11 85.80 73.70

Native MLLM adaptation from official visual-instruction-tuned base

Qwen3-VL B0 70.37 80.06 74.44 76.02 40.91 65.81 65.85 94.67 65.24
Direct-SFT 81.09 87.99 78.33 81.29 81.46 66.06 78.05 95.27 80.23
B0→C2,3 72.84 88.06 39.44 58.48 82.58 65.70 74.80 98.82 69.25
B0→S1→C2,3 79.36 82.06 80.56 81.97 84.27 67.56 65.85 98.82 73.76

FBA: B0→S1→S2→S3 83.37 92.42 81.11 82.46 83.15 68.61 79.67 98.22 81.32

Table 1: HarborEval diagnostic results for scenario-specialized RS-MLLMs under different training routes.

Model Params Data Scale HarborEval VRSBench RSVQA OpenEval

Existing RS-MLLMs

GeoChat [CVPR’24] 7B 318K* 47.49 53.44 51.46 21.78
SkyEyeGPT [ISPRS’25] 7B 968K 28.28 36.72 36.72 12.33
LHRS-Bot-Nova [ISPRS’25] 7B 2.02M 39.73 28.40 31.15 22.96
SkySenseGPT [ISPRS’26] 7B 3.00M 47.24 42.99 42.98 35.78

Models trained with the proposed paradigm

FBA (LLaVA-v1.5) 7B 810K 70.29 57.62 53.96 61.47
FBA (Qwen3-VL) 8B 810K 83.37 67.77 63.00 76.67

Table 2: Scenario-level comparison with existing RS-MLLMs on HarborEval, VRSBench, RSVQA, and OpenEval.
*GeoChat is initialized from LLaVA-1.5 and its reported data scale excludes the inherited ∼1.22M general-purpose samples for consistency.

Backbone Route RS-
VL

MS HE VRS RQA OE

LLaVA-v1.5

I0 N/A N/A N/A N/A N/A N/A
+S1 69.71 52.97 29.44 49.54 37.00 42.23
+S2 87.53 73.55 35.61 54.88 47.55 58.01
+S3 89.16 68.04 70.29 57.62 53.96 61.47

Qwen3-VL

B0 90.40 69.60 70.37 57.02 50.63 65.48
+S1 95.29 70.32 77.26 51.14 54.66 60.03
+S2 93.37 79.77 71.80 66.58 57.30 60.15
+S3 92.22 76.54 83.37 67.77 63.00 76.67

Table 3: Stage-wise capability trajectory.+Sk denotes cumu-
lative training. RS-VL and MS are intermediate diagnostics.
HE, VRS, RQA, and OE denote HarborEval, VRSBench,
RSVQA, and OpenEval and are reused in Table 4.

Main Results and Model Comparison
Training Route Comparison To investigate the perfor-
mance gains arising from the ordered supervisions, we com-
pare FBA with direct and collapsed training routes under
matched settings across the two backbone families. Ta-

ble 1 compares different training routes on HarborEval.
For LLaVA-v1.5, FBA achieves an overall score of 70.29,
substantially outperforming Direct-SFT (57.95), G0→C2,3

(55.34), and I0 →S1 →C2,3 (55.74). For Qwen3-VL, FBA
reaches 83.37, exceeding Direct-SFT (81.09), B0 (70.37),
B0 → C2,3 (72.84), and B0 → S1 → C2,3 (79.36). These
results show that the ordered post-training route is more ef-
fective than either direct target-scenario tuning or collapsing
bridge-domain and scenario supervision into a single stage.
The gains of FBA are distributed across multiple capabil-
ity dimensions, with particularly substantial improvements
in zone understanding, modality recognition, negative-case
handling, and report generation. Although several alternative
routes remain competitive on individual tracks, FBA delivers
the strongest overall, most balanced performance across both
backbone families.

Comparison with Existing RS-MLLMs To assess
whether the advantages of the proposed route extend be-
yond the controlled comparisons within each backbone fam-
ily, we compare the resulting models with representative RS-
MLLMs (Kuckreja et al. 2024; Zhan, Xiong, and Yuan 2025;
Li et al. 2025; Luo et al. 2024) on HarborEval, the harbor-



Ctrl. Variant RS-
VL

MS HE VRS RQA OE

D1
Gen-IT Dgen

1 76.42 64.49 60.36 56.77 51.01 55.30
RS-Anchor Danc

1 89.16 68.04 70.29 57.62 53.96 58.01

D2
Non-bridging Dori

2 84.36 66.90 57.11 54.77 48.13 52.06
Bridge-Conv Dbrg

2 89.16 68.04 70.29 57.62 53.96 58.01

D3
Non-EG Dori

3 88.97 67.78 50.12 52.98 49.36 44.11
Scenario-EG Deg

3 89.16 68.04 70.29 57.62 53.96 58.01

Table 4: LLaVA-side role-replacement controls for testing
capability-role assignment. Gen-IT denotes generic image-
text data.

related subsets of VRSBench and RSVQA, and OpenEval.
As shown in Table 2, both FBA variants outperform all
compared RS-MLLMs across the four evaluation settings,
with the Qwen3-VL variant achieving the strongest overall
performance. Notably, these results are obtained using ap-
proximately 810K curated samples, fewer than those used
by several compared models. The comparison further sup-
ports the effectiveness of the proposed paradigm for harbor-
scenario specialization. Complementary analyses of hard-
negative and visually ambiguous cases across RGB, SAR,
PAN, and NIR imagery are provided in Supplementary Sec-
tions S7–S8 and Figures S2–S3.

Stage-wise and Role Analysis
To verify the intended capabilities developed by the ordered
route across successive stages, we analyze the cumulative
models obtained after S1, S2, and S3, respectively. Table 3
reports their performance on the two intermediate diagnos-
tics, RS-VL Val. and MultiSource Val., together with the
four final harbor-scenario evaluations. The quantitative re-
sults show a clear stage-specific progression in capability. S1

establishes a strong RS visual-language foundation, while
S2 yields the largest improvement in multi-source under-
standing and further strengthens performance on the pub-
lic harbor benchmarks. With these prerequisite capabilities
established, S3 substantially enhances final harbor-scenario
performance and achieves the best scores on HarborEval,
VRSBench, RSVQA, and OpenEval for both backbone fam-
ilies. The intermediate diagnostics also remain robust as su-
pervision becomes progressively focused on target-scenario
behavior.

We further perform role-replacement controls on the
LLaVA-v1.5 route to explore the contribution of each super-
vision layer. As shown in Table 4, RS-Anchor consistently
outperforms generic image-text supervision across both in-
termediate and downstream evaluations, demonstrating the
importance of RS semantic anchoring. Bridge-Conv im-
proves all six metrics over non-bridging supervision, sup-
porting the use of target-related bridging scenes for multi-
source harbor adaptation. Scenario-EG delivers the largest
gains on HarborEval and OpenEval while preserving the
previously established intermediate capabilities, confirming
its role in final evidence-grounded scenario specialization.

Figure 4: The representation proximity between the Harbor
and the other domains. Cosine similarities and kNN statistics
are computed in the original joint embedding space.

Together, these results validate the distinct and successive
capability roles of the three supervision layers.

Bridging Transfer Analysis
We assess the suitability of Bridge-Conv scenes as an inter-
mediate supervision domain by measuring their representa-
tional proximity to harbor imagery. Harbor, bridging, gen-
eral RS, and natural-image samples are mapped to a shared
visual-language embedding space. Figure 4 shows their two-
dimensional t-SNE distributions (van der Maaten and Hin-
ton 2008), while centroid cosine similarities and nearest-
neighbor statistics are computed in the original embedding
space.

In Fig. 4, the bridging centroid achieves a cosine similarity
of 0.92 to the harbor centroid, exceeding that of general RS
(0.73) and natural-image samples (0.54). A similar pattern
appears in the local neighborhoods. Among the 100 nearest
non-harbor neighbors retrieved for each harbor query, bridg-
ing samples account for 70.1%, compared with 29.3% gen-
eral RS samples and 0.6% natural-image samples. These ob-
servations indicate that the design of Bridge-Conv and stage
S2 preserve stronger harbor-related visual-language priors
than the broader comparison domains.

Conclusion
We present a capability-gap-driven staged route named FBA
for scenario-specialized RS-MLLM adaptation. FBA first
fills RS semantic anchoring and multi-source bridging before
final evidence-grounded behaviors. The harbor instantiation
serves as a practical example for scenario-specialized RS-
MLLMs under limited high-quality supervision. Extensive
experiments demonstrate that FBA achieves superior perfor-
mance across comprehensive harbor diagnostics benchmarks
over direct and collapsed alternatives on LLaVA-v1.5 and
Qwen3-VL backbones.
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Supplementary Material
Filling Before Advancing: Capability-Gap-Driven Post-Training for

Scenario-Specialized Remote Sensing MLLMs

S1 Additional Data-Curation Details
S1.1 Unified Data Collection and Curation

Pipeline
Although the stages differ in supervision format, they
share a common curation pipeline. We normalize heteroge-
neous sources into image-text or ShareGPT-style instruction
records, with explicit image references, modality labels, and
task fields when available. For image-text data, we enforce
image-level uniqueness and retain one caption per image. For
instruction data, we center conversations on visible evidence
and exclude audit-only metadata from the final training input.

The main filtering criterion is visual groundedness. We
reduce weakly visual expressions, including place names,
addresses, precise distances, geographic coordinates, un-
supported attributes, and metadata-dependent answers. For
non-RGB modalities, language is constrained by observabil-
ity: synthetic aperture radar (SAR) samples allow conser-
vative uncertainty, near-infrared (NIR) samples avoid RGB
color assumptions, and panchromatic (PAN) samples em-
phasize grayscale contrast, geometry, texture, and spatial or-
ganization (Zhu et al. 2021; Vivone 2023). Model-assisted
rewriting produces descriptions, visual question answering
(VQA), localization, region understanding, relation reason-
ing, modality-aware questions, and concise reports. Fixed
teacher roles are used for metadata grounding, instruction
synthesis, and evidence verification. Their prompts, gener-
ation settings, and retry outcomes are retained only as au-
dit information and are excluded from the exported student
records. Subsequent checks remove malformed conversa-
tions, duplicated answers, missing image tokens, coordinate-
style leakage, and modality-incompatible claims.

S1.2 Stage-Specific Progressive Design
Stage 1 constructs RS-Anchor, a broad RGB remote-sensing
(RS) visual-language anchor. After caption cleaning, image
deduplication, scene classification, and diversity-aware sam-
pling, it retains 569,853 unique image-caption pairs from
3,135,250 original samples across eight public datasets (Lu
et al. 2018; Yuan et al. 2022; Cheng et al. 2022; Ge et al. 2025;
Yuan et al. 2025; Soni et al. 2025). The retained captions em-
phasize observable land cover, land use, spatial layout, object
distribution, and coarse scene structure. Metadata-heavy de-
scriptions are filtered to provide visually grounded semantics
before instruction tuning and non-RGB exposure. The re-
tained Stage 1 inventory comprises RSTeller (407,566 pairs),
RSSRData (95,776), NWPU Caption (29,609), ChatEarth-
Net subsets (15,278), RSICD (10,219), EarthDial (8,806),
UCM Captions (2,039), and Sydney Captions (560). Smaller
caption datasets supply targeted coverage where available,
while RSTeller preserves scale after strict visual-grounding
filters.

Stage 2 constructs Bridging-Conv for Domain-Bridging
Convergence. The final curated mixture contains 187,296 su-
pervised fine-tuning (SFT) samples across RGB, SAR, NIR,

and PAN. Its RGB subset contains 99,088 image-unique sam-
ples, including 59,453 water-, coast-, port-, dock-, or ship-
related records. This bridging stage is scenario-aware without
collapsing into the final harbor task. Its underlying sources
include SAR text-anchored data, object and ship recognition
datasets, multispectral land-cover corpora, public caption
and VQA resources, near-domain maritime samples, and ad-
ditional public harbor imagery. Representative documented
sources in these families include OpenSARShip, SEN12MS,
BigEarthNet, DOTA, DIOR, and EarthDial (Huang et al.
2018; Schmitt et al. 2019; Sumbul et al. 2019; Xia et al.
2018; Li et al. 2020; Soni et al. 2025). These sources are not
concatenated as raw records; they are converted into image-
centered SFT conversations, rewritten under modality con-
straints, and audited for visual groundedness. The non-RGB
subsets follow modality-specific constraints: SAR empha-
sizes structural layout and uncertainty control, NIR avoids
RGB color assumptions, and PAN stresses geometry, edges,
grayscale contrast, and spatial organization.

Stage 3 constructs Scenario-EG for Evidence-Grounded
Harbor Tuning. It contains 53,000 train-only ShareGPT sam-
ples associated with 8,703 RGB, SAR, PAN, and NIR im-
ages. Its supervision emphasizes relation reasoning, presence
validation, multi-cell grid localization, and functional-zone
descriptions that distinguish dominant, secondary, mixed,
and uncertain interpretations. Controlled non-harbor neg-
atives teach evidence-based rejection, while short-answer
VQA, concise-response replay, and Stage 2 replay help pre-
serve direct answering and broader RS behavior (Rolnick
et al. 2019). The final pool is selected from a larger in-
termediate set and audited to remove malformed conver-
sations, missing image references, metadata and task-field
leakage, benchmark-specific traces, underscore labels, and
unsupported identity, activity, cargo, location, or temporal
claims. Table S1 summarizes the three training-supervision
pools; the separately maintained evaluation packages are doc-
umented in Section S3.

Source-family inventory. The Stage 2 and Stage 3 pools
draw on complementary sensor and task families rather
than raw benchmark merges. SAR supervision combines
text-anchored radar records with OpenSARShip and HRSID
for ship, water, port, and structural-layout evidence under
conservative uncertainty (Huang et al. 2018; Wei et al.
2020). PAN and multispectral supervision uses PANBench,
SEN12MS, and BigEarthNet to emphasize grayscale struc-
ture, reflectance, texture, geometry, and land-cover context
without importing RGB-only color assumptions (Wang et al.
2023a; Schmitt et al. 2019; Sumbul et al. 2019).

Object- and region-oriented records from DOTA, DIOR,
and optical or SAR ship-recognition sources, including
ShipRSImageNet, are converted into natural-language lo-
calization, relation, and region-understanding conversa-
tions (Xia et al. 2018; Li et al. 2020; Zhang et al. 2021). Earth-
Dial, EarthGPT, and established RS caption corpora provide



Pool Modality Scale and audit focus

RS-Anchor
(D1)

RGB 569,853 image-caption pairs;
image-level deduplication and
visible-semantic filtering.

Bridging-Conv
RGB (D2)

RGB 99,088 SFT records, including
59,453 water-, coast-, port-, dock-,
or ship-related records.

Bridging-Conv
non-RGB (D2)

SAR,
NIR, PAN

SAR 29,984; NIR 28,475; PAN
29,749, with sensor-specific
observability constraints.

Scenario-EG
(D3)

RGB,
SAR,

NIR, PAN

53,000 train-only SFT records over
8,703 images; metadata and
benchmark traces removed.

Table S1: Training-supervision pools used by the progres-
sive route. Evaluation records and answer-bearing fields are
excluded from every pool.

description and question-answering material, while MME-
RealWorld contributes only evidence-compatible rejection
and contrastive repair cases (Soni et al. 2025; Zhang et al.
2024a; Lu et al. 2018; Zhang et al. 2025). Additional pub-
lic harbor and maritime imagery expands variation in dock,
quay, coastal industrial, and ship-dense layouts. All retained
records undergo the same image deduplication, modality-
aware rewriting, SMT verification, leakage removal, and
train-only export described above.

Count traceability and data separation. The reported
counts are derived from frozen construction inventories and
independently checked against the final exported training
pools. For each stage, the audit records preserve source-level
counts, image-level deduplication outcomes, modality com-
position, missing-image checks, and the removal of metadata
or benchmark-related fields. Superseded intermediate pools
are excluded from the totals, preventing duplicate counting
when a sample is rewritten or replaced. Before training, all
retained records pass image deduplication, modality-aware
rewriting, SMT verification, leakage removal, and train-only
export. The resulting pools are therefore curated instruction
data rather than raw benchmark merges, while source identi-
fiers and collection notes remain available for internal audit.

Harbor imagery coverage. The harbor-oriented records
used for Bridging-Conv, Scenario-EG, HarborEval, and
OpenEval are designed to cover more than a single local
port style. As summarized visually in main-paper Fig. 2(b),
the collection spans Pacific and Atlantic coasts, the Gulf of
Mexico, Atlantic Europe, the Baltic Sea, the Mediterranean
Coast, the East Asia Coast, the South China Sea, and mar-
itime Southeast Asia. Within East Asia, additional represen-
tative large-port imagery strengthens examples of coastal in-
dustrial harbor layouts, berthing zones, storage yards, inland-
water connections, and ship-dense operational scenes. These
geographic and functional additions are used as curation di-
versity rather than as location labels exposed to the student
model.

Figure S1 gives a lexical sanity check of the harbor-
oriented source vocabulary used during data construction and

Figure S1: Word-cloud summary of harbor-oriented vocabu-
lary used as a qualitative coverage check for scenario terms,
functional-zone cues, maritime objects, and surrounding
coastal evidence.

auditing; word size is used only for visualization, not as a re-
ported quantitative statistic. The dominant terms cover core
port infrastructure and operations, including ports, docks,
berths, terminals, containers, cranes, cargo, vessels, and nav-
igational channels. Medium- and small-frequency terms fur-
ther cover coastal context and surrounding evidence, such as
shoreline, tidal flats, breakwaters, seawalls, ferry/boat types,
storage yards, wetlands, mangroves, aquaculture, oil tanks,
and coastal erosion. This vocabulary spread supports the in-
tended data role: the target scenario is represented not only
by object names, but also by functional zones, maritime in-
frastructure, shoreline context, environmental surroundings,
and evidence cues used for grounded reporting and rejection.

S2 Bridging-Conv Construction Workflow
The main paper provides the formal definition of Bridging-
Conv; here we focus on its operational construction. For each
source image, the pipeline first identifies the sensor modality
and normalizes the available source and scene evidence un-
der modality-specific observability constraints. RGB, SAR,
PAN, and NIR inputs are then converted into their cor-
responding training representations and paired with target
or neighboring bridging context, including harbor and port
scenes, water, coasts, ships, docks, and related infrastructure.
An instruction-synthesis teacher converts this grounded evi-
dence into a candidate image–instruction–answer record, af-
ter which a stricter verifier either retains the record, rewrites
unsupported wording, or discards the sample. The resulting
audited records form the Stage 2 Bridging-Conv supervi-
sion pool. Source metadata, construction tags, and verifier
rationales support curation and auditing only; they are never
exposed to the student model as privileged training inputs.



Teacher and verifier identities, prompts, rubrics, and retry
rules are retained as implementation records for reproducibil-
ity.

S2.1 Staged Multi-Teacher Distillation
We use staged multi-teacher (SMT) distillation as a
construction-time mechanism, not as a separate model
component. Its three ordered roles are metadata ground-
ing, instruction synthesis, and evidence verification. Meta-
data grounding normalizes source and modality tags under
sensor-specific observability constraints. Instruction synthe-
sis then produces ShareGPT-style image–instruction–answer
records, and the verifier retains, rewrites, or drops candidates
under stricter visual-evidence rules. The student sees only the
final audited records, while private metadata, verifier ratio-
nales, and teacher notes are removed.

For Bridging-Conv, SMT controls hallucination risks in-
troduced by heterogeneous sources and sensor-dependent ob-
servability (Li et al. 2023b). For SAR, PAN, and NIR, verifi-
cation suppresses unsupported color, material, fine-identity,
and activity claims. Across modalities, it removes weakly vi-
sual answers, metadata-dependent statements, duplicate im-
age references, benchmark traces, and unsupported operation
descriptions. Retained samples emphasize observable scene
structure, objects, spatial relations, modality-aware evidence,
and calibrated uncertainty; unreliable samples are discarded
rather than template-expanded.

S3 Evaluation Suite Construction and Audit
S3.1 Evaluation Package Roles and Separation
The paper uses five separately maintained evaluation pack-
ages, summarized in Table S3. RS-VL Val. and MultiSource
Val. are frozen stage diagnostics that test whether the in-
tended capabilities emerge after Stages 1 and 2. HarborEval
is the principal scenario-diagnostic benchmark for final har-
bor understanding. Public Harbor tests transfer on public-
source harbor subsets derived from VRSBench and RSVQA,
while OpenEval examines open-ended grounded reporting
under expert review. Keeping these packages separate pre-
vents stage-level validation from being conflated with the fi-
nal benchmark claim and clarifies the role of every reported
score.

S3.2 HarborEval Construction and Audit
HarborEval is constructed as a scenario-diagnostic evalua-
tion set rather than as another training corpus. Its purpose is to
probe whether a model specialized for coastal harbor RS can
combine object recognition, functional interpretation, spatial
reasoning, sensor-aware observability, uncertainty handling,
non-harbor rejection, and grounded reporting under the same
input restrictions used for all compared models. The bench-
mark is maintained separately from the stage-wise training
pools. In particular, the Stage 3 Scenario-EG pool is train-
only, whereas HarborEval retains private answers, evidence,
accepted labels, and scoring rubrics only for evaluation and
auditing. Once a source record is assigned to HarborEval, its
derived conversations are excluded from the training export;

this source-record holdout is distinct from the field-level con-
trols applied during inference.

S3.3 Evaluation Scope and Public/Private
Separation

HarborEval contains 1,245 items over 471 unique images.
Among them, 1,154 items are structured closed-form items
and 91 items are open-ended description or rejection items.
The average number of items per image is 2.64 and the max-
imum is 7. This item–image structure lets HarborEval probe
several capability roles on the same visual source when ap-
propriate, while keeping public inference records separate
from answer-bearing audit records.

The benchmark is organized into public inference records
and private answer records. During inference, a model re-
ceives only the image, question, and answer choices when
the task is closed-form. Fields such as modality, scene, dif-
ficulty, metric type, track name, answer, reference answer,
evidence objects, evidence relations, accepted grid cells, and
scoring rubrics are not inserted into the prompt. The track
field is retained only for evaluator-side grouping. The field-
level audit found no disallowed private fields in the public
inference records. This check complements, but does not
replace, the source-record holdout described above.

S3.4 Track Construction
HarborEval contains eight diagnostic tracks. The first seven
tracks focus on harbor-scenario understanding and grounded
reporting, while the eighth track tests whether the model
avoids forcing harbor interpretations onto non-harbor or near-
domain scenes. The headline score in the main paper macro-
averages all eight tracks after normalizing track-specific met-
rics to a common scale; for diagnostic interpretation, the T8
rejection track and the T7 open-ended description track are
also inspected separately.

The tracks are tied to capability roles rather than to iso-
lated task formats. T1 and T2 measure whether the model
recognizes scenario-relevant objects and functional areas. T3
and T4 measure whether it can reason about relative layout
and localize evidence without bounding-box supervision. T5
checks whether the model respects sensor-dependent observ-
ability constraints across RGB, SAR, PAN, and NIR. T6 tests
whether the model can distinguish visible evidence from un-
supported claims, including cases where identity, cargo type,
operator, exact status, or location cannot be determined from
imagery alone. T7 tests whether open-ended reports remain
grounded and concise. T8 tests whether the model rejects
false harbor interpretations in non-harbor or near-domain
scenes.

S3.5 Construction and Cleaning Workflow
The construction process starts from harbor and non-harbor
RS records and converts them into item-level diagnostic
questions. For harbor records, we generate or audit ob-
ject/scene questions, functional-zone labels, relation ques-
tions, grid-localization targets, modality-observability ques-
tions, evidence-calibrated yes/no/unknown judgments, and
open-ended report prompts. For non-harbor records, we con-
struct rejection-oriented questions that require the model to



SMT-P1 Evidence Grounding
Role: evidence-grounding teacher; produce audit tags, not final SFT answers.
Inputs: {image/rendering}, {modality: RGB|SAR|PAN|NIR}, {source fields}, {scenario context}.
Check: visible objects; functional zones; spatial layout; sensor-specific observability;
uncertainty risks.
Forbid: unsupported location, operator, cargo, identity, time, exact activity, and RGB-only
color claims for non-RGB images.
Output: {scene tags, visible evidence, spatial layout, modality limits, forbidden claims,
risk flags}.

SMT-P2 Instruction Synthesis
Role: synthesize one ShareGPT-style Bridging-Conv candidate.
Inputs: {image/rendering}, {evidence tags}, {task role}, {modality}, {target or neighboring
bridging context}.
Task menu: scene/object recognition; relation reasoning; spatial description; modality
judgment; calibrated uncertainty.
Constraint: ask and answer only from visible, modality-compatible evidence; never expose
metadata, labels, coordinates, rubrics, or source fields.
Output: {user turn, assistant turn, task type, modality, evidence summary, construction
tags}.

SMT-P3 Verify, Repair, or Drop
Role: strict verifier for evidence-grounded training records.
Inputs: {image/rendering}, {candidate SFT record}, {evidence tags}, {forbidden claims}.
Audit: visual support; modality compatibility; answer length; duplicate image references;
benchmark traces; metadata leakage; unsupported identity/cargo/operator/location/time claims.
Decision: KEEP if supported; REWRITE if the task is useful but wording is unsafe; DROP if
evidence is insufficient or the sample is unrecoverable.
Output: {decision, revised user, revised assistant, evidence status, flags, drop reason}.

Table S2: Semi-structured SMT prompt sketches for Bridging-Conv construction. The three roles decompose Stage 2 synthesis
into evidence grounding, instruction generation, and verifier-based repair. Braced fields are populated during construction;
private source fields, verifier rationales, and teacher notes are removed before ShareGPT export.

Package Role Modal. Scale Primary diagnostic or scoring focus

RS-VL Val. Stage 1 semantic-alignment
validation

RGB 356 images Ten-way hard-negative retrieval and
length-matched pairwise discrimination.

MultiSource Val. Stage 2 cross-sensor
validation

RGB / SAR /
PAN / NIR

Frozen generation and
choice tracks

Sensor-aware generation, modality
recognition, retrieval, and pairwise
discrimination.

HarborEval Final scenario-diagnostic
benchmark

RGB / SAR /
PAN / NIR

1,245 items; 471
images

Eight tracks covering harbor
understanding, grounding, calibration,
reporting, and rejection.

Public Harbor Public-source harbor
transfer

RGB 580 samples; 200
images

430 VQA items and 150 captioning
items derived from VRSBench and
RSVQA.

OpenEval Expert-scored open
reporting

RGB / SAR /
PAN / NIR

100 items Grounded reporting, expected
uncertainty, forbidden-claim control, and
non-harbor rejection.

Table S3: Evaluation packages used throughout the paper. Stage diagnostics measure intermediate capability acquisition;
HarborEval, Public Harbor, and OpenEval assess final scenario behavior and generalization.



Track Role Items Question types

T1 Object/scene
VQA

162 95 ML; 51 MC; 16 Y/N/U

T2 Functional zone 182 182 MC
T3 Relation

reasoning
183 165 MC; 18 Y/N/U

T4 Grid grounding 164 164 grid-choice
T5 Observability 171 171 Y/N/U
T6 Evidence

judgment
123 123 Y/N/U

T7 Report generation 79 79 open-ended
T8 Non-harbor

rejection
181 113 MC; 56 Y/N/U; 12

open-ended

Table S4: HarborEval track composition. ML denotes multi-
label, MC multiple-choice, and Y/N/U yes/no/unknown.

avoid hallucinating docks, quays, cargo terminals, vessels, or
port logistics when these elements are not supported by the
image.

The cleaning workflow removes weakly visual questions,
metadata-dependent answers, benchmark-specific traces, du-
plicated image references, malformed option sets, and
modality-incompatible statements. For non-RGB items, we
audit whether the wording relies on visible structure,
grayscale contrast, backscatter/texture, reflectance, edges,
or layout rather than RGB-only color assumptions. For
evidence-calibrated questions, we remove or rewrite prompts
that can be answered only from metadata, geographic knowl-
edge, source filenames, hidden labels, or external facts.
For open-ended items, forbidden-claim fields are kept in
the private answer package to penalize unsupported port
names, vessel identities, cargo types, coordinates, opera-
tional claims, and temporal claims during scoring.

This audit is intentionally conservative. It does not claim
that every visually ambiguous item has a single uniquely
correct answer; instead, the benchmark stores accepted al-
ternatives only where the private evidence supports them.
Functional-zone items can accept secondary or mixed labels
when the image genuinely supports more than one coarse in-
terpretation. Relation items remain stricter: accepted relation
alternatives are added only when relation boundaries such as
near versus adjacent or docked versus moored are visually
defensible. Grid-grounding items use accepted grid-cell sets
so that large or multi-cell objects are not penalized for cross-
ing a single canonical cell boundary.

S3.6 Answer Distribution and Boundary Cases
The package is designed as a diagnostic benchmark, so an-
swer balance is inspected at the track level rather than as-
sumed globally. Several subtracks have asymmetric labels
for substantive reasons: some auxiliary yes/no subsets are
biased toward visible evidence, while the rejection track nat-
urally contains more negative decisions because unsupported
harbor-specific claims should be refused. We therefore report
the headline track macro together with per-track scores and
auxiliary strict or open-ended diagnostics instead of relying

Audit item Value Interpretation

Closed and open
split

1,154/91 Package scope.

Images and
mean items

471/2.64 Item scores are correlated by
image.

T5–T6
revised/replaced

294/64 Weakly visual items were revised.

T2
majority-class
rate

32.97% Context for functional-zone
accuracy.

T4 multi-correct
ratio

40.24% Motivates accepted sets and soft
grid F1.

T7 complete
audit packets

79 All open reports retain private
scoring support.

Public-field
violations

0 Private answer and evidence fields
are excluded.

Table S5: Selected HarborEval audit statistics used to inter-
pret diagnostic scores.

on a single item-level accuracy number.
T2 contains six coarse functional-zone classes. The largest

class is water or navigation area with 60 items, followed by
mixed or uncertain port area with 39 items, berthing area
with 28 items, cargo storage area with 25 items, marina or
small-boat harbor with 16 items, and industrial or logistics
area with 14 items. This distribution reflects the visual struc-
ture of harbor scenes: water/navigation areas are frequent,
but the task still requires distinguishing storage, berthing,
industrial/logistics, marina, and mixed-use zones. T4 con-
tains 164 grid-grounding items. Among them, 98 items have
a single accepted grid cell and 66 have multiple accepted
cells, with an average accepted-cell set size of 1.79 and a
maximum of 9. The multi-correct ratio of 40.24% reflects
the fact that vessels, docks, basins, and storage areas often
span grid boundaries.

S3.7 Open-ended Audit
The T7 caption/report track contains 79 open-ended items.
Each item includes private scoring support: a scoring rubric,
forbidden claims, a reference answer, and key points. The
rubric has priority over optional key points during frozen T7
judging. Environmental descriptors such as clear weather,
calm sea state, daytime, nighttime, or modality names are
treated as optional consistency cues unless explicitly required
by the rubric. A model is therefore not penalized solely for
omitting such cues when it correctly reports visible objects,
relations, and layout. Conversely, hallucinated objects, un-
supported port names, vessel identities, cargo types, coordi-
nates, or operational details are penalized.

This design is important for RS reporting. Overhead im-
agery often supports functional and spatial interpretation,
but it rarely supports exact vessel identity, cargo type, op-
erator, port name, throughput, or timestamp-level claims.
The open-ended audit therefore rewards grounded coverage
and relation correctness while discouraging fluent but un-
supported operational narratives. For T8 open-ended rejec-



tion items, the audit checks whether the response describes
visible non-harbor scene elements and avoids unsupported
harbor-specific claims such as quay, berth, terminal, docked
vessel, cargo handling, or port logistics when those elements
are absent.

S3.8 Image-level Correlation and Reporting
HarborEval is item-based because different diagnostic ques-
tions can be derived from the same image. This design im-
proves coverage of capability dimensions without requiring
a much larger image set, but it introduces image-level cor-
relation. The package has 471 unique images, an average of
2.64 items per image, and a maximum of 7 items per image.
Most tracks have approximately one item per image, while T8
has 181 items over 63 unique images, averaging 2.87 items
per image. For this reason, the main paper reports item-level
metrics for compactness and treats image-level macro scores
as an auxiliary analysis.

S3.9 Remaining Benchmark Boundaries
The audit does not remove all sources of ambiguity. Some
harbor functional zones are genuinely mixed, some spatial
relations are boundary-dependent, and grid localization can
remain ambiguous when objects span multiple cells. The
accepted-answer mechanism reduces avoidable unfairness
but does not replace visual inspection for borderline cases.
Similarly, the T1 and T3 auxiliary yes/no subsets are re-
tained for diagnostic completeness but are not used alone as
evidence of scenario understanding. The T8 track is inten-
tionally a rejection diagnostic and should be interpreted as
a hallucination-control probe rather than as a general scene-
understanding benchmark. These boundaries are consistent
with the role of HarborEval in this paper: it is a compact di-
agnostic protocol for scenario-specific RS multimodal large
language model (RS-MLLM) specialization, not an exhaus-
tive benchmark for all harbor RS tasks.

S4 Implementation and Reproducibility
Details

Backbones and training routes. The controlled experi-
ments instantiate the same data-stage route on two represen-
tative multimodal large language model (MLLM) families.
The LLaVA-style route uses Vicuna-7B, a CLIP ViT-L/14-
336 vision tower, and a LLaVA-compatible multimodal pro-
jector (Radford et al. 2021; Liu et al. 2023, 2024b). The
native route uses Qwen3-VL-8B and its built-in multimodal
processor (Bai et al. 2025a). For each backbone, we compare
the proposed staged route with direct Evidence-Grounded
Harbor Tuning and Collapsed-SFT baselines. Collapsed-
SFT denotes a single target-stage optimization run over the
union of Bridging-Conv and Scenario-EG samples, rather
than capability-ordered exposure. The S1+Collapsed variant
first performs RS Semantic Anchoring and then collapses
Bridging-Conv and Scenario-EG into one subsequent SFT
stage. These routes keep the backbone, evaluation sets, se-
mantic prompts, decoding policy, and scoring rules fixed
within each family, so differences can be attributed to the or-

dering and composition of the post-training data rather than
to unrelated model changes.

Frozen manifests and checkpoint policy. All controlled
training uses frozen data manifests and a fixed random seed
(default seed 42). Each stage follows a predeclared data ex-
posure rather than selecting a checkpoint on a validation
score. Except when resuming an interrupted run, the re-
ported model is checkpoint-final after the planned
epochs; intermediate checkpoint-* states are retained
only for recovery and audit. Evaluation records and answer-
bearing fields remain outside the training manifests. Public
inference inputs never contain private answers, accepted al-
ternatives, evidence annotations, scoring rubrics, verifier ra-
tionales, teacher metadata, or source-side construction notes.

Stage-wise exposure and learning rates. Stage 1 trains for
one epoch on 569,853 RS-Anchor RGB image–caption pairs,
corresponding to approximately 35.6K optimizer steps at ef-
fective batch size 16. The LLaVA route principally trains the
multimodal projector with learning rate 1 × 10−3, whereas
Qwen3-VL uses LoRA with learning rate 1× 10−4. Stage 2
trains for one epoch on 187,296 Bridging-Conv SFT records
(approximately 11.7K steps). Its modality composition is
RGB 99,088 (52.9%), SAR 29,984 (16.0%), NIR 28,475
(15.2%), and PAN 29,749 (15.9%). LLaVA uses projector
and LoRA learning rates of 2× 10−4 and 1× 10−4, respec-
tively; the final Qwen3-VL configuration uses the milder
LoRA learning rate 3 × 10−5. Stage 3 uses 53,000 train-
only Scenario-EG ShareGPT records, or approximately 3.3K
steps per epoch. Its modality proportions are RGB 70.1%,
SAR 23.7%, NIR 2.2%, and PAN 4.0%; tasks cover presence
validation, relation reasoning, grid localization, functional-
zone understanding, and open rejection, with about 15%
non-harbor or ambiguous hard negatives. Terminal routes
use a frozen one- or two-epoch exposure according to the
backbone-specific run manifest, with LLaVA and Qwen3-
VL terminal LoRA learning rates of 1× 10−4 and 3× 10−5,
respectively.

Adapters and optimization. Unless otherwise specified
by a frozen intermediate-stage manifest, LoRA adapters (Hu
et al. 2022) target q_proj, k_proj, v_proj, and
o_proj with rank 64, alpha 128, and dropout 0.05. The
smaller rank-32, alpha-64 setting is restricted to selected
Stage 2 intermediate adapters; terminal reported routes use
rank 64 and alpha 128. All SFT runs use AdamW with
β = (0.9, 0.95), ϵ = 10−8, cosine scheduling, warmup ra-
tio 0.03, weight decay 0.05, maximum gradient norm 1.0,
and bf16 precision. LLaVA uses maximum sequence length
2048, per-device batch size 2, and gradient accumulation
8. Qwen3-VL uses maximum sequence length 2048, image-
token budget 512, per-device batch size 1–2, and gradient
accumulation 8–16. These settings keep the effective batch
size at approximately 16.

Baseline and replay controls. Direct-SFT uses only D3.
Collapsed-SFT trains once on D2 ∪D3, and S1+Collapsed
first loads the Stage 1 checkpoint before the same collapsed
SFT exposure. Within each backbone family, optimizer,
adapter, decoding, prompt, and normalization settings are



aligned with the full route. Stage 2/3 replay is limited to small
retained components, including concise-response replay and
Stage 2 bridge-observability replay during Stage 3, to re-
duce forgetting of short-answer behavior and multi-source
observability without changing the primary stage objective.

Inference and scoring. All models use the same
benchmark-specific semantic prompts within each evalua-
tion set. HarborEval inputs include only the image, ques-
tion, and answer choices when available; modality labels,
task metadata, answers, evidence fields, accepted labels, and
scoring rubrics are excluded from model prompts. Closed-
form HarborEval tracks use deterministic decoding with sam-
pling disabled, temperature 0, and beam size 1. Open-ended
description and reporting tracks use the same determinis-
tic policy with longer response budgets. Closed-form tracks
are scored programmatically, while T7 uses a fixed image-
grounded multimodal judge under a frozen rubric (Zheng
et al. 2023); OpenEval uses expert scoring with anonymized
responses. External RS-MLLMs are evaluated with their offi-
cial checkpoints and recommended prompts when available,
then normalized into the same prediction and scoring format.

Hardware and audit trail. Training is performed on
NVIDIA RTX A6000 48GB GPUs. Each training run uses
one GPU; two GPUs are used only to execute independent
experiments in parallel. Wall-clock duration varies substan-
tially by backbone and stage and is therefore not treated
as a defining experimental condition. Instead, the retained
run logs record start and end times, optimizer-step trajecto-
ries, model states, frozen manifests, preprocessing and de-
coding configurations, raw predictions, normalized outputs,
dimension-level scores, and expert-scoring sheets for every
reported run.

S5 Evaluation Protocol and Scoring Details
All model comparisons use the same public inference parti-
tion, images, semantic prompts, decoding settings, normal-
ization rules, and scoring criteria within each evaluation set.
HarborEval exposes only the item identifier, image refer-
ence, question, answer choices when applicable, question
type, and track identifier used for evaluator-side grouping.
Answer keys, accepted alternatives, reference answers, evi-
dence annotations, modality labels, audit notes, and scoring
rubrics remain private and are merged only after inference.
For reproducibility, the evaluation record retains raw predic-
tions, normalized predictions, closed-form and open-ended
scores, hallucination flags, dimension-level assessments, and
adjudication notes. This separation keeps the scoring process
auditable while focusing the paper description on evaluator-
visible logic.

S5.1 Prediction Normalization
The normalizer is used to remove superficial formatting loss
rather than to correct semantic errors. It extracts option keys
from variants such as “A”, “A.”, or “Option A”, maps option
text back to keys when the selected option is unambigu-
ous, standardizes whitespace and Unicode variants, maps
yes/no/unknown aliases to the canonical decision set, maps

grid synonyms such as “upper-left” to top-left, and extracts
explicit T5/T6 decisions from short explanatory answers.
Each normalization action is logged so that raw and nor-
malized scores can be compared. A large raw-normalized
gap is treated as a format-sensitivity diagnostic, while the
normalized score is used as the main reported score.

S5.2 Closed-form Track Scoring
HarborEval uses track-specific metrics normalized to [0, 1].
Multiple-choice and yes/no/unknown items are scored by
accepted-answer accuracy:

si = 1[âi ∈ Ai], (S1)
where âi is the normalized prediction and Ai is the accepted
answer set. A strict score is also recorded by comparing âi
with the canonical answer only. This distinction matters for
visually ambiguous functional-zone and calibrated-evidence
items, where the accepted set may contain a small number of
reviewer-approved alternatives.

Multi-label T1 object questions are scored by set F1. Given
predicted set Ŷ and gold set Y , precision, recall, and F1 are
computed as

P =
|Ŷ ∩ Y |
|Ŷ |

, R =
|Ŷ ∩ Y |
|Y |

, F1 =
2PR

P +R
, (S2)

with the usual zero-handling when a predicted or gold set
is empty. This choice discourages the degenerate strategy
of selecting every visible category: recall may increase, but
precision decreases.

T4 grid grounding uses a 3 × 3 grid with the canoni-
cal cells top-left, top-center, top-right, middle-left, middle-
center, middle-right, bottom-left, bottom-center, and bottom-
right. Because vessels, basins, piers, and storage regions can
straddle cell boundaries, the main T4 metric is soft grid
F1. Pairwise cell similarity is 1.0 for the same cell, 0.5 for
edge-adjacent cells, 0.25 for diagonal-adjacent cells, and 0
otherwise. Each item stores one audited accepted-cell set.
The scorer performs deterministic one-to-one matching from
high to low similarity; ties follow the canonical row-major
cell order. It then computes soft precision, soft recall, and
soft F1:

Pg =
mg

|Ĝ|
, Rg =

mg

|G|
, Fg =

2PgRg

Pg +Rg
, (S3)

where mg is the summed soft match score, Ĝ is the predicted
grid-cell set, and G is the accepted grid-cell set. Exact grid
F1, precision, recall, and exact match are retained as auxiliary
diagnostics.

T5 and T6 use the same decision vocabulary, Yes, No, and
Cannot determine, but probe different evidence roles. T5 asks
whether a property is observable under the supplied modal-
ity and image quality; T6 asks whether a visually grounded
claim is supported, contradicted, or not decidable from the
image. The main T5/T6 score is semantic decision accuracy
over accepted answers, while strict accuracy compares only
with the canonical decision. During the final audit, weakly
visual T5/T6 records are rewritten or replaced, including
64 visual replacements, so that these tracks emphasize visi-
ble evidence, modality observability, and calibrated rejection
rather than text priors.



S5.3 Headline HarborEval Aggregation
For each track t, the track scoreSt is the average of item-level
scores in that track after applying the track metric above.
For T7, S7 is the normalized open-ended reporting score
produced by the fixed image-grounded judging procedure.
Let THE denote the eight HarborEval diagnostic tracks. The
headline score macro-averages the normalized track scores:

Heval =
1

|THE|
∑

t∈THE

St. (S4)

We additionally report closed-form micro accuracy, strict
variants, T5/T6 semantic and strict accuracies, T4 exact-grid
diagnostics, and T7 rubric dimensions to make clear whether
a gain comes from structured VQA, spatial grounding, evi-
dence calibration, rejection, or open-ended reporting.

S5.4 Open-ended T7 and OpenEval Scoring
T7 evaluates whether a model can produce a grounded RS
report rather than merely select an option. Each T7 scor-
ing packet contains the image, question, reference answer,
key visible objects, evidence or relation fields when avail-
able, positive criteria, forbidden claims, and an anonymized
model response. A fixed image-grounded multimodal judge
scores object coverage, object accuracy, spatial relation ac-
curacy, functional scene understanding, modality or environ-
ment awareness, hallucination control, concision, and over-
all quality on a 0–5 scale, then normalizes the aggregate to
the reporting scale. The scoring rubric has higher priority
than optional key points: a response is rewarded for accurate
visible evidence and penalized for unsupported port names,
vessel identities, cargo types, coordinates, operating status,
temporal claims, or objects absent from the image.

OpenEval is the broader expert-scored open-ended pro-
tocol used when a free-form answer must be assessed be-
yond closed-form matching. Its dimensions emphasize vi-
sual groundedness, relevant object and region coverage,
functional-zone plausibility, spatial relation correctness, un-
certainty or rejection behavior, hallucination control, and
concise reporting. Model identities and training routes are
hidden from the scoring sheet. The score record keeps
the anonymized sample identifier, anonymous model identi-
fier, dimension-level scores, hallucination or forbidden-claim
flags, short reviewer notes, and adjudication status when a
borderline or inconsistent case requires review by an addi-
tional expert.

S5.5 Public Harbor Scoring
Public Harbor is a VRSBench- and RSVQA-derived RGB RS
evaluation subset designed to assess harbor-domain general-
ization (Lobry et al. 2020; Li, Ding, and Elhoseiny 2024).
It contains 580 public test-style samples over 200 images,
including 430 VQA items and 150 image-captioning items.
The VQA portion covers object category, existence, quan-
tity, color, shape, size, position, direction, scene type, and
reasoning questions, while the captioning portion evaluates
detailed image description.

Public Harbor is maintained as an evaluation-only parti-
tion separate from the stage-wise training pools and from

HarborEval. Its reference answers and captions are hidden
during inference and merged only by the scorer. This keeps
the subset useful as an external public-source generalization
check rather than as an additional source of training supervi-
sion.

For VQA, we follow the VRSBench semantic matching
protocol: answers are first evaluated by relaxed substring
matching, yes/no and numerical answers are evaluated by
strict exact match, and remaining open-set answers are eval-
uated by an LLM semantic matcher (Li, Ding, and Elhoseiny
2024). For captioning, we use a CLAIR-style LLM score
measuring semantic consistency between the generated and
reference captions (Chan et al. 2023). Let nvqa and ncap be
the numbers of VQA and captioning samples. The final Pub-
lic Harbor score is computed as a sample-weighted aggregate
after mapping both components to a 0–100 scale:

SPH =
nvqaAVQA + ncap(100CCLAIR)

nvqa + ncap
, (S5)

where AVQA is VQA accuracy on the 0–100 scale and
CCLAIR is the caption semantic-consistency score on the
0–1 scale. For Public Harbor, nvqa = 430 and ncap = 150.

S5.6 Stage-validation Scoring
RS-VL Val. and MultiSource Val. are retained only as stage-
diagnostic metrics, not as separate public benchmark claims.
RS-VL Val. measures Stage 1 RS semantic anchoring over
RGB imagery, while MultiSource Val. measures Stage 2
adaptation to RGB/SAR/PAN/NIR observability. These sets
are frozen before ablation inference, and all checkpoints re-
ceive identical images, prompts, and scoring rules. They
support the intended interpretation of the staged route: RS-
VL Val. diagnoses semantic anchoring, MultiSource Val.
diagnoses cross-sensor bridging convergence, HarborEval
diagnoses terminal scenario behavior, Public Harbor tests
public-source generalization, and OpenEval tests open-ended
grounded reporting.

We therefore interpret these metrics as checkpoint probes
rather than leaderboards. Their role is to detect whether an in-
termediate stage has supplied the intended prerequisite before
the final scenario objective is applied. A model can improve
HarborEval after Stage 3 while still showing weak anchor-
ing or weak sensor transfer; conversely, Stage 2 can improve
cross-sensor observability without directly optimizing the fi-
nal harbor-reporting score. Keeping the two validation sets
separate makes these failure modes visible instead of hiding
them inside a single terminal average.

Both stage-validation sets pair each image with one re-
trieval item and one pairwise item. Retrieval uses one posi-
tive caption and nine TF–IDF hard negatives; pairwise con-
trasts the positive with the length-matched hardest negative
among the top-10 candidates, with A/B order randomized.
For positive rank r, we report R@k = 1[r ≤ k], MRR
= 1/r, and NDCG = 1/ log2(r + 1), averaged over items.
Pairwise accuracy isAccpw = 1

N

∑
i 1[ŷi = yi], with A-rate

bias checks retained.
The retrieval and pairwise items are paired by image so

that one branch does not receive an easier image distribution
than the other. Hard negatives are selected from the frozen



validation candidate pool rather than from the training pools,
and the randomized A/B order is retained with the parsed pre-
diction. We inspect A-rate bias and degenerate single-option
behavior before aggregation; malformed or non-parseable
answers are kept as errors rather than manually repaired.

RS-VL Val. RS-VL Val. scores RGB land-cover discrim-
ination on 356 frozen images through retrieval and pair-
wise comparison. Retrieval reports R@1, R@5, MRR, and
NDCG; pairwise reports Accpw. The headline score is
SRSVL = 1

2 (R@1+Accpw), equally weighting retrieval and
forced-choice discrimination. Generative backbones emit a
ranking directly, single-LLM backbones use per-candidate
answer likelihood, and an auxiliary PMI ranking is reported
only when image-conditioned likelihood behaves consis-
tently. We use this diagnostic only for within-backbone stage
trajectories; it is not intended to replace public RS retrieval
or captioning benchmarks.

MultiSource Val. MultiSource Val. uses same-sensor hard
negatives (RGB/SAR/PAN/NIR, ∼80 images each) to probe
sensor-specific evidence constraints. Its auxiliary discrimi-
nation track reuses retrieval and pairwise metrics per modal-
ity. Its primary generation track asks the model to describe
each image without a modality label, then uses the same
fixed image-grounded judging procedure to score scene un-
derstanding (d1), object recognition (d2), spatial–functional
reasoning (d3), modality-evidence use (d4), evidence cali-
bration (d5), and clarity (d6), each in [0, 100]. The private
modality label is available only to the evaluator for enforcing
sensor-specific evidence boundaries. The weighted compos-
ite is

Sgen
MS =

6∑
j=1

ωjdj , (S6)

with weights ω = (0.20, 0.25, 0.20, 0.20, 0.10, 0.05) for d1–
d6. Clarity is down-weighted to avoid rewarding fluency over
visual correctness. Severe scene errors, non-RGB color hal-
lucinations, fabricated identities, and degenerate or refused
answers are reflected in the corresponding dimension scores
and retained as explicit failure flags. Macro scores average
over present modalities, and modality-recognition accuracy
is reported separately when the prompt requests a sensor
guess. This modality-aware normalization prevents the larger
RGB subset or fluent but sensor-incompatible reports from
dominating the diagnostic.

S6 Prompt and Rubric Templates
All compared models receive the same semantic instruction
within each task type. Model-specific chat wrappers may
differ because each backbone has its own processor or con-
versation template, but the user-facing task, question text,
choices, and decoding policy are fixed. Table S7 reports
semi-structured inference templates that summarize the con-
trol logic used across HarborEval and Public Harbor. The
placeholders are instantiated from public evaluation items;
private answers, rubrics, accepted labels, evidence fields,
and construction metadata are never inserted into the model
input.

Dimension Reward Penalty

Groundedness Visible or strongly
supported evidence.

Unsupported names,
coordinates, operators,
cargo, activities, or
timestamps.

Object
coverage

Relevant visible
vessels, docks, basins,
storage, roads,
buildings, vegetation.

Missing dominant
evidence or adding
absent objects.

Functional-
zone
understanding

Supported berthing,
navigation, storage,
logistics, mixed,
uncertain, or
non-harbor zones.

Confident zone labels for
ambiguous or
unsupported regions.

Spatial relation Correct layout,
adjacency,
containment, grid
location, and
object-region relation.

Reversed locations or
overstated geometry.

Uncertainty
and rejection

Cannot determine or
explicit rejection
when evidence is
insufficient.

Forced harbor claims
under modality or
resolution limits.

Concision Useful, compact,
non-redundant report.

Verbose generic text,
speculation, or repeated
boilerplate.

Table S6: Open-ended reporting rubric for expert OpenEval
scoring and frozen T7 judging. Every dimension is scored
on a 0–5 scale; forbidden claims are flagged separately.

Prompt normalization follows four practical rules. First,
each prompt separates the task instruction from the answer
channel, so that closed-form tracks can be parsed from an
explicit final answer while open-ended tracks can still ask
for concise supporting evidence. Second, the prompt never
exposes modality labels, track names, accepted alternatives,
evidence objects, or evaluator-side rubrics; these fields are
merged only after inference. Third, prompts avoid dataset-
specific wording and file-name cues, because the goal is to
evaluate visual reasoning rather than benchmark memoriza-
tion. Finally, all backbones use their own required image-
token wrapper, but the semantic instruction inside the user
turn remains unchanged.

For closed-form tracks, the scorer reads the first unam-
biguous final-answer token or option key. Multi-select ques-
tions accept a comma-separated option set only when the
selected keys match the accepted set after normalization.
Yes/no/unknown questions are intentionally phrased as evi-
dence decisions: Yes requires clear positive evidence, No re-
quires contradiction or modality-incompatible evidence, and
Cannot determine is used when the target may be plausible
but the image does not support the claim. This convention is
important for SAR, PAN, and NIR inputs, where color, iden-
tity, cargo, ownership, operator, temporal status, and precise
location claims are often not visually recoverable.

For open-ended reporting, the prompt asks for a compact
visual report rather than a free-form story. Responses are re-
warded for naming visible objects, functional zones, spatial



Figure S2: Positive harbor and water-adjacent hard-negative
cases. The paired responses illustrate why water or a vessel
alone is insufficient and how relational port infrastructure
supports a grounded harbor decision.

relations, and uncertainty when appropriate, but penalized
for unsupported port names, vessel identities, cargo types,
operators, exact operations, or overconfident harbor inter-
pretation under weak evidence. The shared evidence criteria
provide a common auditing perspective for T7, T8 open re-
ports, Public Harbor captions, and OpenEval despite their
different output lengths.

Prompt instances are generated deterministically from the
frozen public inference partition. The image, question, and
options are inserted before applying the backbone-specific
conversation wrapper. Decoding is fixed within each com-
parison and sampling is disabled for closed-form questions.
The parser scores the explicit final token, retains any ex-
planation for audit, and marks an unparseable response as
ambiguous rather than repairing it manually. Thus, the semi-
structured templates expose the invariant evidence, ambi-
guity, and output rules without implying that all backbones
share an identical literal prompt. Evaluation inputs, model
responses, parsed decisions, and score records are retained
together so that abnormal results—especially on rejection
and modality tracks—remain traceable to the exact response.

S7 Positive and Hard-Negative Evidence
Cases

Figure S2 contrasts a positive harbor scene with a water-
adjacent hard negative. Docked vessels aligned with pier or
quay structures support the positive decision; the negative
contains water and a vessel but lacks land-based port facil-
ities. Water and vessel cues alone are therefore insufficient
for a harbor decision.

The positive decision is supported by a conjunction rather
than a single object: multiple vessels are berthed along lin-
ear pier or quay edges inside a bounded waterfront complex,
with land-side buildings and service areas providing addi-
tional functional context. The hard negative deliberately pre-
serves two tempting cues—open water and a vessel—while
removing the land–water interface, docking geometry, basin
organization, and port facilities needed for a defensible har-
bor interpretation.

This pair is an evidence audit of the Bridging-Conv cura-
tion rule, not an additional quantitative benchmark. During
rewriting and verification, vessel or water keywords alone
cannot license a harbor label. Positive records must retain
visible relational support, whereas isolated ships, ambiguous
coastlines, and low-information water scenes are assigned a
negative or uncertainty-compatible response. This policy is
designed to discourage shortcut reliance on frequent mar-
itime nouns and to align the training language with the re-
jection behavior evaluated by HarborEval.

The comparison also makes the intended claim boundary
explicit. The examples demonstrate how source records are
screened for visually grounded harbor evidence; they do not
establish that every port configuration must contain the same
structures. Legitimate but atypical scenes may still require
calibrated uncertainty when resolution, modality, occlusion,
or crop boundaries hide decisive infrastructure.

S8 Qualitative Modality Examples
Figure S3 presents illustrative RGB, PAN, SAR, and NIR
cases. These examples are not used as primary quantitative
evidence; they show the modality-compatible observations
rewarded by the diagnostic tracks, including functional-zone
reporting, grid grounding, evidence-based VQA, and spatial-
relation reasoning.

The RGB case illustrates the most semantically expressive
setting. The response identifies a compact industrial harbor, a
large vessel along the central quay, smaller vessels, dockside
facilities, and storage buildings, and then organizes these vis-
ible elements into a combined berthing, service, and storage
zone. Importantly, the answer remains at the level of visi-
ble structure and functional layout; it does not infer a named
port, cargo category, operator, throughput, or current activity
from appearance alone.

The PAN example instead emphasizes geometric localiza-
tion. With spectral color unavailable, the answer relies on
elongated bright structures, their alignment with the dock-
side, and proximity to a linear quay edge to select the
supported grid cell. This is the intended role of the grid-
grounding track: the prediction should reflect the spatial
support of the target rather than generic confidence that ves-
sels occur somewhere in the image. The example also shows
why modality-blind prompts remain meaningful when the
accepted evidence is defined geometrically.

The SAR and NIR cases expose two different evidence
boundaries. In SAR, bright backscatter clusters distributed
along the waterfront support the presence of dockside infras-
tructure and vessel-like targets beside a dark water surface,
but they do not justify optical color or fine-grained appear-
ance claims. In NIR, the response uses the coastal edge, adja-



P1 Closed-Form Recognition / Relation / Rejection
Goal: answer a structured harbor-diagnostic question from the image only.
Tracks: T1 object support; T2 dominant functional zone; T3 relation or geometry; T8
non-harbor rejection.
Inputs: {image}, {question}, {options when applicable}.
Rules: use visible evidence; ignore filenames, metadata, geography priors, and hidden labels;
choose all valid options only when the task is multi-select.
Output: FINAL = {option key(s) | Yes | No | Cannot determine}.

P2 Grid Grounding
Goal: localize the visually supported target without bounding boxes.
Grid: split the full image into a fixed 3x3 layout with standard cell names.
Inputs: {image}, {target or question}.
Rules: select every cell visibly occupied by the target; include multiple cells for spanning
objects; do not pad with neighboring cells for caution.
Output: FINAL = {comma-separated grid cells}.

P3 Evidence Decision and Modality Constraint
Goal: decide whether a claim is supported under the image modality.
Inputs: {image}, {modality-blind question}, {choices when applicable}.
Decision policy: Yes = clear positive evidence; No = clear contradiction or
image-incompatible claim; Cannot determine = plausible but insufficient evidence.
Forbid: cargo type, vessel identity, operator, ownership, exact location, time, throughput,
or operational status unless directly visible.
Output: FINAL = {Yes|No|Cannot determine}; EVIDENCE = {one concise visual reason}.

P4 Open Grounded Reporting
Goal: produce a concise report or short answer grounded in visible evidence.
Variants: T7 harbor description; T8 visible-scene report under rejection setting; Public
Harbor VQA; Public Harbor captioning.
Cover when defensible: major objects, functional zones, spatial relations,
modality-compatible cues, uncertainty, and missing evidence.
Avoid: named locations, identities, cargo, operators, precise operations, or overconfident
port interpretation when evidence is insufficient.
Output: DIRECT ANSWER = {grounded report or concise answer}.

Table S7: Semi-structured inference prompt templates used for HarborEval and Public Harbor. Backbone-specific chat wrappers
add image tokens or conversation delimiters around the same semantic instructions.

cency between facilities and the waterfront, and orientation
toward surrounding water to express a spatial relation. The
relevant cue is therefore relational organization rather than
natural-color appearance. Together, the two panels illustrate
how the same harbor concept can be supported by different
sensor-compatible observations.

Across all four panels, a successful answer combines a
direct decision with a concise sensor-aware rationale.

The examples are included as an audit of response form
and evidence use, not as cherry-picked substitutes for the
quantitative results. They clarify the qualitative criterion ap-
plied throughout HarborEval and OpenEval: reward concise
claims that can be connected to observable objects, regions,
or relations, and penalize unsupported specificity even when
the overall scene is plausibly maritime.

The panels deliberately use different task forms—
captioning, grid grounding, evidence-based VQA, and re-
lation reasoning—because cross-modal transfer should pre-
serve a common grounding principle without forcing iden-
tical verbal detail from every sensor. No conclusion about

relative modality difficulty or average performance is drawn
from these four cases alone; those comparisons remain gov-
erned by the frozen benchmark scores and the modality-level
diagnostics reported in the main paper.



Figure S3: Qualitative examples of evidence-grounded harbor understanding across RGB, PAN, SAR, and NIR observations.
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