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Multimodal Large Language Models (MLLMs) show strong progress on vision–language tasks,
yet their reliability in safety-critical settings remains underexplored. Fire-smoke understanding
is central to public safety and disaster response, but most existing benchmarks lack diverse
real-world scenarios and context-aware evaluation. We introduce SAFIRE, a large-scale bench-
mark for fire-smoke understanding in MLLMs, comprising 83K captioned images from 20
scenarios and 193K multiple-choice VQA (MCVQA) generated from a 9.7K-image subset,
spanning 10 evaluation dimensions from basic perception to higher-order reasoning. A GPT-5.4-
assisted multi-stage verification pipeline with MLLM majority voting ensures annotation quality.
Evaluating ten open-source MLLMs (8B–38B) yields an average accuracy of 61.9%, exposing
major gaps in safety-critical reasoning. We further show that adapting vision encoders with
only 7% of our domain-specific data boosts fire-scene classification accuracy from 20.1% to
64.5%, indicating that carefully curated data can yield substantial gains even when data volume
is limited.

Project Page: https://risys-lab.github.io/SAFIRE/

1 Introduction

Fire and smoke occur across diverse human and
natural activities such as cooking, industry, cel-
ebrations, accidents, and wildfires. While their
visual patterns often appear similar across settings
(Chaturvedi et al., 2022), the underlying causes,
risks, and appropriate responses vary widely. Un-
derstanding these phenomena requires not only
visual recognition but also reasoning about con-
text, intent, and consequence, which goes beyond
conventional detection or segmentation. Nonethe-
less, most existing studies remain limited to narrow
recognition tasks based on small, privately curated
datasets with minimal contextual annotation (Han
et al., 2024b; Zhu et al., 2025; Li et al., 2025a; Du
et al., 2025; Boumaraf et al., 2025).

Recent MLLMs demonstrate strong zero-shot
performance and richer contextual reasoning than
traditional models (Liu et al., 2023; Bai et al.,
2025b), yet existing fire-smoke benchmarks fall
short in evaluating the situational reasoning re-
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Figure 1: From windmill center to the periphery:
SAFIRE consists of 5 processes spanning 20 real-world
scenarios, with 10 evaluation dimensions and over 193K
curated question-answer pairs derived from our subsets.

quired in safety-critical contexts (Table 1). They
lack complex, context-aware queries such as de-
termining whether visible smoke signals an emer-
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(a) Misleading “White Smoke" (b) Recognizing “No Smoke"

Figure 2: Comparison of traditional and our dataset:
(a) False-positive “White Smoke” class image example
from a local-perceptron dataset; (b) An image labeled
“No Smoke" in our dataset, with a caption recognizing
firefighters and a fire hose reel.

(a) Light Bulb on Wall (b) Stage Fire Performance

Figure 3: Misclassifications without contextual rea-
soning: (a) A warm-toned bulb triggers a false-positive
“fire”; (b) A live fire show yields a false-negative “no
fire.” Incorporating global context, like identifying stage
or fire trucks, corrects these mistakes.

gency, leaving the reasoning limitations of current
MLLMs insufficiently explored.

Figures 2 and 3 illustrate typical failure cases
when contextual cues are ignored. In Fig. 2, wa-
ter vapor is often misidentified as smoke during
firefighting; in Fig. 3(a), warm lighting from bulbs
or streetlights may trigger false fire alarms; and
in Fig. 3(b), controlled pyrotechnic displays may
appear as non-critical scenes. Broader scene cues
such as firefighters, hoses, stages, or fire trucks
help models resolve these ambiguities.

These challenges underscore the need for
context-aware, multimodal reasoning in fire and
smoke understanding, yet progress remains lim-
ited by the absence of large-scale, high-quality
datasets aligned with modern MLLM capabilities.
To bridge this gap, we introduce SAFIRE (Safety-
Aware Fire-smoke Inspection and Reasoning
Evaluation), a large-scale benchmark for compre-
hensive, context-aware evaluation of MLLMs in
fire-smoke reasoning. As shown in Fig. 1, SAFIRE
comprises 83K captioned images from 20 real-
world scenarios and 193K multiple-choice VQA
pairs (from a 9.7K subset) spanning 10 evaluation
dimensions, supporting both perceptual and higher-
order reasoning at the scene level. Our main contri-
butions are summarized as follows:
• We constructed SAFIRE, a multi-scenario bench-

mark explicitly designed to evaluate MLLMs’
reasoning in fire-smoke contexts. Annotation
quality is maintained through a GPT-5.4-assisted
semantic verification pipeline combined with
model-guided majority voting.

• SAFIRE enables systematic assessment of scene-
level, contextual, causal, and behavioral reason-
ing, providing a testbed that extends beyond con-
ventional classification or detection tasks. Eval-

uations on ten open-source MLLMs yield an av-
erage MCVQA accuracy of 61.9%, highlight re-
maining gaps in safety-critical reasoning.

2 Related work

Classical fire/smoke datasets. Early studies re-
lied on handcrafted features and small binary
datasets such as BowFire (Chino et al., 2015)
and F. Yuan (Yuan et al., 2015), which focused
on color and texture cues to distinguish fire or
smoke from background scenes. With the ad-
vent of deep learning, larger labeled datasets (e.g.,
Khan (Khan et al., 2019), L. He (He et al., 2021),
EdgeFireSmoke (Almeida et al., 2022)) enabled
convolutional and attention-based models. Early
datasets such as FD (Li et al., 2020) and MAFire-
Net (Khan et al., 2025) adopted binary fire/no-fire
setups, later evolving toward finer-grained classifi-
cation. Notably, DFAN (Yar et al., 2022) introduced
scene-specific categories (e.g., vehicle- or building-
related fires), though with limited per-class samples
and semantic overlap, while UFS-data (Hosseini
et al., 2022) proposed multi-label annotations for
flame, white smoke, and black smoke. Despite
these advances, video-derived frames and narrow
scenario coverage restrict contextual diversity.
Detection, segmentation, and richer labels. Re-
cent benchmarks have increasingly emphasized
fire–smoke localization and multi-scenario annota-
tions to enhance model robustness. Datasets such
as FiSmo (Cazzolato et al., 2017), Nemo (Yazdi
et al., 2022), DFS (Wu et al., 2023), and
HQFSD (Qian et al., 2024) establish foundational
localization pipelines, while newer benchmarks
like SmokeBench (Qi et al., 2026) and Detectium-
Fire (Liu et al., 2026) enrich these with bounding-
box annotations, fine-grained severity taxonomies,



Table 1: Comparison of SAFIRE with Previous Influ-
ential Works. “Influential works” here refers to widely
cited historical benchmarks (2015-2020) or foundational
recent benchmarks (2021-2026). denotes Classifica-
tion, denotes Detection, denotes Segmentation,
denotes Sensor Data, denotes MCVQA and/or Cap-
tions. The proposed SAFIRE benchmark stands out for
its overall scale, scenario diversity, and wide coverage.

Benchmark Anno. Fire Smoke # Classes # Samples

BowFire (2015) ✓ ✗ 2 466
F. Yuan (2015) ✗ ✓ 2 21,329
Khan (2019) ✗ ✓ 4 72,012
FD (2020) ✓ ✗ 2 50,000
L. He (2021) ✗ ✓ 4 33,666
DFAN (2022) ✓ ✗ 12 3,084
EdgeFireSmoke (2022) ✓ ✓ 8 86,775
UFS-data (2022) ✓ ✓ 8 849,640
MS-FSDB (2024) ✓ ✓ 35 12,586
MAFire-Net (2025) ✓ ✗ 2 18,881

FiSmo (2017) ✓ ✓ 4 9,448
Nemo (2022) ✗ ✓ 4 6,702
DFS (2023) ✓ ✓ 3 9,462
HQFSD (2023) ✓ ✓ 4 12,166
S.Y. Kim (2023) ✗ ✓ 2 32,500
DetectiumFire (2026) ✓ ✓ 19 22,500
SmokeBench(WACV) (2026) ✗ ✓ 2 6,046

Mlich (2020) ✓ ✗ 1 6,386
WildfireSpread(2023) ✓ ✗ 2 13,607
MultiFire20K (2024) ✓ ✓ 4 20,500
UniInd-FireSmoke(2025) ✓ ✓ 6 30,101
FireSentry (2026) ✓ ✓ 2 20,710
SmokeBench(MM) (2026) Paired Imgs ✗ ✓ 43 9,975

SAFIRE (Ours) ✓ ✓ 20 83K/9.7K/193K

and curated “fire-like” negative samples to rig-
orously evaluate detection accuracy and visual
reasoning. To mitigate the visibility degrada-
tion that often compromises fire smoke percep-
tion tasks, SmokeBench(MM) (Jin et al., 2025)
contributes nearly 10K precisely aligned paired
images specifically designed for early-stage fire
desmoking, serving as a preprocessing foundation
for downstream analysis. Furthermore, segmenta-
tion and sensor-augmented datasets have expanded
the research landscape: FireSentry (Zhou et al.,
2026) delivers synchronized infrared–visible video
streams and pixel-level fire masks for fine-grained
wildfire spread forecasting, while resources like
WildfireSpread (Gerard et al., 2023) and UniInd-
FireSmoke (Li et al., 2025b) incorporate satellite or
industrial sensor modalities.
Landscape summary. Table 1 summarizes 23
representative fire-smoke datasets (2015-2026).
Classification tasks dominate (17/23), with fewer
detection or segmentation resources. Only (2/23)
include image-caption for evaluating reasoning,
and none of the benchmarks include VQA pairs.
Besides, over half (13/23) cover only one modal-
ity (fire or smoke), despite their frequent co-
occurrence. Only a few—MS-FSDB (Han et al.,
2024a), DFAN (Yar et al., 2022), Detectium (Liu

Table 2: SAFIRE dataset statistics across 20 fire-
smoke relevant scenarios. QA-I indicates the image
subset used for generating questions (i.e. MCVQA-
active images), and QA-P represents the total number
of generated QA pairs.

Scenario Full Set QA-I (%) QA-P
Accidental Incidents
Residential Fire 4,280 469 (11.0%) 9,316
Explosion 3,924 463 (11.8%) 9,257
Vehicle Fire 1,616 175 (10.8%) 3,500

Industrial Operations
Aerospace Operation 3,839 454 (11.8%) 9,056
Metal Forging 2,963 301 (10.2%) 6,006
Flare Stack 2,298 440 (19.1%) 8,799

Natural Phenomena
Volcano 5,609 728 (13.0%) 14,561
Forest Fire 5,151 596 (11.6%) 11,822
Open Grassland 4,912 552 (11.2%) 11,013
Meteor 2,636 259 (09.8%) 5,115

Recreational Activities
Barbecue 6,187 770 (12.4%) 15,400
Firework 6,105 749 (12.3%) 14,945
Campfire-Bonfire 5,560 702 (12.6%) 14,040
Torch Parade 2,922 300 (10.3%) 5,998
Sky Lantern-Hot Balloon 1,510 194 (12.8%) 3,880

Civil Controlled Scenes
Waste Disposal 5,302 658 (12.4%) 13,159
Gas Stove 5,015 568 (11.3%) 11,321
Incense Burning 4,970 511 (10.3%) 10,212
Candlelight 4,043 431 (10.7%) 8,620
Smoking 4,000 348 (08.7%) 6,884

Total 82,842 9,668 (11.7%) 192,904

et al., 2026), and SmokeBench(MM) (Jin et al.,
2025)—offer relatively diverse scene coverage.
Rise of multimodal models. Recent advances
in vision-language modeling, from encoder-only
CLIP (Radford et al., 2021) to multimodal LLMs
such as GLM-4.1V (Team et al., 2026b), Qwen-
3.5 (Qwen Team, 2026a), and Gemma-3 (Team
et al., 2025), enable zero-/few-shot transfer and
contextual reasoning. However, prior benchmarks
seldom touch the systematical evaluation of fire-
smoke reasoning. SAFIRE addresses this gap by
introducing diverse real-world scenarios, image-
caption pairs, and MCVQA annotations that jointly
assess perception, reasoning, and alignment within
a unified multimodal framework.

3 SAFIRE Benchmark

We introduce SAFIRE, a large-scale benchmark
for evaluating context-aware fire-smoke under-
standing in MLLMs. It contains 83K captioned-
images across 20 real-world scenarios and a cu-
rated subset of 9.7K images with 193K multiple-
choice VQA (MCVQA) pairs. Complementary
image-caption annotations enable both perceptual
understanding and higher-level reasoning. Figure 4
outlines the SAFIRE pipeline, which integrates
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    "question": "What is the purpose of this fire?"
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Figure 4: SAFIRE pipeline. Four stages: (I) multi-source collection and filtering; (II) construction of MCVQA
and caption branches with hierarchical labels; (III) MLLM evaluation across ten reasoning dimensions; (IV)
benchmarking of vision-language encoders under zero-shot and few-shot settings.

data collection, dataset structuring, and multimodal
evaluation into a unified testbed for fine-grained
fire-safety reasoning and zero-shot assessment.

3.1 Data Collection and Structuring.

Images and captions are gathered from multiple
sources and filtered through a multi-factor filter-
ing (MFF) process combining automatic keyword
matching, GPT-5.4-based semantic validation, and
manual review (see Appendix B). The pipeline
yields 83K high-quality multi-style samples, in-
cluding both fire-present (positive) and minor fire-
absent (negative) images across multiple scenarios,
which helps suppress model overconfidence and ha-
bitual false-positive fire perception (Fig. 4, Stage I).
Subsequently, 9.7K samples are selected to con-
struct two subsets under a unified taxonomy: (i) an
MCVQA set spanning ten reasoning dimensions,
and (ii) an enhanced image set covering five groups
and twenty scene labels (Fig. 4, Stage II).

Annotation Pipeline. All annotations are gener-
ated using a structured prompting framework built
on Qwen2.5VL-72B-Instruct (Bai et al., 2025b).
Standardized prompts define the expected outputs
across the ten reasoning dimensions to ensure con-
sistent question-answer generation. To reduce hal-

lucinations, the model is instructed to “strictly fol-
low the image content,” and a “None of the above”
option is included for ambiguous cases.

MCVQA Quality Control. Annotation quality is
ensured through a multi-stage validation pipeline.
First, we design scenario-specific prompts to ex-
plicitly inform the model of potential contextual
biases (e.g., smoke dominance in Incense-burning
scenes, or fire dominance in Firework and Metal
Forging scenarios). All images, together with their
generated MCVQAs, are then passed to GPT-5.4
for verification and correction. Subsequently, we
employ majority voting across multiple MLLMs
(Fig. 8) to identify inconsistent or ambiguous sam-
ples, which are further manually reviewed and cor-
rected. This combination of automated validation
and human verification provides reliable quality
control. Finally, a human evaluation on 2,800
MCVQAs demonstrates an overall annotation accu-
racy of 87.1%, with scenario-wise accuracy rang-
ing from 80% to 96%. More details about the
quality control process, residual error types, and
the effect of errors on model performance can be
found in Appendix C.6 and D .

Visualization. Fig. 5 illustrates representative
MCVQA samples, where each reasoning dimen-
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Figure 5: Illustrative MCVQA samples. Each question type (for example, scene understanding or target counting)
is aligned with images from distinct fire-smoke scenarios.

sion is paired with images from distinct fire-smoke
scenarios, highlighting SAFIRE’s diversity and
multimodal coverage. More details on dataset col-
lection, cleaning, annotation, prompt design, and
structuring are presented in Appendix B and C.

3.2 MLLM Evaluation.

We evaluate MLLMs as constrained generators
(Fig. 4, Stage III). Each sample includes one image,
its scenario label, and a multiple-choice question
with four options (A-D). The prompt instructs the
model to respond with a single option letter, which
is extracted and compared with the reference label.
Questions test skills such as spatial awareness, ob-
ject counting, intensity estimation, and semantic
classification. Accuracy is reported along two axes:
per-scenario (robustness across scenes) and per-
dimension (skill-level performance). The detailed
procedure is described in Appendix G.

3.3 Vision-Language Encoder Evaluation.

We evaluate underlying capabilities of vision-
language encoders (e.g., CLIP (Radford et al.,
2021)) for fire-smoke scene understanding using
both zero-shot and few-shot protocols (Fig. 4 and
Stage IV).

Zero-shot. Each class name (e.g., campfire) is
inserted into an ensemble of prompt templates such
as “A (photo or image or scene) of a campfire.”

We compute cosine similarity between frozen im-
age and text features and select the label with the
highest score.

SVM Linear Probe. A linear SVM is trained on
frozen image embeddings using supervision ratios
ranging from 1% to 30% with multiple random
seeds for sampling, and evaluated on held-out sam-
ples. This setting examines how well the learned
representations separate fire-related concepts under
limited labeled data. Details of data splits, metrics,
and training ratios are provided in Appendix G.

4 Experiments

4.1 Experimental Setup

We evaluate both MLLMs and vision-language en-
coders on the SAFIRE benchmark, as illustrated
in Fig. 4. Stage III covers MLLM inference on
the MCVQA task, while Stage IV evaluates vision-
language encoders’ performance. All MLLM ex-
periments were conducted on an NVIDIA A100
multi-GPU cluster using the vLLM (Kwon et al.,
2023) inference engine with automatic device map-
ping and bfloat16 precision. For vision-language
encoders, we used both pretrained general encoders
and supervised CLIP+SVM baselines. Experi-
ments are conducted on a curated 9.7K-image test
subset. More details about model configurations
can be found in Appendix H



Table 3: Accuracy (%) of MLLMs on the 20-scenario fire-smoke MCVQA benchmark. Bold and underlined
indicate the highest and second-highest accuracy in each column, and † denotes results from the thinking-enabled
version of the model. Avg. is the overall average, Scene Avg. is the macro average.

Model Size Natural Phenomena Industrial Operations Accidental Incidents

(B) Grassland Volcano Forest Meteor Aerospace Flare Stack Forging Residential Explos. Vehicle

InternVL3.5 8 54.13 56.96 58.85 50.60 53.13 60.85 55.48 58.35 53.06 59.46
GLM4.1V 9 59.58 57.85 60.13 57.66 55.56 75.37 57.21 60.87 56.18 57.20
Qwen3.5 9 68.97 58.45 63.97 68.28 62.37 73.14 60.81 65.17 60.73 63.03
Qwen3.5† 9 64.30 57.50 61.43 59.09 59.46 74.50 56.06 61.52 56.58 60.66
Gemma-3 12 58.42 55.66 56.91 53.29 53.09 60.68 52.08 57.85 56.54 55.31

Gemma-3 27 58.24 55.49 60.23 53.67 52.11 66.17 54.35 57.98 54.25 58.57
Qwen3-VL 32 65.70 61.67 63.36 60.04 60.02 74.94 62.29 64.00 55.97 65.66
Qwen3-VL† 32 69.26 60.29 63.75 61.41 61.55 72.32 59.77 63.77 58.55 64.57
Qwen3.6 35A3 69.32 61.60 63.15 62.17 61.65 74.29 61.24 64.17 57.16 64.69
InternVL3.5 38 66.39 58.64 61.82 59.41 58.04 73.30 61.42 62.19 55.61 61.77

Scene Avg. – 63.43 58.41 61.36 58.56 57.70 70.56 58.07 61.59 56.46 61.09

Model Size Recreational Activities Civil Controlled Scenes All

(B) Firework SkyLantern Barbecue Campfire Torch Waste Stove Incense Candle Smoking Avg.

InternVL3.5 8 54.39 62.14 55.75 65.75 70.27 60.91 67.87 46.82 65.86 60.34 58.37
GLM4.1V 9 52.09 57.85 50.26 60.08 66.85 59.63 70.51 58.13 69.39 60.68 59.70
Qwen3.5 9 62.18 70.38 57.55 69.93 75.02 61.03 77.34 57.29 70.96 64.13 64.89
Qwen3.5† 9 59.72 67.10 55.02 69.12 74.84 58.87 73.83 53.19 67.85 61.20 62.17
Gemma-3 12 56.44 56.52 48.56 59.11 69.42 58.29 62.30 50.18 56.80 50.60 56.31

Gemma-3 27 58.25 62.53 50.42 65.01 73.57 60.04 65.20 45.12 61.82 55.06 58.10
Qwen3-VL 32 63.66 70.54 61.10 70.02 73.87 63.97 73.64 61.31 74.65 68.26 65.35
Qwen3-VL† 32 63.29 73.07 61.23 69.48 76.44 65.73 75.07 62.14 73.35 66.28 65.67
Qwen3.6 35A3 63.64 71.56 60.98 70.51 76.92 62.71 75.92 58.77 71.23 67.50 65.53
InternVL3.5 38 54.55 68.02 57.99 68.85 73.96 63.71 70.67 54.48 73.28 59.15 62.65

Scene Avg. – 58.82 65.97 55.89 66.79 73.12 61.49 71.23 54.74 68.52 61.32 –

4.2 MLLM Evaluation Results

We evaluate MLLMs in Stage III of the SAFIRE
benchmark to assess their ability to solve multi-
modal multiple-choice questions (MCVQA). This
single-run evaluation measures model performance
across ten reasoning dimensions and twenty real-
world scenarios (under five processes) using struc-
tured QA samples. Metrics include overall accu-
racy, per-scenario performance, and per-dimension
accuracy.

Performance Across Scenarios. Results on the
twenty-scenario MCVQA benchmark (Table 3)
show that most state-of-the-art vision-language
models achieve modest performance, with an aver-
age accuracy of 61.87%. This indicates that con-
siderable room remains for improvement in mul-
timodal reasoning under safety-critical conditions.
Increasing model size generally improves accuracy,
but gains diminish beyond a certain scale; for exam-
ple, InternVL 38B outperforms its 8B counterpart
by around four points, suggesting that scaling alone
is insufficient without domain adaptation. Perfor-
mance also varies widely by scenario: natural phe-

nomena settings (e.g., volcano, meteor) yield lower
accuracies, whereas many controlled or familiar
scenes (e.g., gas stove, candlelight) perform signifi-
cantly better. This disparity likely stems from both
data imbalance and limited exposure to rare phe-
nomena imagery. Overall, SAFIRE reveals critical
weaknesses in current MLLMs and offers guidance
for developing models that generalize beyond ev-
eryday visual contexts.
Performance Across Reasoning Dimensions.
Table 4 compares accuracies across ten evaluation
dimensions. Performance varies substantially by
task type. Structural dimensions such as Classifica-
tion and Human Presence reach higher accuracies
(76.4% and 90.3%), showing that MLLMs han-
dle basic perceptual tasks well. In contrast, tasks
like Emotional Response (61.7%), Spatial Corre-
lation (42.9%), and General Reasoning (53.3%)
remain challenging, highlighting persistent diffi-
culty in understanding causality and semantics. Po-
sition Identification also lags behind, which is only
57.6% in average, indicating that models struggle
to localize fires under occlusion or subtle condi-
tions. Interestingly, Qwen3-VL† (32B) achieves



Table 4: Accuracy (%) across 10 evaluation dimensions on SAFIRE. Bold indicates the highest accuracy per
dimension, while underlined indicates the second-highest accuracy, and † denotes results from the thinking-enabled
version of the model. Please go to Fig. 5 to find typical questions for each dimension.

Model Target
Counting Class. General

Reasoning
Fire/Smoke
Intention

Emotional
Response Polysemy Fire/Smoke

Attributes
Spatial
Corr.

Position
Identification

Human
Presence

InternVL3.5 (8B) 67.40 73.12 49.84 67.75 54.73 59.56 58.95 34.18 55.63 88.20
GLM4.1V (9B) 70.12 74.52 48.87 68.32 54.24 60.60 63.02 29.38 60.95 92.85
Qwen3.5 (9B) 66.41 77.29 55.81 68.50 70.69 70.68 65.80 48.83 61.13 93.07
Qwen3.5† (9B) 67.78 76.38 52.32 66.85 66.34 68.13 63.76 45.57 52.14 91.06
Gemma-3 (12B) 42.21 71.75 49.76 71.43 45.24 66.39 56.13 38.08 54.98 85.09

Gemma-3 (27B) 48.87 76.05 50.66 69.82 49.02 63.06 57.73 42.48 56.58 87.71
Qwen3-VL (32B) 67.34 79.20 55.89 73.76 69.63 71.61 65.98 48.23 60.59 92.15
Qwen3-VL† (32B) 66.78 81.85 57.58 69.64 69.79 64.54 66.54 53.77 58.50 90.49
Qwen3.6 (35B/A3B) 70.70 76.30 57.87 70.82 69.90 65.04 66.38 49.59 61.16 91.62
InternVL3.5 (38B) 63.49 77.40 54.38 71.93 67.39 66.51 63.76 38.90 54.32 90.58

Avg.(%) 63.11 76.39 53.30 69.88 61.70 65.61 62.80 42.90 57.60 90.28

higher accuracies than its succeeding and larger
version (Qwen3.6 35B/A3B) across a few dimen-
sions. Besides, tasks involving semantic ambiguity,
such as Polysemy, show the widest gap (59.6%-
71.6%), confirming that context disambiguation
remains a major weakness. These results demon-
strate SAFIRE’s ability to reveal nuanced strengths
and weaknesses that aggregate metrics obscure, em-
phasizing the value of dimension-wise evaluation
for guiding targeted model improvement.
Effect of Reasoning-Enhanced Models. We
further evaluate reasoning-enhanced (“thinking”)
models to enable a direct comparison with standard
foundation models. As shown in Table 3, even
the latest reasoning-oriented architectures achieve
only around 62–66% overall accuracy, indicating
that SAFIRE remains a challenging and discrimi-
native benchmark. It effectively captures both per-
formance gaps across models and the incremental
gains brought by enhanced reasoning, particularly
in fine-grained, safety-critical fire–smoke scenar-
ios. Overall, explicit reasoning yields only modest
gains and can even lead to performance degrada-
tion. The 9B thinking model is degraded from the
corresponding foundation model by 2.7 percentage
points, while the 32B series takes a 0.3-percentage-
point gain. These results suggest that, despite ad-
vances in reasoning capabilities, current MLLMs
continue to face significant challenges in achiev-
ing robust multimodal reasoning in safety-critical
fire–smoke environments.
Evaluation Robustness and Implications.

Across scenarios and reasoning dimensions, per-
formance gaps among models reflect the combined

effects of model scale, architectural design, reason-
ing capability, and training data quality. Although
the evaluated Qwen-family models belong to the
same model family as the annotation generator and
achieve relatively stronger performance, our ex-
panded generator-family analysis shows that this
effect is limited compared with the broader human–
model gap; details are provided in Appendix I.
In addition, we use the manually audited 2,800-
MCVQA subset as a higher-confidence robustness
check. The subset is not intended to isolate the
causal effect of label correction, since it may differ
from the full benchmark in composition and dif-
ficulty. Instead, it allows us to examine whether
relative model trends remain broadly consistent
under cleaner labels. Experimental results sug-
gest that residual annotation noise does not change
the main findings. We further include a scenario-
prior ablation study in Appendix F, demonstrating
that the evaluation results are mainly driven by
image-grounded reasoning rather than by models
exploiting scenario information as shortcuts. A
supervised fine-tuning study is also provided in
Appendix J, showing that SAFIRE can provide ef-
fective training supervision, with Qwen3-SAFIRE-
SFT improving over the Qwen3-VL-8B baseline by
7.81 percentage points on a held-out image-level
split. Benefiting from its rich annotations and hi-
erarchical structure, SAFIRE enables fine-grained
analysis and provides insights for future research
directions, such as domain-specific pretraining, tar-
geted data augmentation for rare or ambiguous sce-
narios, and tighter integration of visual and textual
reasoning. Overall, SAFIRE establishes a compre-



Figure 6: Zero-shot accuracy of four multi-modal encoders (i.e., CLIP-based models) across 20 scenarios in the
SAFIRE benchmark. The last five rows show results for CLIP+SVM, which adds a simple tunable classification
head. A random guess across 20 classes yields 5% accuracy.
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Figure 7: Macro performance metrics (F1, Precision,
Recall@1), and average accuracy across nine CLIP-
based models. The first four are zero-shot variants,
while the latter are CLIP+SVM models with increasing
label supervision.

hensive benchmark for developing reliable, context-
aware multimodal systems for safety-critical fire
and smoke understanding.

4.3 Multimodal Encoder Evaluation Results

Stage IV of the SAFIRE benchmark evaluates
CLIP-based models under both zero-shot infer-
ence and supervised linear probing (CLIP+SVM).
This single-run analysis examines how well vision-
language encoders generalize to diverse fire-smoke
scenarios and the effectiveness of lightweight do-
main adaptation over our high-quality data. Exper-
iments span four zero-shot models and five super-
vised variants across twenty scenarios (Fig. 6, 7).
Scenario-level Analysis. Fig. 6 visualizes
scenario-wise accuracies. Zero-shot variants such
as MetaCLIP2 (Chuang et al., 2025) and EvaCLIP
(Sun et al., 2023) substantially outperform the 5%
random baseline and reach up to 72.2% accuracy.
Highly salient categories such as Smoking, Flare
Stack, and Volcano exceed 80% accuracy, while
visually cluttered or ambiguous scenes such as

Meteor, Residential Scene, and Waste Disposal
Scene show weaker results. Model-wise variation
is also evident: Firework achieves over 90% accu-
racy in MetaCLIP but only 71% in CLIP_ViT_L14,
suggesting reliance on global scene cues.

Metric-level Analysis. Fig. 7 compares macro-
level performance across nine encoders. Among
zero-shot models, EvaCLIP achieves the best bal-
ance (F1=0.70, Recall@1=0.71, Precision=0.71),
while other generic models lag behind. Although
MetaCLIP attains the highest overall accuracy,
its macro-level metrics remain consistently lower
than those of EvaCLIP, indicating weaker class-
balanced generalization.

Supervised variants (CLIP+SVM) show consis-
tent gains as label supervision increases. With
30% supervision, CLIP+SVM achieves F1=0.79
and Precision=0.83, while even 7% supervision
improves performance to F1=0.63—approaching
most zero-shot baselines. These results highlight
the efficiency of lightweight fine-tuning for special-
ized domains.

Summary and Implications. SAFIRE provides
a challenging yet structured benchmark for vision-
language alignment. Despite the difficulty of the
20-class classification task, strong zero-shot mod-
els such as MetaCLIP2 reaches 72.2% accuracy,
confirming the dataset’s semantic separability and
visual grounding. Overall, SAFIRE’s diversity and
granularity make it also a robust testbed for clas-
sification and retrieval-style evaluation under both
zero- and linear probe settings, emphasizing the
potential of lightweight adaptation for improving
encoder performance in fire-smoke understanding.



5 Conclusion

We presented SAFIRE, a large-scale benchmark
for context-aware fire-smoke understanding. The
dataset comprises over 83K-captioned images
across 20 real-world scenarios and 193K multiple-
choice VQA pairs, organized under five groups
(natural, industrial, accidental, recreational, civil
controlled). SAFIRE supports two complemen-
tary evaluations: multi-dimensional reasoning with
MLLMs via MCVQA, and zero-/few-shot scene
classification with vision-language encoders. On
SAFIRE, ten open-source MLLMs average 61.9%
MCVQA accuracy, while CLIP-style encoders
reach up to 72.2% in zero-shot classification;
adapting vision encoders with only 7% supervised
data boosts fire-scene classification accuracy from
20.1% to 64.5%. These results highlight remaining
gaps in safety-critical reasoning and the value of
lightweight domain adaptation. We hope SAFIRE
serves as a standardized testbed for building more
reliable multimodal systems in fire- and smoke-
related scenarios.

Limitations

While SAFIRE provides a strong foundation for
fire and smoke understanding, several aspects offer
opportunities for further improvement.

First, retrieval and alignment evaluations rely on
limited natural-language prompts (e.g., “A (photo
or image or scene) of a Vehicle fire”). Explor-
ing more diverse prompts, including syntactic and
semantic variations, as well as prompt tuning or
renaming strategies (e.g., replacing “waste disposal
fire” with “dumpster and garbage fire”), may fur-
ther improve generalization and text–image align-
ment in safety-critical scenarios.

Second, the evaluated models are pretrained on
general-domain corpora. Our adaptation is limited
to the linear probe and one supervised fine-tuning
configuration; broader evaluation across architec-
tures and adaptation methods remains future work.

Finally, most annotations are generated by a
vision-language model and refined through GPT-
5.4 and small-model voting, with human verifi-
cation for flagged samples. While this pipeline
enables scalable and consistent data creation, bi-
ases may still persist due to the model’s capability
at the time of the Benchmark’s design. Ongoing
auditing (e.g., use different SOTA models to vote
or correct question-answer pairs) and community-
driven validation are needed to ensure fairness and

reliability.
Overall, these limitations point to clear direc-

tions for future work, and addressing them will
further strengthen SAFIRE as a reliable benchmark
for safety-critical multimodal systems.
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A Ethical Statement

All data used in this study were obtained either
from publicly available sources or through exper-
iments conducted by the authors. The SAFIRE
benchmark was curated to advance research on
safety-critical visual reasoning in fire and smoke
scenarios and will be released for non-commercial
research use. All pretrained models (e.g., Qwen-
VL, InternVL) were employed in accordance with
their respective open-source licenses. We used AI
tool (e.g. Codex (GPT-5.4) ) for data cleaning, and
improving the language clarity of the main content;
all conceptual and scientific content was solely ver-
ified by the authors.

B Data Collection and Cleaning

B.1 Dataset Collection
Images representing diverse fire and smoke scenar-
ios were collected using a keyword-based search
strategy across multiple web sources. To ensure
high relevance and quality, we employed a multi-
factor filtering pipeline throughout the collection
process.

The first filtering step involved a strict keyword
conjunction mechanism. For instance, to retrieve
images for the “Open grassland fire" scenario,
we used the combined query terms “grassland",
“farm", “flatland" and “burning". Only images
associated with all specified keywords were
retained, thereby reducing semantic noise and
increasing specificity. Additionally, a manually
defined threshold parameter σ was introduced as a
stopping criterion for automated webpage crawl-
ing. For example, in a web query structured as “
https://webname/search/term1&term2&term3/page
=[1:σ] ", the crawler halted once the results began
returning irrelevant content, preventing excessive
inclusion of low-quality or unrelated samples.

Together, these two automated filters eliminated
over 37% of irrelevant images prior to manual re-
view, significantly improving the dataset’s preci-
sion and reducing the overall cleaning burden in
downstream stages.

B.2 Source Provenance
Table 5 summarizes the provenance of the raw can-
didate data before filtering. We combine published
research datasets, public dataset hubs, public web
platforms, authorized field data, and controlled
combustion experiments to improve scenario di-
versity, with video-based sources being sampled

into candidate frames before duplicate removal and
semantic filtering. The controlled experiment set
up was built in Sas Al Nakhl Campus of Khalifa
University during Nov. 2023 to Mar. 2024 and
the entire data collection protocol was approved by
the university’s Ethics Review Board. We reiterate
that the resulting benchmark is for non-commercial
research purposes only.

The raw provenance counts are approximate can-
didate records and may include similar images or
low-relevance examples. After source-level filter-
ing, semantic verification, and manual inspection,
these candidates are reduced to the final 83K high-
quality SAFIRE images described in Table 2.

B.3 Dataset Cleaning

Following data collection, we conducted a man-
ual curation phase to refine the scenario selection.
Each candidate scenario was assessed based on two
main criteria: (1) overall image quality and noise
level, and (2) semantic relevance to fire and smoke
analysis. Several scenarios were discarded due to
high false-positive rates or conceptual redundancy.

For example, the “Satellite Massive Fire” sce-
nario was excluded due to frequent misclassifica-
tions involving laminar flow, haze, or cloud cover.
Similarly, the following scenarios were removed
for specific reasons:
• Lightning Strike: Predominantly returned syn-

thetic computer-generated imagery (CGI) with
low diversity and high semantic ambiguity (e.g.,
“lightning strike” may refer to military opera-
tions).

• Welding Operation: Often featured icons or
close-up shots of machinery or workers, lacking
sufficient visual focus on sparks or flames.

• Electrical Fire: Substantially overlapped with
the Home Fire category, as most images depicted
socket-related incidents already represented in
the residential context.

• Traditional Festival Rituals: Visually resem-
bled Campfire or Bonfire scenes, adding little
scenario diversity.
After finalizing the 20 scenario categories

and the initial data collection, we applied an
automation-manual combined cleaning process
across all retained images to remove remaining
irrelevant or low-quality samples. This reduced
the dataset from an initial 135.4K auto-collected
images to 91K (after GPT-5.4 semantic match ex-
amination), and finally 83K high-quality images



Table 5: Source provenance of raw candidate data before filtering. Counts are measured before the multi-factor
filtering and manual inspection stages.

Source group Source(s) Raw data Access

Published datasets BowFire (Chino et al., 2015) (466);
UniInd-FireSmoke (Li et al., 2025b)
(3,789)

4,255 samples Public research datasets. We cite the original
sources and retain their research-use license
constraints.

Roboflow datasets 15 public datasets, each containing
1,270–2,657 samples

25,879 samples Public dataset sources.

Public platforms YouTube (9,743); Shutterstock
(9,356); Getty (9,589); TikTok
(15,712); Bilibili (19,145); iStock
(26,869)

90,414 images Images or frames collected and filtered for
non-commercial research use. SAFIRE is
released for research purposes only.

Field data Gas-flare samples 2,271 samples Collected with authorized field access.

Controlled
experiments

80 combustion experiments About 12,600
frames

Collected by varying O2, CH4, C2H6

composition and flow velocity to generate
diverse fire and smoke behaviors;

(after manual inspection).
As a result, only 61.2% of the initial data was

retained in the final SAFIRE benchmark. This rig-
orous filtering yields a cleaner, more diverse, and
semantically coherent dataset, providing a solid
foundation for robust vision-language research in
fire and smoke understanding. SAFIRE is released
for research use only, and a summary of final statis-
tics and dataset categorization is provided in Ta-
ble 2.

C Dataset Composition & Structuring

C.1 Annotation Structure and Benchmark
Objectives

SAFIRE comprises two complementary annotation
branches, each tailored to evaluate distinct multi-
modal reasoning capabilities:
• Multi-Choice Visual Question Answering

(MCVQA): This branch is designed to assess
the fine-grained reasoning abilities of MLLMs.
It includes 193K questions spanning 10 reason-
ing dimensions (e.g., context, causality, behav-
ior), targeting high-level understanding of fire
and smoke scenes beyond simple recognition.

• Image-Caption (IC) Pairs: This branch sup-
ports the evaluation of multimodal encoders, par-
ticularly in zero-shot and retrieval settings. Each
of the 83K images is paired with a carefully
constructed caption capturing key semantic at-
tributes, including actors, objects, fire-smoke
states, and safety cues.
These branches enable comprehensive bench-

marking across reasoning depth and modality align-

ment, supporting both autoregressive MLLMs and
encoder-based architectures. Each image is also
annotated with a fire category and scene label to
facilitate fine-grained scenario analysis.

C.2 Prompting Strategy and Instruction
Design

All annotations, including both MCVQA and IC
pairs, are generated simultaneously using a struc-
tured prompting pipeline built on the Qwen2.5-VL-
72B-Instruct (Bai et al., 2025b) vision language
model. A standardized instruction defines the ex-
pected output format and covers 10 reasoning di-
mensions such as scenario type, spatial localization,
fire-smoke interaction, and human activity.

To minimize hallucinations, the model is explic-
itly instructed to “strictly follow the image content
when generating questions and answers”. In am-
biguous situations, a “None of the above” option
is included, allowing the model to abstain when
none of the listed answers is correct. The following
boxes illustrate the default system instruction and
captioning guidelines used during annotation:

Default Instruction
“You are an advanced VLM tasked with produc-
ing detailed captions for fire-related images,
each from one of 20 predefined fire-related sce-
narios..."
......
“... Generate captions that thoroughly describe
visible fire and smoke elements. Include suffi-
cient details for the 10 evaluation dimensions...



Form ground-truth QA pairs to assess reason-
ing capabilities."

Captioning Guidelines

1. Context Awareness: Confirm the fire-related
context and avoid symbolic or irrelevant im-
ages.
2. Visual Description: Describe key attributes
of fire and smoke, surrounding context, and
activity.
3. Output Format: Produce a structured
JSON object with captions, key indicators, and
MCVQA entries.

C.3 MCVQA Design and Reasoning
Dimensions

Each selected MCVQA-active image is paired with
approximately 20 multiple-choice questions tar-
geting multi-level visual and contextual reasoning.
These are categorized as follows:

QA Instructions (Q1-Q20)

Scene-Level Evaluation (Q1): Scenario clas-
sification, e.g., “What kind of fire/smoke is
this?”
Spatial & Instance-Level (Q2-Q4): Fire posi-
tion (left/center/right), number of fire sources,
danger level.
Recognition (Q5-Q10): Smoke presence, vol-
ume, color, flame visibility, time of day, nega-
tive cases.
Reasoning & Context (Q11-Q20): Fire
source, human presence, firefighting activity,
trend prediction, emergency response, and se-
mantic ambiguity.

C.4 Structured Output Format

All annotations conform to a unified JSON schema,
consisting of the image ID, caption, key indica-
tors, and MCVQA entries. This format ensures
compatibility with downstream tools and promotes
reproducibility in multimodal benchmarks.

Output JSON Skeleton
{

"Image_name": "...", "caption": "...",
"Key Indicators": {

"pos": "...", "danger level": "...",
"Fire trend": "..."

},
"QA_pairs": [

{"Question 1": "...", "Options": [...],

Image & QA Pairs in .parquet Format

Load Image & Metadata

Build Prompt with Question-Options

Encode Image & Text

Cross-Modal Fusion

Question with Unique ID←MLLMs’ Responses

Extract Letters (A–D) across MLLMs using “Regex"

Compare with Ground Truth

≥ 2 MLLMs ̸= Ground Truth?

Manual Check the Question Skip Sample

Cleaned MCVQA after Major Voting

Yes No

Figure 8: Majority voting pipeline for cleaning multi-
scenario MCVQA answers from multiple MLLMs.

"Answer": "..."},
{"Question 2": "...", "Options": [...],
"Answer": "..."},
...

]
}

C.5 Handling MCVQA Failures

During caption generation, a subset of samples
failed to yield valid JSON. These failures were cat-
egorized as: (1) complete failures, with no output
returned, and (2) partial failures, where captions
were generated but no MCVQA pairs. In partial
cases, captions were retained and included in the
CLIP branch, enriching the pool of aligned image-
text pairs.

C.6 GPT-5.4 Verification and Majority Voting
for MCVQA Correction

To ensure the quality of MCVQAs, we adopt a
GPT-5.4-assisted cleaning pipeline combined with
majority voting across multiple MLLMs.

The verification process consists of two rounds
of refinement. In the first round, we design
scenario-specific prompts to make the model aware
of potential contextual biases and critical visual
cues for each question. For example, in the Fire-
work scenario, the model is explicitly instructed to
recognize that fire may dominate the scene, care-



Table 6: Residual annotation error analysis. Error categories are computed over the 12.9% incorrect cases
identified in the 2,800-sample human audit.

Error type Percent (%) Example

Fire/smoke visibility and visual at-
tributes

24.5 campf_654.jpg: a pile of unlit wood was labeled as visible flame.

Semantic mismatch 20.8 volca_308.jpg: a white steam plume was labeled as molten lava glow.
Answer format error 17.2 rocke_424.jpg: the ground-truth text was “Emergency response”, but

it used the wrong option label.
Context inference error 14.2 fores_557.jpg: a firefighter wearing a black uniform in a burned

forest was labeled as no people and no active fire, which is only partially
correct.

Localization/counting error 9.9 firew_213.jpg: a cartoon of fireworks was labeled as having more
than two real fire sources.

Real vs. symbolic error 8.4 home_419.jpg: a fire icon was labeled as literal fire.
Spatial relation error 5.1 rocke_93.jpg: an aircraft smoke trail was labeled as smoke rising

above fire, while it actually trails behind the aircraft.

Table 7: Inter-model consistency in majority voting.

Votes # Samples Rate

3/3 same answer 101,332 52.53%
2/3 same answer 85,958 44.56%
3 different answers 5,614 2.91%

Table 8: Model-wise agreement with the original an-
swer. No single verifier dominates the voting process.

Verifier model Agreement

Mistral-Small-3.1-24B-Instruct 56.67%
Gemma-3-12B-it 55.46%
Llama-3.2-11B-Vision-Instruct 52.37%

fully count distinct bursts, and avoid over-counting
spark fragments.

In the second round, GPT-5.4 performs logical
consistency checking to identify contradictions be-
tween image content and generated answers. For
instance, if an image contains only fire without
visible smoke, questions regarding the “spatial re-
lationship between fire and smoke" should be an-
swered as N/A, and if the visible evidence indicates
a fire with only fireplace/wood/bricks, then a “high
danger” label is usually inconsistent and should be
corrected.

After GPT-5.4 refinement, we further apply ma-
jority voting as a disagreement detector. As illus-
trated in Fig. 8, instead of using majority voting
as an automatic relabeling mechanism, we use this
method to signal potential incorrect data where
most models fail. We use three non-Qwen verifier
models that are independent of the Qwen annota-
tion generator: LLaMA-3.2-11B, Mistral-3.1-24B,

and Gemma-3-12B. For each question, model pre-
dictions (options A–D) are extracted using regular
expressions and compared with the original an-
notated answer. Samples are flagged for manual
review when the three verifiers produce no clear
majority, or when the majority vote contradicts the
annotated answer; otherwise, they are automati-
cally accepted. This strategy efficiently prioritizes
human inspection toward potentially flawed annota-
tions while avoiding direct dependence on a single
verifier.

As shown in Table 7, the three verifier models
produce a clear majority in 97.09% of MCVQA
samples. Only 2.91% of samples produce three
different answers, indicating that complete inter-
model disagreement is rare. The final manually
double-reviewed set from this process consists of
three mutually exclusive subsets: (1) cases where
the three verifier models give three different an-
swers (5,614 samples), (2) cases where the original
annotated answer differs from the 2/3 majority vote
(1,308 samples), and (3) cases where the original
annotated answer differs from the 3/3 unanimous
vote (215 samples). In total, 7,137 MCVQA sam-
ples, corresponding to 3.70% of the full MCVQA
set, were double-reviewed through the majority-
voting process.

Table 8 further reports model-wise agreement
with the original annotated answers. The three
agreement rates suggest that the voting procedure
does not over-rely on a single dominant verifier
model. Moreover, the pipeline can identify ambigu-
ous questions where model responses fall outside
the predefined options, indicating unclear or incon-
sistent labels that require further investigation.



Table 9: Full-benchmark and manually audited subset accuracy. Results compare model accuracy on the
complete SAFIRE MCVQA set and the manually corrected 2,800-MCVQA set.

Model Original Full-Set Acc. Audited-Subset Acc. Difference

Qwen3.5-9B non-thinking 64.89% 68.98% +4.09
Step3-VL-10B 63.39% 67.96% +4.57
Qwen3.5-9B thinking 62.17% 67.41% +5.24
InternVL3.5-8B 58.37% 63.73% +5.36
LLaVA-OneVision-2-8B 61.61% 64.30% +2.69
GLM-4.1V-9B-Base 59.70% 62.90% +3.20
Gemma-4-E4B-it 59.30% 60.60% +1.30
Molmo2-8B 56.92% 60.29% +3.37

D Annotation Error Analysis

Building on the human verification described in Ap-
pendix C.6, we further analyze the incorrect portion
of the 2,800 manually audited MCVQA samples.
Table 6 summarizes the main residual error types
from the remaining 12.9% annotation error rate.
Most errors are correctable visual-grounding am-
biguities, semantic mismatches, or answer-format
inconsistencies.

Robustness under manually audited labels. To
assess whether residual annotation noise could af-
fect the benchmark conclusions, we further evalu-
ated an extended family of models on the manually
audited 2,800-MCVQA subset. This subset was
manually corrected after the annotation audit and
provides a higher-confidence reference set for ex-
amining whether the observed model trends remain
stable under cleaner labels. We use this analysis as
a robustness check rather than a precise estimation
of the isolated effect of label correction because the
audited subset is not identical to the full benchmark.
As shown in Table 9, models obtain accuracies that
are 1.30 to 5.36 percentage points higher on the
audited subset than on the full SAFIRE MCVQA
benchmark. More importantly, the relative order-
ing of models remains broadly consistent, and all
models still perform well below human reference
performance. These results suggest that residual
annotation noise may affect absolute scores, but it
does not overturn the main conclusion that current
MLLMs still struggle with SAFIRE’s fire-smoke
reasoning tasks.

E Dimension Correlation Analysis

To further analyze the structure of SAFIRE, we
measure the association between different evalua-
tion dimensions. We first compute correlations at
the question-template level. Each answer is con-

Table 10: Strongest and weakest cross-dimension
associations. Abbreviations: Class. = Classification,
Emot. Resp. = People Emotional Response, Pos. Ident.
= Position Identification, Intention = Fire/Smoke Inten-
tion, Human Pres. = Human Presence, Spatial Corr. =
Fire–smoke Spatial Correlation.

Type Dim. A Dim. B Mean V

High-1 Class. Emot. Resp. 0.410
High-2 Counting Pos. Ident. 0.407
High-3 Intention Emot. Resp. 0.365

Low-1 Human Pres. Pos. Ident. 0.030
Low-2 Human Pres. Spatial Corr. 0.040
Low-3 Counting Human Pres. 0.060

verted to its multiple-choice option label (A–D),
and Cramér’s V is computed for every pair of ques-
tion templates. We then aggregate these scores
to the dimension level: for any two dimensions,
their correlation is the average Cramér’s V across
all question-template pairs drawn from the two di-
mensions. Values near 0 indicate weak association,
while values near 1 indicate strong overlap.

Table 10 selectively reports the strongest and
weakest cross-dimension associations, where we
can find even the strongest association is moder-
ate: Classification and People Emotional Response
reach 0.410, which is expected because the type of
fire or smoke scene often influences how people are
likely to react. The second strongest association,
between Target Counting and Position Identifica-
tion (0.407), is also intuitive because both rely on
locating salient fire or smoke sources in the im-
age. Similarly, Fire/Smoke Intention and People
Emotional Response are associated (0.365), since
controlled, accidental, and natural fire contexts im-
ply different human reactions.

The weakest correlations are substantially lower.
Human Presence has very weak association with



Table 11: Ablation study of scenario priors on the full
193K MCVQA set, where ∗ denotes the original setting
used in the main evaluation.

Input mode Acc.

Question only 29.26%
Question + Scenario, without image 39.17%
Question + Image, without Scenario 64.13%
Question + Image + Scenario∗ 64.89%

Position Identification (0.030), Fire–smoke Spatial
Correlation (0.040), and Target Counting (0.060),
indicating that whether people appear in an image
is largely independent of where fire or smoke is
located and how many sources are visible. The full
correlation analysis also shows low-to-moderate
associations for other semantically distinct pairs,
such as Fire–smoke Spatial Correlation and Gen-
eral Reasoning (0.190). Overall, these results in-
dicate that SAFIRE dimensions are semantically
related where expected, but remain sufficiently dis-
tinct to support multi-dimensional evaluation.

F Scenario-Prior Ablation Study

In the MCVQA evaluation, certain scenarios may
be correlated with particular answers. For exam-
ple, stove scenes may be associated with controlled
cooking, whereas residential-fire scenes may be
associated with danger or emergencies. Such sce-
nario–answer correlations could provide models
with non-evident priors, potentially allowing them
to improve performance through prior-based short-
cuts rather than image-grounded reasoning.

To probe this possibility, we conduct full-set ab-
lations using Qwen3.5-9B model. We selectively
remove the image and/or the scenario name while
keeping the question format unchanged. This de-
sign separates the contributions of scenario infor-
mation and visual evidence. As shown in Table 11,
explicitly providing the scenario name yields a mea-
surable prior when images are absent: the accuracy
increases from 29.26% for question-only input to
39.17% for question-plus-scenario input, a gain
of 9.91 percentage points. However, visual evi-
dence is substantially more informative: adding
the image to the question-only setting improves
accuracy by 34.87 percentage points, from 29.26%
to 64.13%. Moreover, removing scenario infor-
mation from the original evaluation setting results
in only a 0.76-percentage-point drop (64.89% to
64.13%). Therefore, although scenario information

provides a measurable prior, the performance in
our main evaluation protocol is primarily driven by
image-grounded reasoning rather than by exploit-
ing scenario information as a shortcut.

G Evaluation Pipeline Algorithms

The full procedural steps for the evaluation of
vision-language models on the MCVQA Fire
dataset are detailed in Algorithm 1, which outlines
how each image is loaded from the provided root
directory, pairing with respective scenario labels
and question-specific prompts. Besides, it also
illustrates how model predictions are generated un-
der a maximum token limit Tmax. The pipeline
then extracts answer choices from model outputs
to calculate corresponding scores.

For MCVQA scoring, answer extraction is per-
formed on the model’s final-answer field rather
than by requiring the entire response to be a sin-
gle letter. Specifically, our prompt asks models
to provide the final choice in a machine-readable
format, such as <output>A</output>. For think-
ing models, reasoning may appear before the final
answer, but only the final-answer field is parsed.
If the exact field is missing, we additionally re-
cover unambiguous final-choice patterns such as
‘Answer: A’, ‘Option A’, or ‘the option is A’.
Ambiguous or missing final answers are treated as
invalid. This post-processing design ensures that
the reported accuracy is not a simple, strict single-
letter matching.

In Algorithm 2, the full procedural steps for
CLIP-based fire scene classification under both
zero-shot and linear probe settings are detailed.
This algorithm outlines how class-specific textual
prompts are tokenized and encoded into normal-
ized text features using the pretrained CLIP text
encoder, and indicates the way that image features
are extracted and normalized for all samples in the
dataset using the CLIP image encoder. Moreover,
the algorithm also illustrates how the evaluation
across multiple data regimes. Specifically, our al-
gorithm computes zero-shot predictions via cosine
similarity between image and text features, and ad-
ditionally trains a linear SVM classifier on varying
fractions (from 1% to 30%) of the labeled image
features to test linear probe capabilities.

H Model Configuration

MLLM Configuration. We evaluated the follow-
ing models: Qwen3.5 (9B, with and without reason-



Algorithm 1: Evaluation on MCVQA
Input: Vision-language modelM,

dataset D, image root I, max
tokens Tmax

Output: Accuracy Acc, per-dimension
Accdim, per-scenario Accscen

{1} Initialize accuracy counters C,N ← 0;
{2} foreach (s, x) ∈ D do
{3} Load image I ← I + s;
{4} if I unreadable then
{5} continue;
{6} end if;
{7} sc← x[scenario]
{8} foreach qa ∈ x[QA_pairs] do
{9} Prompt

p← build_prompt(qa, sc);
{10} Input z ← processor(I, p);
{11} if image tokens missing then
{12} continue;
{13} end if;
{14} Output ŷ ←M(z) with Tmax;
{15} Prediction â← extract letter from

ŷ;
{16} a← first letter of qa[answer];
{17} N ← N + 1;
{18} if â = a then
{19} C ← C + 1;
{20} increment correct in

Accdim, Accscen;
{21} end if;
{22} Increment total in

Accdim, Accscen;

{23} end for;

{24} end for;
{25} Acc← C

N ;
{26} return Acc, Accdim, Accscen

ing) (Qwen Team, 2026a), GLM-4.1V (9B) (Team
et al., 2026b), Gemma-3 (12B, 27B) (Team et al.,
2025), Qwen3-VL (32B, with and without reason-
ing) (Bai et al., 2025a), Qwen3.6 (35B-A3B) (Qwen
Team, 2026c), and InternVL3.5 (8B, 38B) (Wang
et al., 2025). Besides, we used Mistral-Small-
3.1-Instruct (24B) (Mistral AI, 2025), Gemma-3-it
(12B) (Team et al., 2025), and Llama-3.2-Vision-
Instruct (11B) (Meta AI, 2024) for majority voting.
In the supplementary experiments, we further eval-
uated Step3-VL (10B) (Huang et al., 2026), LLaVA-
OneVision-2 (8B) (An et al., 2026), Gemma-4-E4B-

Algorithm 2: CLIP-Based Fire Scene
Classification

Input: Pretrained CLIP modelM, dataset
D, class names C

Output: Zero-shot accuracy Acczs,
few-shot accuracy Accsvm,
evaluation metrics

{1} Tokenize prompts Ti ← “A photo of a ci”
for each ci ∈ C;

{2} Compute normalized text features
Ft ←Mtext(T );

{3} foreach class c in D do
{4} Load images Ic;
{5} foreach image i ∈ Ic do
{6} Encode and normalize

fi ←Mimage(i);
{7} Store fi and label for both

evaluation modes;

{8} end for;

{9} end for;
/* Train classification head under

different supervision ratios */
{10} foreach ratio

r ∈ {1%, 3%, 7%, 15%, 30%} do
{11} Split each class’s features: r% for

training, remainder for testing;
{12} Train SVM Sr on training set;
{13} Predict labels on test set using Sr;

{14} Compute Acc
(r)
svm, precision, recall,

F1;
{15} Save results for comparison;

{16} end for;
{17} Predict zero-shot labels via

argmax softmax(fi · F⊤
t );

{18} Compute Acczs and associated metrics;
{19} Export all results to Excel;

{20} return Acczs, Acc(r)svm, full metric logs

it (Team et al., 2026a), Molmo2 (8B) (Clark et al.,
2026), Qwen3.6 (27B) (Qwen Team, 2026b).

All models were obtained from their official
Hugging Face repositories under their respective
licenses, and evaluated with default inference
settings to ensure consistency and comparability
across architectures.
Encoder Config. For Stage IV, we evaluate
vision-language encoders using both pretrained
general encoders and supervised CLIP+SVM base-
lines. Experiments are conducted on a curated



9.7K-image test subset. The representative pre-
trained baselines include CLIP (Radford et al.,
2021), MetaCLIP2 (Chuang et al., 2025), EVA-
CLIP (Sun et al., 2023) and OpenCLIP (Cherti
et al., 2023).

I Bias Analysis on Generator-family
Model and Human Performance

Since the SAFIRE MCVQA annotations were
initially generated by Qwen2.5-VL-72B-Instruct,
Qwen-family models may be favored by synthetic
patterns inherited from the generator. To examine
this concern, we additionally expanded the evalua-
tion to include both Qwen-family and non-Qwen-
family models under the same prompt, decoding,
answer-extraction, and scoring protocol.

We also estimate human reference performance.
To obtain a manageable reference estimate, we ran-
domly sampled 700 VQA questions from the full
193K MCVQA set. We recruited six undergradu-
ate volunteers who expressed interest in the project
after it was introduced by teaching assistants dur-
ing regular class sessions. Participation was vol-
untary, and each participant spent approximately
1.5–2 hours completing the evaluation in a provided
laboratory room. No monetary payment or other
compensation was provided; therefore, an assess-
ment of whether payment was adequate for partic-
ipants’ demographics (e.g., country of residence)
is not applicable. Three participants completed the
700-question evaluation without additional guid-
ance, while the other three were instructed to pay
particular attention to common fire-and-smoke am-
biguities, such as distinguishing smoke from water
vapor, fog, or haze, and distinguishing flames from
streetlights or electric arcs.

As shown in Table 12, the non-Qwen-family
models achieve an average accuracy of 60.6%
on the full SAFIRE MCVQA benchmark, while
the Qwen family achieves an average accuracy of
64.6%, with the best Qwen-family model reaching
65.8%. This suggests that a generator-family effect
may exist, but its magnitude is limited compared
with the gap between current MLLMs and human
performance. The human study is conducted on
a randomly sampled 700-question subset as a ref-
erence estimate rather than a strict paired full-set
comparison. Nevertheless, the average human ac-
curacy of 82.5% is substantially higher than both
the non-Qwen average and the best Qwen result.
This indicates that the human–model gap is much

Table 12: Generator-family bias analysis and human
reference performance. Models are evaluated on the
full MCVQA set, human performance∗ is evaluated on
a randomly sampled 700 MCVQA subset.

Model group Model / Mode Acc.

Non-Qwen
family

Step3-VL-10B 63.4%

InternVL3.5-38B 62.7%
LLaVA-OneVision-2-8B 61.6%
GLM-4.1V-9B-Base 59.7%
Gemma-4-E4B-it 59.3%
Molmo2-8B 56.9%
Average 60.6%

Qwen family Qwen3.6-27B non-thinking 65.8%
Qwen3.6-35B-A3B
non-thinking

65.5%

Qwen3.5-9B non-thinking 64.9%
Qwen3.5-9B thinking 62.2%
Average 64.6%

Human
performance∗

Unguided 81.3%

Guided 83.6%
Average 82.5%

larger than the gap among model families, sug-
gesting that SAFIRE reflects fire-smoke reasoning
difficulty for current MLLMs rather than merely
generator-family bias.

J MLLM Supervised Fine-Tuning Study

The main focus of SAFIRE is benchmark construc-
tion and evaluation. Nevertheless, we conduct an
additional supervised fine-tuning experiment to ex-
amine whether SAFIRE can also provide useful
training supervision.

We fine-tune Qwen3-VL-8B-Instruct with
LLaMA-Factory using LoRA rather than full fine-
tuning. The vision encoder is frozen, and LoRA
adapters are applied to the language-model projec-
tion and feed-forward layers (q/k/v/o_proj and
gate/up/down_proj; rank 16, alpha 32, dropout
0.05). Training uses the qwen3_vl_nothink tem-
plate with maximum sequence length 1,024 and
maximum image pixels 262,144. We train for one
epoch using an effective batch size of 32, learning
rate 1e-4 with cosine scheduling and 126 warmup
steps, weight decay 0.01, random seed 42, and eval-
uate the final checkpoint.

To avoid information leakage, we split the data
at the image level rather than at the question level,
ensuring that MCVQAs generated from the same
image are not assigned to different splits. The



Table 13: Supervised fine-tuning result on SAFIRE.
Qwen3-SAFIRE-SFT is initialized from Qwen3-VL-8B
and fine-tuned on the image-level training split.

Model Acc. Correct / Total

Qwen3-VL-8B Baseline 63.02% 12,189 / 19,340
Qwen3-SAFIRE-SFT 70.83% 13,699 / 19,340

Improvement +7.81 pp +1,510 correct

full 193K MCVQA set is split into 70% training
data, 20% reserved data, and 10% held-out test
data. This gives approximately 135.1K MCVQA
samples for supervised fine-tuning and 19,340
MCVQA samples for testing.

As shown in Table 13, supervised fine-tuning on
SAFIRE substantially improves Qwen3-VL-8B, in-
creasing held-out accuracy from 63.02% to 70.83%
(+7.81 percentage points). In terms of errors, the
baseline makes 7,151 mistakes on the held-out set,
while Qwen3-SAFIRE-SFT makes 5,641 mistakes,
corresponding to a 21.12% relative reduction in
error rate. The improvement is also broad rather
than concentrated in a small subset: all 20 sce-
narios improve, with gains ranging from +5.07 to
+10.26 percentage points, and all 10 reasoning di-
mensions improve, with gains ranging from +1.91
to +16.29 percentage points. These results indi-
cate that SAFIRE is not only useful for evaluating
existing MLLMs, but also provides effective super-
vision for improving fire-smoke reasoning through
task-specific fine-tuning.

K Visual Diversity Across Fire-Smoke
Scenarios

Fig. 10 illustrates ensemble examples from
SAFIRE’s 20 distinct fire and smoke scenarios.
While Figures 11, 12, and 13 showcase 80 ad-
ditional representative images from the SAFIRE
benchmark, covering all 20 fire-smoke scenarios.
These visualizations further highlight the dataset’s
diversity in fire behavior, smoke characteristics,
and contextual settings.

Each scenario includes 4-5 illustrative samples
to capture intra-class variation (e.g., perspective,
environment, object presence) and inter-class dis-
tinctiveness. For example, Fig. 11 presents large-
scale natural fires such as Volcano and dynamic
man-made events like Aerospace Operations and
Burning Vehicles. Fig. 12 features culturally em-
bedded and industrial scenarios including Torch
Fire, Metal Forging Fire, and Explosion, each with

Figure 9: Example image from the Volcano scenario.

unique flame structures and textures. Fig. 13 cov-
ers smaller or ambiguous sources such as Smoking,
Gas Stove Fire, and Meteorite Fire, which are es-
sential for broadening the benchmark beyond con-
ventional scene types.

The scenarios align with the dataset folder struc-
ture on our Hugging Face repository, supporting
reproducibility and traceability. These extended
visual samples emphasize SAFIRE’s focus on re-
alistic, fine-grained fire-smoke phenomena across
natural, industrial, accidental, civil controlled, and
recreational contexts, and help illustrate the gener-
alization challenges faced by both vision-only and
multimodal models.

L A Full Generated MCVQA Example

Example Annotation Overview. The image
volca_10.jpg in Fig.9 depicts a dramatic volcanic
eruption occurring at night.The comprehensive
metadata includes a set of 20 multiple-choice vi-
sual questions that test various levels of multimodal
reasoning. These questions assess quantitative
perception (one distinct fire/smoke source), and
physical properties (flame color, smoke density
and color). Higher-order reasoning questions
probe the likely cause of the fire (natural eruption),
the absence of human or animal life, and the
expected public reaction (evacuation). Moreover,
abstract linguistic reasoning is also evaluated,
such as interpreting idiomatic expressions like “on
fire” and predicting plausible future developments
(e.g., lava activity will continue). Details can be
found in Figures 14, and 15. Overall, we pick
out this example here to illustrate how SAFIRE’s
MCVQA framework captures both factual vi-
sual grounding and inferential logic, providing
a rigorous benchmark for assessing the safety-
relevant capabilities of modern multimodal models.



Figure 10: Illustration of SAFIRE’s 20 diverse fire and smoke scenarios, designed to capture both common
and uncommon events across natural, civil, industrial, and symbolic contexts. From top-left to bottom-right: (1)
Open Grassland Fire, (2) Forest Fire, (3) Volcano, (4) Meteor, (5) Aerospace Operations, (6) Flare Stack, (7) Metal
Forging, (8) Residential Scene, (9) Vehicle Fire, (10) Waste Disposal Scene, (11) Explosion, (12) Firework, (13)
Hot Air Balloon, (14) Barbecue, (15) Campfire-Bonfire, (16) Torch Parade, (17) Candlelight, (18) Smoking, (19)
Incense Burning, (20) Gas Stove.
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Figure 11: Visual examples of fire-smoke scenarios used in the benchmark.
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Figure 12: Visual examples of fire-smoke scenarios used in the benchmark.
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Figure 13: Visual examples of fire-smoke scenarios used in the benchmark.



MCVQA JSON Annotation (Part 1)

{
"Image_name": "volca_10.jpg",
"QA_pairs": [
{

"question": "What kind of smoke/flame is this?",
"options": ["A. Bright lava eruption at night", "B. Geothermal steam vent", "C. Building

fire", "D. Fire icon"],
"answer": "A. Bright lava eruption at night"

},
{

"question": "Where is the fire located in the scene?",
"options": ["A. Left side", "B. Right side", "C. Center", "D. Not visible"],
"answer": "C. Center"

},
{

"question": "How many distinct fire or smoke sources are visible?",
"options": ["A. None", "B. One", "C. Two", "D. More than two"],
"answer": "B. One"

},
{

"question": "What is the apparent danger level of this fire?",
"options": ["A. Low", "B. Moderate", "C. High", "D. Extreme"],
"answer": "D. Extreme"

},
{

"question": "How much smoke is visible in the image?",
"options": ["A. No smoke", "B. Light", "C. Moderate", "D. Thick smoke"],
"answer": "D. Thick smoke"

},
{

"question": "What is the color of the smoke?",
"options": ["A. White", "B. Black", "C. Gray", "D. No smoke"],
"answer": "C. Gray"

},
{

"question": "Are flames visible?",
"options": ["A. Yes", "B. No", "C. Not sure", "D. Not applicable"],
"answer": "A. Yes"

},
{

"question": "What is the color of the flames?",
"options": ["A. Orange/Yellow", "B. Red", "C. Blue/White", "D. No flames"],
"answer": "A. Orange/Yellow"

},
{
"question": "What object or material is burning?",
"options": ["A. Lava or volcanic material", "B. Vegetation", "C. Nothing is visibly

burning", "D. Not clear"],
"answer": "A. Lava or volcanic material"

},
{
"question": "Is this a real fire scene or just an icon or sketch?",
"options": ["A. Real fire", "B. Icon/Symbol/sketch", "C. Simulation", "D. Not sure"],
"answer": "A. Real fire"

},
{

"question": "What likely caused the situation?",
"options": ["A. Natural volcanic eruption", "B. Graphic design", "C. Industrial process"

, "D. Unknown"],
"answer": "A. Natural volcanic eruption"

},

Figure 14: A generated MCVQA annotation example from the Volcano scenario, Part 1.



MCVQA JSON (Part 2)

{
"question": "Are there people or animals in the image?",
"options": ["A. No", "B. People present", "C. Animals present", "D. Not sure"],
"answer": "A. No"

},
{

"question": "Is the fire being actively controlled?",
"options": ["A. Yes", "B. No", "C. Not applicable", "D. Cannot tell"],
"answer": "B. No"

},
{

"question": "What is the size of the fire?",
"options": ["A. Small", "B. Medium", "C. Large", "D. Massive"],
"answer": "D. Massive"

},
{

"question": "What time of day does the image suggest?",
"options": ["A. Daytime", "B. Nighttime", "C. Indoor lighting", "D. Not determinable"],
"answer": "B. Nighttime"

},
{

"question": "What is the spatial relationship between the smoke and the fire?",
"options": ["A. Smoke above the fire", "B. Smoke to the left of Fire", "C. Smoke to the

right of Fire", "D. Not applicable"],
"answer": "A. Smoke above the fire"

},
{

"question": "What will happen next to the Fire/Smoke?",
"options": ["A. Eruption or lava activity continues", "B. Smoke disperses", "C. Fire

quenches", "D. Explosion occurs"],
"answer": "A. Eruption or lava activity continues"

},
{

"question": "What is the purpose of this fire?",
"options": ["A. Natural volcanic eruption", "B. Industrial operation", "C. Celebration",

"D. Ritual use"],
"answer": "A. Natural volcanic eruption"

},
{

"question": "How would people react to this smoke/fire?",
"options": ["A. Take photos only", "B. Ignore it", "C. Evacuate the area", "D. Watch

from nearby"],
"answer": "C. Evacuate the area"

},
{

"question": "What does ’on fire’ mean here?",
"options": ["A. Literal fire", "B. Excited situation", "C. Under attack", "D. Figurative

speech"],
"answer": "A. Literal fire"

}
]

}

Figure 15: A generated MCVQA annotation example from the Volcano scenario, Part 2.


