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Abstract

Multimodal safety systems for construction sites are often trained
and evaluated on data that are redundant, long-tailed, and tempo-
rally mismatched to deployment, making training and benchmark-
ing inefficient and sometimes misleading. We introduce SAFEBuUILD
-BENCH, a temporal-robust benchmark for construction safety de-
signed to evaluate multimodal large language models under realistic
time and site shifts. SAFEBUILD-BENCH is mined from 100K+ raw
industrial frames collected across unseen sites and different dates,
and contains 4K+ expert-verified samples with retained temporal
metadata for robustness evaluation. It covers hierarchical tasks
ranging from multiple-choice hazard detection to free-form rea-
soning, with the latter assessed using an LLM-as-a-judge scheme
to support scalable evaluation. To build SAFEBUILD-BENCH from
massive and redundant streams, we further develop a data selection
pipeline, GEMS (Graph-Enhanced Multimodal Selection), which
combines epistemic uncertainty with dual-graph structure to iden-
tify an informational core for curation. We validate this pipeline
via a data-quality proxy: on the public LLaVA-mix-665K corpus,
fine-tuning LLaVA-v1.5 on only the selected 1% subset matches or
surpasses the full-data baseline on robustness-oriented benchmarks,
suggesting that GEMS can remove redundancy while preserving
critical long-tail content. Benchmarking state-of-the-art multimodal
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LLMs on SAFEBUILD-BENCH shows substantial performance degra-
dation under temporal shift, highlighting a key gap for high-stakes
industrial deployment. We release the SAFEBUILD-BENCH dataset,
evaluation scripts, and the GEMS codebase to support reliable
development and comparison of safety-focused multimodal mod-
els. Dataset, code, and benchmark results are publicly available at
https://github.com/safebuild/gems.

CCS Concepts

« Computing methodologies — Artificial intelligence; « In-
formation systems — Data mining.
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1 Introduction

Multimodal Large Language Models (MLLMs) have improved general-
purpose visual understanding and instruction following [5, 8, 26,
32], but their reliability in safety-critical domains is still uncertain.
Industrial safety monitoring spans multiple settings, for example,
manufacturing lines, logistics, energy facilities, and construction
sites, where failures can cause injuries, downtime, and compliance
risks. Deploying MLLMs in these workflows requires evidence that
models generalize beyond curated test sets and remain stable un-
der real operational changes. In this work, we study construction
safety monitoring as a concrete and high-impact domain where
such reliability questions directly affect deployment decisions.
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Figure 1: The dichotomy of construction safety data. (Top)
Abundant data (blue) is repetitive and low-risk, whereas crit-
ical threats form a sparse, complex long tail (red). (Bottom)
“Easy cases” dominate volume, while rare corner cases are
often missed yet drive real-world safety incidents.

In practice, construction safety monitoring produces archives of
inspection records in the form of image—-text pairs. Despite their
size, these archives are often data-rich but information-poor: much
of the volume is repetitive and low-risk, while rare but high-impact
hazards form a long tail [42]. Figure 1 illustrates this imbalance.
Meanwhile, construction sites evolve over time due to weather,
construction progress, camera maintenance, and lighting, which
leads to a temporal distribution shift [43]. Evaluation protocols that
ignore time shift can overestimate deployment performance [43].
Many existing datasets and benchmarks [2, 9, 40] adopt random
splits under an i.i.d. assumption; this can inflate scores when models
exploit stable backgrounds or site-specific cues rather than safety-
relevant semantics. Performance then drops on footage from later
dates, a phenomenon we refer to as temporal decay [44]. At the
same time, manual benchmark curation is costly and can miss rare
but high-impact failure modes that matter in real deployments.

These gaps raise a practical question: Can we build a construction-
safety benchmark that (1) explicitly measures generalization to future
time periods and unseen sites, (2) concentrates on long-tail hazards
instead of redundant data, and (3) remains feasible to build from
large-scale data streams? To address this, we introduce SAFEBUILD
-BENCH, a construction safety benchmark designed for robustness
evaluation under both temporal and site shift. SAFEBUILD-BENCH is
mined from 100,000+ raw image—text pairs collected across multiple
sites and dates, and distilled into a compact set of expert-verified
evaluation instances under strict protocols. Each instance retains
temporal metadata, which enables users to stratify results by time
period and site identity, rather than relying on a single fixed split.
SAFEBUILD-BENCH covers hierarchical tasks that range from hazard
identification to hazard description, and we provide executable
evaluation scripts together with a standardized LLM-as-a-judge
scheme to score free-form outputs at scale.

Yi Cui et al.

Building such a benchmark from redundant streams requires
scalable candidate mining before expert verification. We therefore
develop an automated curation pipeline, GEMS (Graph-Enhanced
Multimodal Selection), to extract a small set of informative and
diverse candidates from large archives. GEMS combines epistemic
uncertainty, which ranks samples where current MLLMs are unsure,
with a dual graph structure that enforces coverage across scenes
and reduces near duplicates. The result is an informational core: a
compact subset that (i) preserves coverage of the major scene modes
and hazard categories, (ii) concentrates hard and rare hazards that
are otherwise diluted by repetition, and (iii) removes repeated or
near-identical frames that contribute little new information.

We validate the general utility of GEMS with a proxy study on a
public instruction-tuning corpus. Fine-tuning LLaVA-v1.5 on only
the top 1% GEMS-selected subset, about 6.6K samples on LLaVA-
mix-665K, matches or exceeds full-data training on robustness-
oriented benchmarks. This result supports the use of GEMS as a
practical mining tool for benchmark construction, since it removes
redundancy while retaining high-value long-tail content.

We benchmark a diverse set of state-of-the-art MLLMs on SAFEBUILD

-BencH and observe performance degradation under temporal shift,

highlighting a reliability gap for safety-critical deployment. Beyond

aggregate scores, SAFEBUILD-BENCH enables analysis across task

levels and shift types, providing more targeted evidence about when

and how current models fail in construction safety understanding.
In summary, our contributions are as follows:

(1) We release SAFEBUILD-BENCH, an expert-verified construc-
tion safety benchmark mined from 100,000+ raw image—text
pairs, featuring long-tail hazards and realistic time and site
shift evaluation, with hierarchical annotations and expert ra-
tionales covering hazard identification and hazard description.

(2) We provide a metadata-driven evaluation design that enables
stratified temporal and site-level robustness analysis, together
with executable evaluation scripts and a standardized LLM-as-
a-judge scheme for scalable scoring of free-form outputs.

(3) We introduce GEMS as an automated selection pipeline that
ranks informative candidates while enforcing diversity for
expert verification, and we validate its effectiveness on a public
dataset under data-budget constraints.

2 Related Work
2.1 Benchmarks for Multimodal LLMs

Early vision-language evaluation largely centered on static VQA-
style datasets [15, 16, 18, 35], and domain-focused benchmarks [30,
49], which primarily report answer-level accuracy under largely i.i.d.
assumptions. As multimodal LLMs (MLLMs) emerged, broader and
more diagnostic benchmarks were proposed. MME [12] and MM-
Bench [29] aim to cover a wider range of perception and cognition
skills with standardized protocols and controlled question design. In
parallel, hallucination-oriented benchmarks such as POPE [24] and
MMHal-Bench [36] evaluate object-level faithfulness and response
reliability, increasingly leveraging LLM-as-a-judge (or LLM-assisted
normalization) to scale evaluation beyond exact-match metrics. De-
spite improved coverage and scalability, most existing benchmarks
remain temporally static and do not explicitly stress-test MLLMs

175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231

232



233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274
275
276

278
279
280
281
282
283
284
285
286
287
288
289

290

SAFEBUILD-BENCH : A Temporal-Robust Construction Safety Benchmark with Graph-Enhanced Data Mining

1. Raw Data

l!!“,

Embeddings
(Qwen3VL-Embed-0.5B)
Uncertainty Scores
(Qwen2.5VL-3B)

314

¢
¢

100 k+ Image-Text Pair

( A \ Priority Queue Q

. o= *
High Redundancy = Pop Candidate v
(Info-Poor)
Max-heap

A

Temporal Drift
(Distribution Shift)

CELF Selection Loop (Lazy Greedy)

Lazy Check:
Gain(v*) > Q.top().gain?

2. Graph-Enhanced Multimodal Data Selection

Update Influence

KDD ’26, August 2026, TBD

3. Method Validation

Graph Construction

Data Distribution
Analysis

K-NN Graph

Edge Weights Wij -
(Similarity) General Domain
Verification

(on Llava-mixed 665k )

SafeBuild-Bench

Select v*, [ 3K+ Selected Samples ]

Inf GPT-40 Annotation & ]

Expert Verification

Recompute Marginal Gain  Onew

A

Rare Edge Cases

(Case Disappear)

Current

MarginalGain
A=Y (min(New,T) — min(Old,7) )
After Add v

>
| Selected
Info Core
S
Subset |S| = K Hazard Free-Form
Removes Redundancy Detection Reasoning
Preserves Long-tail Edge (MCQ) (LLM-as-judge)

Figure 2: Overview of the GEMS framework. The pipeline involves: (1) Graph Construction: Modeling the data manifold
using multimodal embeddings and uncertainty scores; (2) Iterative Selection: A CELF-based lazy greedy algorithm maximizes
marginal gain A, balancing uncertainty propagation with redundancy saturation (z); and (3) Validation: The method is verified
on general dataset to ensure efficacy before constructing the domain-specific SAFEBUILD-BENCH.

under realistic time and site shifts. SAFEBUILD-BENCH is designed
to complement these efforts by focusing on temporal robustness
and distribution shift in a high-stakes industrial domain.

2.2 Data Selection for LLMs and MLLMs

Data curation and selection have become essential for improving
training efficiency and robustness in large-scale instruction tuning.
Prior work spans influence-based and gradient-driven selection,
uncertainty-/difficulty-aware sampling, and geometric coverage or
coreset-style methods that reduce redundancy while preserving
distributional diversity [11, 20, 28, 41]. Graph-based formulations
have recently provided a way to model inter-sample dependence.
In particular, the uncertainty-aware influence maximization para-
digm selects examples that are simultaneously informative (high
uncertainty) and representative (strong influence on neighbors),
enabling submodular objectives with greedy optimization and ap-
proximation guarantees [17]. For multimodal instruction data, re-
cent methods [6, 45] explicitly balance informativeness, uniqueness,
and representativeness to curate compact yet effective subsets for
MLLM fine-tuning. Our pipeline, GEMS, follows this line but targets
large, redundant industrial streams: it integrates epistemic uncer-
tainty with a dual-graph structure to identify an informational core
suitable for both efficient training and robust benchmarking.

2.3 Hazard Understanding in Construction Sites

Construction site monitoring has traditionally relied on standard
computer vision tasks such as object detection for Personal Protec-
tive Equipment compliance and related hazard events [21]. While

effective for closed-set categories, these supervised approaches
typically require dense annotations, for example, bounding boxes,
and scale poorly when new hazard types or safety rules must be
added. More recently, vision-language models have been explored
for open-vocabulary or zero-shot safety assessment in construction
settings [2, 33, 34, 40]. However, existing benchmarks often lack a
public, expert-verified evaluation set with explicit protocols for time
and site shift, and they rarely emphasize long-tail, high-impact haz-
ards within large and redundant inspection streams. SAFEBUILD
-BENCH complements this line by providing an expert-verified
public benchmark mined from real inspection archives, with hierar-
chical tasks covering hazard identification and hazard description,
and with retained temporal metadata to support robustness analysis
across time periods and sites.

3 Construction Pipeline for SAFEBUILD-BENCH

Creating a robust industrial benchmark requires moving beyond
random sampling. We propose a systematic construction pipeline,
as illustrated in Figure 2, comprising four stages: Raw Data Ac-
quisition, Graph-Enhanced Mining (GEMS), Method Validation
on General Domain dataset, and Expert-in-the-Loop Annotation,
separated in the following subsections.

3.1 Raw Data Acquisition and Preprocessing

In collaboration with multiple large-scale construction sites, we
curated an extensive dataset of image-text pairs over a five-month
period from July to November 2025. These data were collected
during the safety inspection phases of the construction process.
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Multiple safety experts and field personnel were involved in the ac-
quisition and subsequent verification of the collected samples. The
raw dataset comprises over 100,000 image-text pairs sampled from
more than 50 construction locations. This collection encompasses
diverse scenes (e.g., scaffolding, foundation pits, tower cranes), var-
ious facilities (e.g., tower cranes, scaffolding, distribution boxes),
and a range of environmental conditions (e.g., nighttime, rainy, and
foggy weather). To ensure strict adherence to privacy regulations,
an automated anonymization pipeline was implemented. All iden-
tifiable faces and license plates were detected and obscured using
a specialized obfuscation model. Furthermore, a random subset of
the data was manually verified to ensure the complete absence of
Personally Identifiable Information (PII).

3.2 The GEMS Selection Engine

We propose GEMS (Graph-Enhanced Multimodal Selection), a data-
centric framework distilling the “informational core” from redun-
dant industrial streams. As shown in Figure 2, GEMS comprises
three stages: (1) Multimodal Representation Learning, (2) Epistemic
Uncertainty Quantification, and (3) Graph-Theoretic Submodular
Selection.

Multimodal Representation Learning. To capture industrial
scene semantics, we map image-text pairs into a unified dense vec-
tor space. Let D = {(x;, ti)}ﬁ , denote the raw pool. We employ the
QWEN3-VL-EMBEDDING [23] encoder to extract fused embeddings.
Unlike unimodal approaches that process vision and language sep-
arately, we utilize the model’s native capability to obtain a joint
representation:

z; = Fo(xi t;) € RY, (1)

where Fp represents the encoder with frozen parameters. These
high-dimensional embeddings (z;) serve as the geometric basis for
our topological analysis.

Epistemic Uncertainty Quantification. GEMS hypothesizes that
learning value correlates with model confusion. We use a proxy
model (e.g., QWEN2.5-VL-3B-INsTRUCT [5]) to quantify the Epis-
temic Uncertainty for each sample. Specifically, prompting the
model to analyze the scene (e.g., Identify safety hazards”), let y be
the generated response sequence of length L. We define the uncer-
tainty score u; as the length-normalized negative log-likelihood
(NLL):

L
1
w=-7 tz;logP¢(yt [ y<t,x;:). @)

A high u; implies low generation probability, typically signaling
ambiguous scenes, rare anomalies, or "unknown unknowns" (e.g.,
occluded hazards). We choose the NLL form for numerical stability.
Graph Construction and Optimization. We first construct a
sparse k-Nearest Neighbor (k-NN) graph G = (V,E) using the
cosine similarity of embeddings z;, where weight w;; represents
semantic proximity. For efficiency (N > 100k), we employ GPU-
accelerated FAISS [10]. Our objective maximizes the total informa-
tion covered by a subset S C V, where the "influence" received by
node j is defined as Inf;(S) = 3;c5 wij - u;. To enforce diversity,
we apply a saturation threshold 7 to model diminishing returns,

Yi Cui et al.

No Hazard (16.2%)

Temporary Electrical (13.0%)

Working at Heights (9.2%)

Safety Management (22.5%)
Suspended Working Platform (2.7%)

Ring-Lock Scaffold (1.8%)
Tube and Coupler (2.8%)

Civilized Construction (23.0%)

Figure 3: Category distribution of samples in SAFEBUILD-
BENCH. The benchmark covers 19 fine-grained hazard cate-
gories, which are further grouped into five higher-level safety
domains: Site Management, Elevation Work, Facilities, No
Hazard, and Others.

yielding the global utility function:
F(S) = Z min (Inf;(S), 7). 3)

jev

This monotone and submodular function guarantees a (1 — 1/e)-
approximation via greedy strategy. To solve this efficiently, we
employ the Cost-Effective Lazy Forward (CELF) algorithm [22]
(Algorithm 1). By maintaining a priority queue and exploiting sub-
modularity to perform "lazy checks" on marginal gains, CELF [22]
avoids O(K - N) complexity, making the selection process scalable.

Overall, GEMS synergizes epistemic uncertainty with graph-
theoretic selection to distill a compact yet informative subset from
massive, redundant industrial streams. This subset effectively cap-
tures long-tail hazards and diverse scenarios, making it ideal for
constructing robust evaluation benchmarks.

3.3 SAreBuiLp-BENcH Construction

Building upon the curated construction safety data and the vali-
dated GEMS selection engine, we introduce SAFEBUILD-BENCH, a
benchmark for evaluating vision-language models on realistic con-
struction safety understanding tasks.Every instance in SAFEBUILD-
BENCH retains its original collection timestamp identifier as meta-
data, so that users can freely partition the evaluation set along
temporal dimensions to measure robustness under different deploy-
ment shifts. The complete benchmark, together with the metadata
schema and executable evaluation scripts, is publicly released to
facilitate reproducible and stratified robustness analysis.

Sample Selection. From the raw data pool, we select over 3,000
samples to form SAFEBUILD-BENCH using the GEMS selection en-
gine. The selection process prioritizes safety relevance, visual clar-
ity, and coverage of diverse hazard types. Each selected sample
is reviewed to ensure that the depicted scenario supports an un-
ambiguous safety assessment and task formulation. As shown in
Figure 3, the selected samples span 19 fine-grained hazard cate-
gories, organized into five higher-level safety domains, ensuring
broad and structured coverage of construction safety scenarios.
Annotation and Expert Verification. All hazard labels and refer-
ence descriptions in SAFEBUILD-BENCH are defined by construction
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safety experts. For each selected sample, experts assign the pri-
mary hazard category and provide a concise reference description
following established construction safety inspection standards. Am-
biguous cases are discussed and resolved through expert review to
ensure consistency across categories and descriptions.

To reflect realistic inspection ambiguity, hazard categories are or-
ganized into expert-defined confusion groups. Each group consists
of semantically similar hazard types that are frequently misiden-
tified in practice. These confusion groups are used to construct
challenging evaluation instances by pairing the correct hazard cat-
egory with visually and semantically similar alternatives.

SAFEBUILD-BENCH consists of two complementary tasks that
evaluate both categorical recognition and descriptive understanding
of construction safety hazards.

Hazard Identification (MCQ). This task evaluates a model’s abil-
ity to identify the primary construction safety hazard from visually
and semantically similar alternatives. For each image, one correct
hazard category is paired with three distractor categories sampled
from the corresponding expert-defined confusion group. Models
are required to select a single best answer. The task contains 2,200
instances and is evaluated using Accuracy and Macro-Recall.
Accuracy measures the proportion of correctly identified hazards,
while Macro-Recall computes the average recall across all hazard
categories to assess robustness under class imbalance.

Hazard Description (Free-form). This task evaluates a model’s
ability to generate precise and informative descriptions of construc-
tion safety hazards, or to correctly confirm the absence of hazards
when applicable. The task contains 1,114 instances. Performance
is evaluated using two metrics: Hazard Detection Rate, which
measures whether the model correctly identifies the presence or ab-
sence of a safety hazard, and Description Quality, which assesses
the semantic completeness and specificity of the generated descrip-
tion. Description Quality is scored on a five-point scale and linearly
normalized to [0, 1]. An automated LLM-as-a-judge protocol is used
for evaluation, with expert reviewers performing random audits to
ensure reliability. We provide detailed benchmark case studies and
other details in the supplementary material.

4 Experiments

4.1 Experimental Setup

In our experiments, we evaluate the performance of state-of-the-art
proprietary and open-source vision-language models on SAFEBUILD
-BENCH. The evaluated models cover a wide range of architectures
and scales, including OpenAI's GPT-40 [19], Google’s GEMINI-3-
FLASH-PREVIEW [14], GEMMA-3-12B-IT [37], Anthropic’s CLAUDE-

4.5-SOoNNET [3], Moonshot’s Kimi-K2.5 [38], Zhipu AT's GLM-4.5V [39],

GLM-4.6V, Qwen’s QWEN3-VL-PLus [4], QWEN3-VL-235B-A22B-

INsTRUCT [4], QWEN3-VL-4B-INSTRUCT [4], QWEN3-VL-8B-INSTRUCT [4],

QWEN2.5-VL-7B-INsTRUCT [5], OpenGVLab’s INTERNVL3-8B [48],

OpenBMB’s MINICPM-V-4.5 [46], Microsoft’s LLAVA-1.5-7B-HF [27].

All models are evaluated in a zero-shot setting, without any training
or fine-tuning on SAFEBUILD-BENCH. We use a unified inference
setup with identical prompt templates. The decoding temperature
is fixed to 0.2 for all models, except for Kimi-K2.5, which only sup-
ports a temperature of 1.0; all other decoding parameters follow the
default settings provided by each model provider. For description

KDD ’26, August 2026, TBD

Algorithm 1 GEMS Selection via CELF (Lazy Greedy)

Require: Indices V, Embeddings Z, Uncertainty U/, Budget K,
Saturation 7.
Ensure: Selected subset S C V with |S| = K.
1: Init: Construct k-NN G, weights w;j; S < 0, Inf «— 0y, Q
PQueue().
: forv e Vdo
Q.push(MARGINALGAIN(o, Inf), v)
: end for
: while |S| <K do Step 4: CELF Selection Loop
0", 8014 — Q.pop();  Snew < MARGINALGAIN(v*, Inf)
if Spew = Q.top().gain then
S «— SU{v*}; Inf <« UpPDATEINFLUENCE(v", Inf)
else
Q.push (e, 0*)
end if
: end while
: return S

Step 3: Initial Pass

Lazy property check

R A A S

-
=4

Re-insert with new gain

_e e
[T CR

14: function MARGINALGAIN(v, Inf)

15: A0

16: for j € Neighbors(v) do

17: P — Wyjuy; A <— A+ (min(Inf; +p, ) —min(Inf;, 7))
18: end for

19: return A

20: end function

evaluation, we adopt a unified LLM-as-a-judge protocol using GPT-
40 with fixed decoding settings. We separate the closed-source and
open-source models in the result Table 1 for clarity.

4.2 GEMS Validation

Before presenting the SAFEBUILD-BENCH results, we first validate
the reliability of our construction pipeline. We hypothesize that if
GEMS can effectively identify the “informational core” of a dataset,
then a model trained on GEMS-selected data should exhibit supe-
rior robustness even with minimal samples. We evaluate our data
selection method on two widely-used public instruction-tuning
datasets with contrasting properties to stress-test the selection
efficacy under different compression scenarios:

(1) LLaVA-Instruct-150K (Homogeneous Setting): This dataset
serves as a test bed for in-domain homogeneous data com-
pression. It contains approximately 158K samples generated
by GPT-4 [1] based on the COCO [25] dataset. The data is
relatively homogeneous, primarily spanning conversation, de-
tailed description, and complex reasoning tasks grounded in
daily life images.

(2) LLaVA-Mixed-665K (Heterogeneous Setting): In contrast,
this dataset represents a cross-task, cross-modality mixture com-
pression scenario. It is a heterogeneous collection (665K sam-
ples) combining LLaVA instructions with multiple academic
datasets (e.g., VQAv2 [15], OCR-VQA [31], RefCOCO [7]). It
also introduces task-specific response formatting prompts,
adding to the distributional complexity.
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Table 1: Main Results on SAFEBuUILD-BENCH. We evaluate models on two core capabilities: Hazard Identification and Hazard
Description. We report Global Accuracy and Macro-Recall for identification, and Hazard Detection Rate and Description Quality
for description. Prices for closed-source models are reported as input/output costs per 1 million tokens (USD), based on official
API pricing. The Overall score is the macro-average of the two tasks, reflecting the comprehensive safety capability. The highest
score in each column is shown in bold, and the second-highest score is underlined.

Hazard Identification

Hazard Description

Model Cost($) / Params Overall
Accuracy Macro-Recall Hazard Detection Rate Description Quality
Closed-Source Models
GEMINI-3-FLASH-PREVIEW [14] 05/3 55.8 65.8 67.6 48.4 59.4
QWEN3-VL-PLUs [4] 01/1.4 40.3 53.7 79.9 62.5 59.1
CLAUDE-4.5-SONNET [3] 3.0/15.0 483 56.2 64.4 50.6 54.9
GPT-40 [19] 2.5/10.0 34.3 43.8 66.5 50.7 48.8
Open-Source Models
Kimi-K2.5 [38] 1T 48.7 67.7 72.6 53.7 60.7
QWEN3-VL-235B-A22B-INSTRUCT [4] 235B 40.6 51.6 62.1 51.3 51.4
QWEN3-VL-8B-INSTRUCT [4] 8B 35.6 40.1 42.2 36.4 38.6
QWEN2.5-VL-7B-INSTRUCT [5] 7B 36.7 36.1 57.2 42.1 43.0
QWEN3-VL-4B-INSTRUCT [4] 4B 33.8 42.6 55.8 42.6 43.7
GLM-4.6V [39] 106B 36.8 40.2 59.6 39.3 44.0
GLM-4.5V [39] 106B 33.7 40.5 57.7 37.2 423
GEMMA-3-12B-IT [37] 12B 27.7 40.0 55.8 405 41.0
INTERNVL3-8B [48] 8B 38.6 359 50.8 38.6 41.0
MINICPM-V-4.5 [46] 8B 33.9 43.5 45.9 31.7 38.7
LLAVA-1.5-7B-HF [27] 7B 253 29.8 38.2 27.2 30.1

We validate GEMS using LLaVA-v1.5-7B [27] as the base. Com-
parisons include: (1) Random Selection (standard baseline); (2)
DataTailor [45]; and (3) Full Data Training (ceiling). Evaluation
metrics include robustness-oriented benchmarks: VizWiz [16] (real-
world noise), MMMU [47] (expert reasoning), MME [12] (perception
& cognition), and POPE [24] (hallucination). We group these met-
rics into General Perception, Robustness & Reliability, and Knowledge
& Reasoning. The overall score is the average across all benchmarks.
Implementation Details. For GEMS, we set the uncertainty
weight to A = 0.6 and use QwWEN2.5-VL-3B as the proxy model.
We also ablate the uncertainty weight on LLaVA-Mixed-665K by
testing A € {2, 4}, which increasingly up-weights model confusion
in the selection objective. For all fine-tuned models, we freeze the
vision tower and projector, and apply LoRA (rank 64, « 128) to all
linear layers. Models are fine-tuned for 3 epochs with a learning
rate of 2e-4, an effective batch size of 64, and a cosine schedule.
Results on Homogeneous Data (LLaVA-Instruct-150K). Table
2 demonstrates the efficacy of GEMS under a relatively homoge-
neous instruction distribution. First, we observe an extreme data
efficiency gain: training with merely 1% of the data (1.5k samples)
surpasses the Random Selection baseline using 20% data (32k
samples) on aggregate metrics (MME: 1699.8 vs. 1675.0). Notably,
the 1% subset achieves the highest POPE score (86.5) among all
settings, including Full Data (85.5), suggesting that filtering out
redundant captions significantly mitigates hallucination. When
scaling to 20%, GEMS consistently breaks the performance ceiling
of the full dataset, particularly on reasoning-intensive and noisy
benchmarks, achieving 55.2 on VizWiz (+1.1 over Full) and 35.7 on
MMMU (+2.0 over Full). Remarkably, GEMS achieves 99.5% of the
full-data performance using only 1% of the samples (1.5k). At the

20% scale, it further surpasses the full dataset with a relative score
of 101.1%, suggesting that GEMS effectively filters out redundant
or noisy data that hinders optimization.

Results on Homogeneous Data (LLaVA-Instruct-150K). Table
2(a) demonstrates the efficacy of GEMS under a relatively homoge-
neous instruction distribution. First, we observe an extreme data
efficiency gain: training with merely 1% of the data (1.5k samples)
surpasses the Random Selection baseline using 20% data (32k
samples) on aggregate metrics (MME: 1699.8 vs. 1675.0). Notably,
the 1% subset achieves the highest POPE score (86.5) among all
settings, including Full Data (85.5), suggesting that filtering out
redundant captions significantly mitigates hallucination. When
scaling to 20%, GEMS consistently breaks the performance ceiling
of the full dataset, particularly on reasoning-intensive and noisy
benchmarks, achieving 55.2 on VizWiz (+1.1 over Full) and 35.7 on
MMMU (+2.0 over Full). Remarkably, GEMS achieves 99.5% of the
full-data performance using only 1% of the samples (1.5k). At the
20% scale, it further surpasses the full dataset with a relative score
of 101.1%, suggesting that GEMS effectively filters out redundant
or noisy data that hinders optimization.

Results on Heterogeneous Mixture (LLaVA-Mixed-665K). Ta-
ble 2(b) reports selection performance on the large-scale, multi-task
LLaVA-665K dataset. Under this highly redundant mixture, GEMS
improves data efficiency on robustness-oriented benchmarks. A
model fine-tuned on 1% of GEMS-selected data (about 6.6k sam-
ples) outperforms the full-data model (665k) on in-the-wild evalua-
tion, for example, 53.7 on VizWiz (+5.9 over full data) and 34.8 on
MMMU (+2.0 over full data). Compared with the Random-8% base-
line, GEMS-1% also yields a clear gain on MME (1805.0 vs. 1675.0).
Overall, GEMS retains 98.3% of the full-data average while using
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Table 2: GEMS validation on public instruction-tuning datasets. LLAVA-v1.5-7B is fine-tuned on subsets. MME is the aggregate of
perception and cognition scores. Avg. % denotes average relative performance versus the Full Data baseline. Among data-efficient
methods (excluding Full Data), the highest score in each column is shown in bold and the second-highest is underlined.

General Perception

Robustness & Reliability

Knowledge & Reasoning

Method Data Size Avg. %
VQAv2 GQA MME VizWiz POPE MMMU SciQA  TextVQA

(a) LLaVA-Instruct-150K (Homogeneous Setting)

Full Data 100% (158Kk) 73.7 60.6 1780.8 54.1 85.5 33.7 66.3 47.4 100.0

Random Selection 20% (32k) 75.6 60.5 1675.0 42.3 85.7 32.8 65.8 47.6 97.5
Ours: GEMS

GEMS 1% (1.5k) 75.3 60.4 1699.8 52.1 86.5 34.2 66.2 47.7 99.5

GEMS 10% (15k) 754 603 17688 53.0 86.1 35.3 65.3 471 100.2

GEMS 20% (32k) 75.6 60.6 1755.2 55.2 85.8 35.7 65.8 47.8 101.1

(b) LLaVA-Mixed-665K (Heterogeneous Setting)

Full Data 100% (665k) 79.1 63.0 1744.8 47.8 86.4 32.8 70.0 58.2 100.0

Random Selection 8% (50k) 73.7 55.0 1675.0 42.3 85.7 32.2 70.0 53.1 93.3

DataTailor [45] 8% (50k) 75.0 57.7 1823.7 46.3 82.1 33.9 70.9 53.1 96.9
Ablation: Uncertainty Weight

GEMS w/A=2 8% (50k) 74.9 60.4 1766.6 49.4 36.0 34.8 64.8 47.5 97.4

GEMS w/A=2 1% (6k) 75.1 60.8 1691.8 493 85.9 34.2 64.7 47.8 96.9

GEMS w/A=4 1% (6k) 72.3 58.4 1642.7 52.9 84.7 349 64.3 45.9 96.0
Ours: GEMS

GEMS 1% (6k) 751 604  1805.0 53.7 86.2 348 65.5 473 98.3

GEMS 8% (50k) 74.8 60.1 1781.9 51.6 85.9 36.0 65.4 46.2 97.8

GEMS 15% (100k) 74.8 60.3 1728.3 54.0 85.3 36.1 66.3 46.7 98.1

only 1% of the training samples. These results suggest that selec-
tion can reduce redundancy in heterogeneous instruction mixtures
while preserving the hard and informative content that matters for
robustness evaluation. We use this behavior as a proxy validation
signal for constructing SAFEBUILD-BENCH: the same selection mech-
anism can prioritize informative and non-duplicate candidates in
large industrial streams before expert verification.

4.3 Main Results

Table 1 reports the main results on SAFEBUILD-BENCH across two
core capabilities: Hazard Identification and Hazard Description.
Overall, current vision-language models remain far from robust
construction safety understanding. Even the best-performing mod-
els achieve Overall scores around 60, indicating substantial room
for improvement across both identification and description tasks.

For Hazard Identification, performance varies notably across
models. GEMINI-3-FLASH-PREVIEW achieves the highest accuracy
(55.8), while Kim1-K2.5 attains the best Macro-Recall (67.7), suggest-
ing stronger robustness under class imbalance. In contrast, several
models exhibit a large gap between Accuracy and Macro-Recall, in-
dicating that correct predictions are often concentrated in frequent
categories while rare hazards remain challenging.

For Hazard Description, QWEN3-VL-PLUs achieves the highest
Hazard Detection Rate (79.9) and Description Quality (62.5). This
suggests that strong descriptive ability does not necessarily corre-
late with categorical identification accuracy, as QWEN3-VL-PLus

lags behind top models on identification metrics. Across models,
Hazard Detection Rate is generally higher than Description Quality,
indicating that models can often detect the existence of hazards but
struggle to provide precise and informative descriptions.

Comparing closed-source and open-source models, we observe
competitive performance from large open-source systems. Kimi-
K2.5 achieves the highest Overall score (60.7) among all evaluated
models, outperforming several proprietary counterparts. However,
smaller open-source models underperform, highlighting the impor-
tance of model scale for construction safety understanding.This
trend is consistent across open-source models, where performance
improvements are primarily driven by increases in model scale
rather than architectural variations.

Taken together, these results reveal that construction safety re-
mains a challenging domain for vision-language models. Strong
performance on one task does not guarantee robustness on the
other, underscoring the need for holistic evaluation across both
hazard identification and hazard description capabilities.

4.4 Error Analysis

Hazard Identification. Figure 4 illustrates category-wise identi-
fication accuracy for representative models on the Hazard Identi-
fication task. A clear pattern emerges: model performance varies
substantially across hazard categories, indicating that identification
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No Hazard
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afety Management Kimi-k2.5
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Suspended Working Platform

Figure 4: Category-wise identification accuracy on the Haz-
ard Identification task. The radar chart compares three rep-
resentative models, Kim1-K2.5, GPT-40, and QWEN3-VL-4B-
INSTRUCT, across major hazard categories. Each axis corre-
sponds to a hazard category, and values indicate identifica-
tion accuracy within that category.

errors are strongly category-dependent rather than uniformly dis-
tributed. We also observe consistent trends across different models,
suggesting shared challenges inherent to specific hazard types.

Models generally perform better on hazard categories with dis-
tinctive visual cues and well-defined objects, such as Temporary
Electrical and Hoisting Operations. In contrast, categories involving
subtle structural differences or contextual safety rules, such as Tube
and Coupler, Ring-Lock Scaffold, and Safety Management, consis-
tently exhibit lower accuracy across models. These categories often
require fine-grained discrimination between visually similar config-
urations or rely on implicit safety norms, which remain challenging
for current vision-language models.

Another notable failure mode is misclassifying No Hazard cases.
Despite the absence of explicit safety violations, models frequently
over-predict hazards, suggesting a bias toward hazard presence.
This tendency indicates limited calibration in distinguishing com-
pliant construction scenarios from genuinely unsafe ones.

Comparing models, larger models such as Kim1-K2.5 and GPT-40
show relatively more stable performance across categories, while
smaller models like QWEN3-VL-4B-INsTRUCT exhibit sharper perfor-
mance drops in complex or ambiguous categories. This observation
suggests that model capacity plays an important role in handling
fine-grained hazard distinctions, although even large models remain
far from reliable across all categories.

Hazard Description. We further analyze the Hazard Descrip-
tion task using GPT-40 as an automatic judge, which outputs a
hazard-detection signal (HDR) and a normalized description-quality
score. We define major description failures as cases with HDR = 0
or Final < 0.5 (excluding judge errors and dataset-conflict cases).
Under this criterion, Kim1-K2.5 exhibits a 27.3% major-failure rate
(304/1114), while the smaller model QWEN3-VL-4B-INSTRUCT rises
to 44.4% (495/1114), indicating a capacity gap in hazard narration.

Yi Cui et al.

Across both models, major failures are overwhelmingly driven by
breakdowns at the hazard detection stage rather than deficiencies in
linguistic expression. Almost all major failures coincide with HDR =
0 (303/304 for Kimi-K2.5; 493/495 for QWEN3-VL-4B-INSTRUCT),
suggesting that once a hazard is correctly detected, models usually
produce descriptions of acceptable quality.

The two models exhibit distinct failure patterns. Kimi-K2.5 often
fails by describing hazards that appear plausible but do not satisfy
the ground-truth safety criteria (52.0% of major failures). False
alarms in genuinely safe scenes account for a further 30.9%. In
contrast, QWEN3-VL-4B-INsTRUCT is dominated by missed hazards,
frequently responding with generic “no hazard” or “safe” statements
when safety violations are present (70.7%). The remaining cases
mainly involve mismatched hazard descriptions (21.0%).

For both models, failures are concentrated in scenarios that re-
quire contextual grounding rather than the recognition of a salient
object, such as signage and housekeeping compliance, barriers and
guardrails, scaffolding, and temporary electrical setups. These re-
sults indicate that hazard description remains challenging when
safety violations are defined by implicit rules or subtle visual cues.

5 Discussion and Limitations

Our results highlight a practical issue in construction safety mon-
itoring: large inspection archives are often dominated by redun-
dancy, while rare hazards that matter for deployment form a long
tail. SAFEBUILD-BENCH is designed to make this setting measurable
by retaining temporal metadata and enabling stratified analysis
across time periods and sites, which better reflects real deployment
shift. The proxy studies also suggest that selection can preserve
robustness-relevant content under small data budgets, supporting
a data-centric approach to benchmark construction. Limitations
remain: SAFEBUILD-BENCH has about 3,000 expert-verified samples,
scaling will require sustained expert effort, and GEMS depends
on proxy models for uncertainty estimation, so weak proxies may
under-select certain hazard types; ensembles and complementary
signals are a natural next step. Finally, extending the same recipe to
other domains will require new taxonomies and expert guidelines,
even if the selection mechanism remains similar.

6 Conclusion

We release SAFEBUILD-BENCH, a construction safety benchmark for
evaluating MLLMs under realistic time and site shifts. SAFEBUILD-
BENCH is mined from large-scale inspection archives and curated
into an expert-verified evaluation set with tasks covering hazard
identification and hazard description. Each instance retains tempo-
ral metadata, enabling stratified analysis across time periods and
sites with executable evaluation scripts and a standardized LLM-
as-a-judge protocol. To make construction feasible from redundant
streams, we develop GEMS, a graph-enhanced mining pipeline
that prioritizes informative and non-duplicate candidates for ex-
pert verification. In proxy studies on public instruction-tuning data,
fine-tuning on a small GEMS-selected subset can match or exceed
full-data training on robustness-oriented benchmarks, suggesting
that selection can reduce redundancy while preserving hard cases.
We also release the dataset, benchmark, curation codebase, and
the evaluation scripts to support reproducible research on safety-
focused multimodal models.
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B Datasheet for SAFEBUILD-BENCH

Following the standardized framework recommended by Gebru
et al. [13], we provide the datasheet for SAFEBUILD-BENCH. This
datasheet documents the motivation, composition, collection pro-
cess, preprocessing, intended uses, distribution, and maintenance
plan for the benchmark.

B.1 Motivation

e For what purpose was the dataset created? SAFEBUILD-
BENCH was created to evaluate the temporal robustness and
construction safety understanding capabilities of Multimodal
Large Language Models (MLLMs). Existing benchmarks in this
domain primarily adopt random (i.i.d.) splits that can inflate
performance by allowing models to memorize site-specific back-

grounds rather than learning safety-relevant semantics. SAFEBUILD

-BeENcH addresses this gap by providing an expert-verified eval-
uation set with retained temporal metadata, enabling stratified
analysis across time periods and sites under realistic deploy-
ment conditions.

e Who created the dataset and on behalf of which entity?
The dataset was curated by researchers at The Hong Kong Uni-
versity of Science and Technology (Guangzhou), in collabora-
tion with construction industry partners who provided access to
real-world inspection archives. Ground truth annotations were
defined and verified by certified construction safety engineers.

Who funded the creation of the dataset? The dataset cre-
ation was supported by the authors’ affiliated institutions.

e Any other comments? The creation of SAFEBUILD-BENCH is
motivated by a data-centric Al philosophy: rather than scaling
data volume alone, the benchmark emphasizes information
density and distributional coverage. The accompanying GEMS
selection pipeline was developed and validated specifically to
enable scalable, principled curation from massive and redundant
industrial data streams.

B.2 Composition

e What do the instances that comprise the dataset repre-
sent? Each instance in SAFEBUILD-BENCH is an image—text pair
originating from real construction site inspection records. The
image is a surveillance or inspection photograph depicting a
construction scene, and each instance is accompanied by struc-
tured annotations including: (1) the primary hazard category,
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(2) an expert-written reference description following construc-
tion safety inspection standards, and (3) task-specific evaluation
metadata (e.g., multiple-choice options with confusion-group
distractors for the identification task, or free-form reference
answers for the description task). Each instance also retains
temporal (date) and site-level metadata.

e How many instances are there in total? The benchmark
contains over 3,000 expert-verified images, yielding a total of
3,314 task instances across two complementary evaluation tasks:
— Hazard Identification (MCQ): 2,200 instances, each com-
prising an image, a question, four answer options (one cor-
rect category plus three expert-defined confusion-group dis-
tractors), and the correct answer label.

- Hazard Description (Free-form): 1,114 instances, each
comprising an image, a prompt requesting a safety hazard
description, and an expert-written reference description.

e Does the dataset contain all possible instances or is it a
sample? The benchmark is a curated sample. It was mined from
a raw pool of over 100,000 image—text pairs using the GEMS
selection pipeline, which prioritizes informative, diverse, and
non-redundant candidates for subsequent expert verification.
The selection process is designed to concentrate long-tail haz-
ards and reduce the dominance of repetitive, low-risk scenes.

e What data does each instance consist of? Each instance
consists of:

— A JPEG image of a construction scene (privacy-protected;
see below).

— A hazard category label from 19 fine-grained categories orga-
nized into 5 higher-level safety domains: Site Management,
Elevation Work, Facilities, No Hazard, and Others.

— Task-specific annotations (MCQ options or free-form refer-
ence description).

— Temporal metadata (collection date) and site identifier.

e Is there a label or target associated with each instance?
Yes. For the Hazard Identification task, the label is the correct
hazard category among four options. For the Hazard Description
task, the target is the expert-written reference description and
a binary hazard-presence indicator.

e Is any information missing from individual instances?
No. All released instances contain the full set of annotations
described above.

o Are relationships between individual instances made ex-
plicit? Instances are linked through shared site identifiers and
temporal metadata, which enable grouping by site or time pe-
riod for stratified evaluation. The 19 hazard categories are fur-
ther organized into expert-defined confusion groups that cap-
ture common misidentification patterns.

e Are there any errors, sources of noise, or redundancies?
All samples have been reviewed by construction safety experts.
Ambiguous cases were discussed and resolved through expert
consensus. The GEMS pipeline was specifically designed to
minimize redundancy in the candidate pool before expert verifi-
cation. Nevertheless, some residual annotation ambiguity may
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exist for borderline safety scenarios, which is inherent to the
domain.

Is the dataset self-contained, or does it link to or other-
wise rely on external resources? The dataset is self-contained.
All images, annotations, and metadata are included in the re-
lease. The evaluation scripts rely on standard open-source li-
braries and, for the Hazard Description task, access to an LLM
judge (e.g., GPT-40[19]) for automated scoring.

Does the dataset contain data that, if viewed directly,
might be offensive, insulting, threatening, or might other-
wise cause anxiety? The dataset depicts real construction site
conditions, some of which involve genuine safety hazards (e.g.,
improperly installed safety netting, exposed electrical cables,
missing guardrails). These images are representative of occupa-
tional safety risks and are included for research purposes. They
do not contain graphic injury content.

Does the dataset relate to people? Construction workers
may appear in the images, but all faces are blurred and no
personally identifiable information is retained. The dataset does
not contain demographic labels or behavioral tracking data.

Does the dataset identify any subpopulations (e.g., by age,
gender)? No. The dataset does not identify, label, or distinguish
any human subpopulations.

Yi Cui et al.

e Over what timeframe was the data collected? Data was col-

lected over a five-month period from July 1, 2025, to November
30, 2025.n.

Does the dataset relate to people? Workers may be visible in
construction scenes, but all identifying features are anonymized.
The dataset is designed to evaluate safety conditions of con-
struction environments, not to monitor or identify individual
workers.

B.4 Preprocessing, Cleaning, and Labeling

e Was any preprocessing/cleaning/labeling of the data done?

Yes. The following preprocessing steps were applied:

(1) Privacy anonymization: Automated detection and blurring
of all human faces and vehicle license plates, followed by
manual verification on a random 5% subset.

(2) Candidate mining: The GEMS pipeline was applied to the raw
100,000+ pool to rank and diversify candidates, producing a
compact candidate set enriched in long-tail hazards.

(3) Expert annotation: Construction safety experts assigned haz-
ard category labels and wrote reference descriptions for each
selected sample following established construction safety
inspection standards.

(4) Confusion group construction: Experts defined semantically
similar hazard groupings to generate challenging MCQ dis-
tractors.

(5) Quality assurance: Ambiguous annotations were resolved
through expert consensus review.
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Images were captured by fixed surveillance and inspection cam-
eras installed at active construction sites. The accompanying
text descriptions were recorded as part of routine safety inspec-
tion workflows by field personnel and safety experts.

What mechanisms or procedures were used to collect the
data? Data was sourced from more than 50 construction loca-
tions in collaboration with multiple large-scale construction
projects. The collection covers diverse scenes (e.g., scaffolding,
foundation pits, tower cranes), various facilities (e.g., tower
cranes, scaffolding, distribution boxes), and a range of environ-
mental conditions (e.g., daytime, nighttime, rainy, and foggy
weather).

If the dataset is a sample from a larger set, what was the
sampling strategy? The benchmark was mined from a raw
pool of 100,000+ image—text pairs using the GEMS selection
engine. GEMS combines epistemic uncertainty quantification
(identifying samples where a proxy MLLM is uncertain) with a
dual-graph structure (enforcing semantic coverage and reducing
near-duplicates) to extract the informational core. The resulting
candidate set was then subjected to expert verification and
annotation.

Who was involved in the data collection process and how
were they compensated? Multiple safety experts and field
inspection personnel were involved in data acquisition, annota-
tion, and verification. All personnel were compensated as part of
their professional duties through their respective organizations.
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/cleaned/labeled data? The raw data pool is retained internally
for potential future benchmark expansions but is not part of the
public release. Only the expert-verified, anonymized benchmark
instances are released.

Is the software used to preprocess/clean/label the data
available? Yes. The GEMS codebase (selection pipeline) and
the evaluation scripts (including the LLM-as-a-judge protocol)
are released alongside the benchmark.

B.5 Uses
e Has the dataset been used for any tasks already? Yes. The

dataset has been used to benchmark a diverse set of state-of-
the-art MLLMs, including both proprietary models, as reported
in Section 4.

Is there a repository that links to any or all papers or
systems that use the dataset? Yes. The dataset repository
(hosted on Hugging Face and GitHub) will maintain a list of
publications and systems that use SAFEBUILD-BENCH.

e What (other) tasks could the dataset be used for? Beyond

the two primary tasks (Hazard Identification and Hazard De-

scription), SAFEBUILD-BENCH could support research on:

— Temporal robustness analysis of vision-language models.

— Domain adaptation and transfer learning for industrial safety.

— Long-tail recognition and few-shot learning in safety-critical
settings.

- Calibration and uncertainty estimation of MLLMs.
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- Development and evaluation of LLM-as-a-judge methods for
free-form safety assessment.

o Is there anything about the composition of the dataset or
the way it was collected and preprocessed/cleaned/labeled
that might impact future uses? The dataset is specific to Chi-
nese construction sites and may not generalize to construction
practices in other countries without adaptation. The hazard
taxonomy (19 categories across 5 domains) follows Chinese
construction safety inspection standards. Users applying the
benchmark in other regulatory contexts should be aware of
potential taxonomy mismatches.

e Are there tasks for which the dataset should not be used?
The dataset must not be used for: biometric identification,
worker surveillance, punitive monitoring, or any application
that targets individual workers. It is released strictly for research
purposes aimed at improving workplace safety monitoring sys-
tems.

B.6 Distribution

o Will the dataset be distributed to third parties outside of
the entity on behalf of which the dataset was created? Yes.
The dataset is publicly released for research use.

e How will the dataset be distributed? The dataset will be
hosted on Hugging Face Datasets and GitHub, with accompa-
nying evaluation scripts and the GEMS codebase.

e When will the dataset be distributed? The dataset is released
concurrently with the publication of this paper.

o Will the dataset be distributed under a copyright or other
intellectual property (IP) license, and/or under applicable
terms of use (ToU)? Yes. The dataset is released under the CC-
BY-NC-SA 4.0 (Creative Commons Attribution-NonCommercial-
ShareAlike 4.0 International) license. This permits non-commercial
use with attribution and requires derivative works to be shared
under the same license.

e Have any third parties imposed IP-based or other restric-
tions on the data associated with the instances? The con-
struction industry partners have authorized the release of the
anonymized data for non-commercial research purposes under
the terms described above.

e Do any export controls or other regulatory restrictions
apply to the dataset or to individual instances? Not to our
knowledge.

e Who is supporting/hosting/maintaining the dataset? The
dataset is maintained by the authors at The Hong Kong Uni-
versity of Science and Technology (Guangzhou). Hosting is
provided via Hugging Face Datasets and GitHub.

e How can the owner/curator/manager of the dataset be
contacted? Through the corresponding authors listed in this
paper, or via the issue tracker on the dataset’s GitHub reposi-
tory.

o Is there an erratum? Not currently. Any corrections will be
documented in the dataset repository’s changelog.
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o Will the dataset be updated (e.g., to correct labeling errors,
add new instances, delete instances)? Yes. We plan to release
updated versions to correct any identified errors and to expand
coverage. A planned v2.0 release will incorporate video-based
evaluation tasks.

o If the dataset relates to people, are there applicable limits
on the retention of the data associated with the instances?

All personal identifying features have been irreversibly anonymized

(blurred) prior to release. No PII is retained in the dataset, so
standard data retention limits for identifiable personal data do
not apply.

e Will older versions of the dataset continue to be sup-
ported/hosted/maintained? Yes. All released versions will
remain available on the hosting platforms with clear version
identifiers to support reproducibility.

o If others want to extend/augment/build on/contribute to
the dataset, is there a mechanism for them to do so? Con-
tributors may submit extensions or corrections via pull requests
on the GitHub repository. Proposals for new hazard categories
or evaluation tasks will be reviewed by the maintainers in con-
sultation with domain experts.

Their domain expertise and on-site support were essential for en-
suring the quality, safety relevance, and regulatory compliance of
the SAFEBuILD-BENCH dataset.

C Benchmark Case Study

To illustrate the evaluation design of SAFEBUILD-BENCH, we present
four representative examples in Figure 5 and 6, organized into
two rows covering both benchmark tasks under different visual
conditions.

Hazard Identification (MCQ). The left column shows four multiple-
choice samples that test a model’s ability to distinguish the correct
hazard category from semantically similar distractors drawn from
expert-defined confusion groups.

Hazard Description (Free-form). The right column demonstrates
the open-ended description task together with the LLM-as-a-judge
evaluation protocol.

These cases collectively illustrate several key challenges embed-
ded in SAFEBUILD-BENCH: (1) fine-grained discrimination among
visually and semantically similar hazard categories; (2) robustness
to adverse environmental conditions such as nighttime and oc-
clusion; (3) the gap between hazard detection (binary) and hazard
description (requiring precise, grounded reasoning); and (4) the role
of the LLM-as-a-judge scheme in providing scalable, interpretable,
and multi-dimensional evaluation of free-form model outputs.

D Disclosure of Al Use

In the preparation of this manuscript, we utilized Al tools to assist
with linguistic polishing and the formatting of tables to improve
readability. The authors have reviewed and edited the content,
and take full responsibility for the accuracy and integrity of the
published work.
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Task: Hazard Detection (MCQ)

Question:Identify the primary construction safety hazard type
shown in the image.
Options:

A. Temporary Electrical Supply

B. No Hazard /

C. Safety Management
D. Civilized Construction

Analysis: Option B is correct because the construction site is orderly,
with fire extinguishers properly stored and accessible. Safety measures
appear to be in place.

Task: Hazard Detection (MCQ)

Question:Identify the primary construction safety hazard type
shown in the image.

\.

Options:
A. Temporary Electrical Supply
B. Safety Management
C. No Hazard v/
D. Construction Tools and Equipment

Analysis: Option C is correct because the construction site is orderly,
with equipment neatly arranged and safety measures such as caution
signs visible.

Yi Cui et al.

Task: Hazard Detection (MCQ)

Question:Identify the primary construction safety hazard type
shown in the image.
Options:

A. No Hazard

B. Construction Tools and Equipment

C. Safety Management ./

D. Civilized Construction

Analysis: Option C is correct because The area lacks proper safety
signage to warn of potential hazards, and the equipment is covered
with a tarp, which may conceal tripping hazards.

«\ i : r“i B

Question: Identify the primary construction safety hazard type
shown in the image.

Options:
A. Construction Tools and Equipment /
B. Hoisting Operations

C. Tower Crane
D. Temporary Electrical Supply

Analysis: Option A is correct because the power cables are scattered
across the floor, creating a tripping hazard in the construction area.
And this equipment are not properly protected, which presents po-
tential safety hazards.

L

_ _______J

Task: Hazard Detection (MCQ)

J

Figure 5: Qualitative Examples from SAFEBUILD-BENCH. (Left) Four MCQ samples testing precise hazard identification. The
correct option is highlighted.
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Task: Open-Ended Description & Evaluation

Ground Truth: The safety netting is improperly installed, with
visible gaps that could lead to falls from height.

Model Prediction: There is a hazard due to exposed and tangled
electrical cables, which pose a risk of tripping, electrical shock,
or fire. The suspended yellow box appears unstable, increasing
the risk of falling and injury.v/

LLM-As-A-JUDGE OUTPUT:

Hazard Detection: 1

Quality Score: 4/5 (Miss Key Words)

Final Score: 0.875

Reasoning: The predicted description correctly identifies the exis-
tence of hazards, including tangled cables and the instability of the
suspended box. It provides a clear explanation of risks such as trip-
ping, electrical shock, and fire. However, it does not explicitly mention
the straps or the column, which are key objects in the ground truth
description. This omission prevents it from being fully comprehensive,
resulting in a score of 4 for description quality

SAFEBUILD-BENCH : A Temporal-Robust Construction Safety Benchmark with Graph-Enhanced Data Mining
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Task: Open-Ended Description & Evaluation

Ground Truth: The safety netting is improperly installed, with
visible gaps that could lead to falls from height.

Model Prediction: There is no visible construction safety hazard
in this scene. The area appears secure with a protective barrier in
place. [FAIL]

LLM-As-A-JUDGE OUTPUT:
Hazard Detection: 0 (Missed)
Quality Score: 1/5 (Poor)
Final Score: 0.0

Reasoning: The predicted description fails to detect the hazard
described in the ground truth (safety netting gaps). It incorrectly
states that there is no hazard... making it both inaccurate and

unhelpful.

KDD ’26, August 2026, TBD

Figure 6: Qualitative Examples from SAFEBuUILD-BENCH. (Right) Two reasoning samples requiring complex chain-of-thought
analysis of Temporary Electrical Supply and Working At Heights type hazard, Key risk factors are bolded.
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