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Abstract— Laundry care labels convey essential garment
handling instructions through standardized symbols and ac-
companying text. However, automatic interpretation remains
challenging not only due to small icon sizes and ambiguous
visual cues, but also because existing solutions primarily focus
on standardized symbols and fail to reliably extract addi-
tional free-form textual instructions commonly present on care
labels. In this paper, we propose a neuro-symbolic, multi-
modal pipeline for robust laundry care label understanding
that leverages vision-language models. In our approach, an
object detector identifies laundry care symbols, while a vision-
language model focuses on text and extracts both symbol-
equivalent and free-form textual instructions. Both modalities
are converted into a shared symbolic schema capturing actions,
constraints, and parameters such as temperature and heat level.
Using this representation, unlike previously proposed symbol-
detection frameworks, our proposed framework explicitly rec-
onciles symbol meanings with text, categorizing each symbol
as consistent with, inconsistent with, or not mentioned in the
accompanying text, and performs binary conflict detection. Our
experimental results demonstrate the effectiveness of combining
neural models with explicit symbolic logic for complete and
reliable interpretation of real-world instructional content by
means of vision-language models.

I. INTRODUCTION

Recent years have seen increasing interest in applying
deep learning to fashion analysis [1] and to the automation
of laundry-related tasks with minimal human intervention
[2]. Such technologies have broad potential applications,
including assistive systems for elderly users, semi- or fully-
autonomous robotic appliances [3], smart home environ-
ments, and accessibility tools for visually impaired individ-
uals. In these settings, the reliable interpretation of laundry
care labels is essential, as incorrect handling instructions may
damage garments, shorten their lifespan, or lead to unsafe
behavior in automated laundering systems.

A care tag, also referred to as a care label, is a small attach-
ment typically found inside garments that provides handling
instructions through a combination of standardized symbols
and textual descriptions. These symbols follow internation-
ally defined conventions, while the accompanying text may
appear in multiple languages depending on the garment’s
market. In addition to symbol-equivalent instructions (e.g.,
wash temperature or ironing level), care labels frequently
include additional free-form textual guidance, such as “wash
with similar colors,” “wash inside out,” or “do not use fabric
softener.” Although these instructions are not represented
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by standardized symbols, they convey important actionable
information and are critical for correct garment care [4].

Most existing approaches to laundry care label under-
standing focus primarily on recognizing standardized sym-
bols or mapping mostly pre-defined textual descriptions to
predefined symbol categories. Early work such as [5] pro-
posed text-based care recognition systems, while more recent
studies have explored multi-modal pipelines that incorporate
both textual and visual information [6]. These multi-modal
frameworks typically adopt either a two-stage approach that
detects the care tag region followed by symbol recognition
or a two-branch architecture in which text and symbols are
processed independently and merged at a later stage. While
such approaches improve recognition accuracy for standard-
ized care symbols, they are largely designed to predict
symbol classes and do not explicitly address the extraction
or preservation of additional free-form instructions. As a
result, previously proposed laundry-care symbol detection
based solutions often produce incomplete interpretations of
care labels. Free-form text-based instructions that do not
correspond to standardized symbols are frequently discarded,
ignored, or incorrectly forced into symbolic categories. At
the same time, using only text-based or only a vision—
language model (VLM) based solution that attempts to infer
care instructions holistically may overgeneralize, hallucinate
[7] symbol meanings, or fail to distinguish between symbol-
equivalent text and genuinely non-symbolic guidance. We
define hallucination in this context as predicting care instruc-
tions that are not supported by either textual or symbolic
evidence on the label, i.e., instructions that should not be
included in the output. For practical deployment in many
automated laundry appliances, assistive technologies, and
smart home environments, it is, therefore, insufficient to
recognize symbols alone. Instead, such systems should aim
to recover all actionable information present on the tag and
organize it in a structured and interpretable manner. As
shown in Fig. 1, care labels may include symbol-only in-
structions, conflicting symbol—text pairs, and additional free-
form textual guidance, highlighting the challenges of reliable
automated interpretation. Because care labels may contain
conflicting instructions, our framework detects symbol-text
inconsistencies and alerts the user when the extracted care
actions may be unreliable.

In this paper, we argue that complete laundry care label
understanding requires explicit multi-modal reasoning over
both visual symbols and textual instructions. We propose a
neuro-symbolic and schema-based framework that combines
classical object detection algorithms with a vision-language



o LIMON
E/ MACHINE WASH

X PO NoT BLEACH

2 AR o

100% PAMUK-COTTON

® DO NOT DRY cLeAN

s

(a) (b)

Fig. 1: Three sample images including care-labels. (a) laun-
dry tag with symbol and symbol related text instructions;
(b) laundry tag with inconsistent symbol and text (high iron
symbol and medium iron text); (c) laundry tag including both
symbol related text instructions and free-form instructions.

model (VLM) to extract and reconcile information from
both modalities including image and text. By doing so, in
addition to detecting the standard care symbols, we can also
detect additional instructions and information, which does
not have a standard format, provided on the tag. We evaluate
our approach against multiple VLM-based baselines and
demonstrate that deterministic schema-based reasoning sub-
stantially improves precision across all interpretation tasks,
while enabling reliable extraction of free-form instructions,
for which the previously proposed solutions were not de-
signed to capture. Our main contributions are as follows:

e We introduce a multi-modal framework for care-
label understanding on garments, where our framework
jointly detects the (ISO) standardized laundry care sym-
bols along with additional free-form textual instructions.

e We propose a symbolic schema based system that
extracts structured fields and applies deterministic rules
for a complete detection.

o We formulate multi-modal consistency, omission, and
conflict detection as explicit reasoning tasks and empir-
ically demonstrate that our proposed method performs
better than than multiple VLM-based baselines.

II. RELATED WORK

There has been significant interest in recent years in the au-
tomatic recognition of clothing and garment attributes from
images for various fashion-related applications. Prior work in
this area has focused on tasks such as material recognition,
garment category classification, and edge or part detection
[8], [9], [10], [11], [12]. These approaches primarily sup-
port fashion analysis and visualization applications, enabling
users to preview how garments may appear on an individual
or to organize large-scale fashion catalogs. While effective
for high-level garment understanding, such methods do not
address the interpretation of garment handling instructions
conveyed through care labels. A related but comparatively
underexplored line of research concerns the automatic recog-
nition of laundry care instructions on garment tags, which is
relevant to both fashion technology and smart home automa-
tion. Automatically interpreting care labels can enable robot-
assisted or autonomous laundry systems to select appropriate

washing or drying settings without user intervention. Despite
its practical importance, care label understanding remains a
relatively novel application area, with only a limited number
of studies reported in the literature [6]. Early work on this
problem, such as [5], formulated care label interpretation
primarily as a text and pictogram detection task. The authors
introduced two small datasets consisting of 63 and 128
images, respectively, and employed a text-based E2E-MLT
model [13] to jointly detect symbols and textual descriptions.
Although symbol-only detection was briefly explored, the
authors reported significantly lower performance compared
to text-centric approaches. As a result, subsequent work
has largely favored text-based or joint text—-symbol detection
pipelines. More recently, Su et al. [6] proposed a large-scale
dataset, termed FashionCare, containing 157,907 care symbol
images paired with corresponding textual instructions. Their
proposed multi-modal multi-task framework (MMFC) adopts
a two-branch architecture in which visual symbols and
textual content are processed separately in the early stages
before being combined. The framework employs EfficientNet
for visual part and a Swin Transformer—based architecture
for text processing. While this approach advances the scale
and multi-modal nature of care label recognition, it remains
focused on classifying standardized care symbols and their
textual equivalents. Moreover, at the time of writing, the
FashionCare dataset was not publicly available, limiting
reproducibility and independent evaluation.

Symbolic reasoning has been widely studied as a means of
enabling explicit and interpretable inference by representing
actions and constraints in structured forms. Recent work
has increasingly explored neuro-symbolic approaches that
decouple neural perception from symbolic reasoning in order
to improve logical consistency and faithfulness. Mao et al.
proposed the Neuro-Symbolic Concept Learner, which maps
visual detections to symbolic programs for compositional
reasoning [14], while Yi et al. demonstrated improved rea-
soning fidelity by disentangling perception and reasoning
in Neural-Symbolic VQA [15]. Constraint-aware symbolic
reasoning has also been explored in physical and event-
based domains, such as CLEVRER [16], and more recently
through symbolic chain-of-thought formulations that improve
the faithfulness of neural reasoning models [17]. However,
symbolic reasoning has not been utilized for understanding
laundry care tags. Importantly, prior care-label recognition
approaches, including [5] and [6], primarily aim to detect
standardized symbols or aligned text with predefined symbol
categories. As a result, additional free-form textual instruc-
tions, such as “wash with similar colors,” “wash inside
out,” or “do not use fabric softener”, are often ignored,
discarded, or incorrectly mapped to symbolic classes. Fur-
thermore, prior related work assumes consistency between
visual symbols and provided textual descriptions, therefore,
they do not explicitly address the cases in which the two
modalities contradict each other or where symbol meanings
are not included in the text entirely.

In contrast to previous work, our approach is designed to
extract all actionable information present on a care label,
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Fig. 2: This figure shows 49 laundry symbols and their meanings as classes as defined in the ISO-3758 standard. This table
also lists the total number of instances per class in our dataset (see Section 4).
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Fig. 3: End-to-end example. (a) Original care label image. (b) YOLOvl11-large symbol detections. (c) VLM-only (Qwen
2.5) output. The outputs highlighted in red are hallucinated (i.e., incorrectly predicted). (d) Expected output, which is also

the result obtained by our proposed end-to-end framework.

rather than focusing solely on standardized symbols. By
converting both detected symbols and extracted text into
a shared symbolic schema, our framework explicitly dis-
tinguishes symbol-equivalent instructions from non-symbol
free-form guidance and enables deterministic reasoning over
multi-modal content. This formulation allows consistency,
omission, and conflict detection between symbols and text to
be treated as core reasoning tasks, addressing limitations that
are not explicitly considered in prior symbol-centric or text-
centric care label recognition systems. Fig. 3 illustrates a rep-
resentative end-to-end example, highlighting the limitations
of text-centric vision—language inference and demonstrating
how our proposed framework resolves hallucinated and in-
consistent predictions through schema-based reasoning.

III. PROPOSED METHOD

We propose a neuro-symbolic, multi-modal framework
for comprehensive laundry care label understanding. The

proposed framework combines neural models for visual and
textual perception with deterministic symbolic reasoning to
extract all actionable information present on a care label.
Unlike prior approaches that focus primarily on standard-
ized symbol recognition, our method jointly handles sym-
bols, symbol-equivalent text, and additional free-form textual
instructions, and explicitly reasons about consistency and
contradictions between modalities.

A. Proposed Framework

Given a single image of a garment care label, the pipeline
proceeds in five stages: (i) symbol detection, (ii) text ex-
traction, (iii) symbolic schema construction, (iv) schema-
based reconciliation, and (v) conflict detection. First, an
object detection algorithm identifies standardized laundry
care symbols directly from the image by computing their
bounding box information. Next, a vision—language model
extracts textual instructions using the detected symbols as
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Fig. 4: Overview of the proposed laundry-care understanding framework. The system combines a symbol detection model,
a vision-language model, and symbolic reasoning to produce normalized, machine-readable care instructions. The input to
our framework is only a picture of the care label (no text-based input). The output of the framework includes bounding box
information for each detected symbol and categorized instructions as text-based content.

context. Outputs from both modalities are mapped into a
shared symbolic schema that encodes parameters and con-
straints about the additional instructions. These symbolic
schema include: “action”, “prohibit”, “method”, “temp_c”,
“level”, “max_level”, “solvent”, “modifier”’, “source” and
“evidence”. Deterministic reasoning over this schema catego-
rizes symbol meanings as consistent with, inconsistent with,
or not mentioned in the accompanying text, while preserving
non-symbol free-form instructions. A binary conflict flag is
produced when contradictions are detected. Figure 4 provides
an overview of the pipeline.

Symbol Detection: Standardized laundry care symbols are
detected using a state-of-the-art object detection model (such
as YOLOv11 [18], YOLOv12 [19] or RF-DETR [20]) trained
on symbol-level annotations. The detector operates directly
on the input image without requiring a separate tag localiza-
tion stage or multi-branch processing. This direct detection
formulation reduces annotation requirements as it does not
need text-based annotations and avoids cascading errors
introduced by multi-stage pipelines. Each detected symbol is
mapped to a standard semantic phrase (e.g., “wash at 40°C”,
“do not tumble dry”). For stable downstream reasoning,
duplicate detections of the same class are removed by class-
level de-duplication. The resulting set of symbol meanings
serves as the visual input to the symbolic reasoning stage.
Text Extraction and Instruction: Textual content on the
care label is extracted using a vision—language model
(VLM) capable of Optical Character Recognition (OCR)
and instruction-level understanding. In our implementation,
to leverage the power of VLMs, we employ the open-
source, pre-trained Qwen2.5-VL-7B-Instruct model [21] for
OCR and text extraction. However, the proposed reason-
ing framework is model-agnostic and can be applied to
other vision-language models. Our approach uses existing
pretrained VLM models, as they typically require large
resources (including RAM and GPU) to re-train. Rather than
fine-tuning the existing VLM model, we guide the existing
model with a more structured prompt informed by the

outputs of the symbol detection stage. In our implementation,
Qwen2.5-VL uses approximately 7 billion parameters, while
a classic YOLO (YOLOvl11-l in particular) algorithm has
approximately 25 million parameters. Therefore, instead of
re-training such a large VLM model, using the output of an
additional object detection algorithm (such as YOLOv11) as
input to the VLM is more computationally feasible, which
is why we picked such an approach.

The text extraction module outputs raw transcribed text
along with a set of instruction lines. These lines may include
both symbol-equivalent (standard) instructions (e.g., wash
at 30°C) and free-form guidance (e.g., wash with similar
colors, wash inside out). Unlike prior implementations that
attempt to map all text to predefined symbol categories,
our approach explicitly preserves free-form instructions as
additional and separate output, which does not directly
associate with the detected symbols necessarily.

Symbolic Schema Representation: To enable explicit rea-
soning, both symbol-derived meanings (i.e., detected stan-
dard symbol-labels) and text-derived instructions (i.e., the
output of the VLM algorithm) are converted into a shared
symbolic schema. Each instruction is represented as a struc-
tured tuple encoding an action type (e.g., WASH, IRON,
BLEACH), optional parameters such as temperature or heat
level, and logical attributes including prohibition flags and
constraints. Fig. 5 illustrates two representative examples
of schema conversion, demonstrating how both symbol de-
tections and textual instructions are mapped into a unified
structured representation. For example, a textual instruction
such as “do not iron hot” is represented as a constraint
limiting the maximum allowable ironing level, whereas a
symbol indicating iron high heat is represented as an explicit
action with a specified level. This representation allows
symbol meanings and textual instructions to be compared de-
terministically within a common semantic space. Free-form
textual instructions that do not correspond to standardized
symbols are retained separately and excluded from symbol
reconciliation, ensuring that non-symbolic guidance is not
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Fig. 5: Two examples of schema conversion from care label
inputs to structured schema outputs. (a) shows an example
for symbol-detection based conversion and (b) shows a text-
extraction based conversion.

discarded or incorrectly forced into symbolic categories.
Schema-Based Reconciliation: Using the symbolic schema,
the framework performs deterministic reconciliation between
visual symbols and textual instructions. For each detected
symbol meaning, the system evaluates its relationship to the
extracted text and assigns it to one of three categories:

o Consistent: the symbol meaning is explicitly supported
by the text;

« Inconsistent: the symbol meaning contradicts an explicit
textual instruction or violates a textual constraint;

« Not mentioned: the symbol meaning is neither sup-
ported nor contradicted by the text.

Consistency is determined using strict matching rules that
require agreement in action type and explicitly stated param-
eters. Inconsistencies are identified through logical contradic-
tions, such as prohibit—allow conflicts or constraint violations
(e.g., a symbol indicating high-heat ironing when the text
specifies a maximum medium heat). Symbol meanings that
lack textual counterparts are categorized as not mentioned.
Conflict Detection: In addition to symbol-level categoriza-
tion, the system also performs binary conflict detection
at the label level. A care label is marked as conflicting
if at least one detected symbol meaning is classified as
inconsistent with the accompanying text. This formulation
allows conflict detection to be treated as an explicit and
measurable task, enabling the system to flag contradictory
instructions that may lead to unsafe or incorrect garment
handling in automated or assistive applications.

IV. EXPERIMENTS

This section evaluates the proposed framework at two
levels: (i) symbol detection performance, and (ii) end-to-
end multi-modal interpretation and reasoning performance.
The first set of experiments assesses the effectiveness of
direct symbol detection using modern object detectors, while
the second set evaluates the ability of the proposed neuro-
symbolic pipeline to extract complete care label information,
including free-form textual instructions and multi-modal
inconsistencies. All the models were trained on an A100
GPU with 80GB VRAM, remotely.

Baselines and Comparisons: To evaluate the importance
of explicit symbolic reasoning, we compare the proposed
end-to-end pipeline against multiple baselines with different

TABLE I: A list of hyperparameters, as used in the ex-
periments for all the YOLOv11, YOLOvI2 and RF-DETR
models, is provided.

Parameter YOLO v11 & vl2 RF-DETR
Epochs 250 250
‘Warmup epochs 3 0
Optimizer AdamW AdamW
Batch Size 64 16
Grad Accum Steps - 1
Weight Decay 0.0005 0.0001
Image Size 640x640 varies*
Learning Rate 0.01 0.0001

Note: *RF-DETR input image sizes are 384 x384 for the nano model,
512x512 for the small model, and 576 x 576 for the medium model.

levels of visual grounding and structured reasoning. Specifi-
cally, we consider a Qwen-only vision—language baseline, a
Qwen + Detector baseline, and a LoRA Qwen + Detector
baseline, in which Qwen2.5-VL-7B-Instruct is fine-tuned
using Low-Rank Adaptation (LoRA) [22]. All methods are
evaluated on the same dataset. For symbol detection, we
evaluate multiple variants of YOLOv11, YOLOvI12, and RF-
DETR using standard object detection metrics. For the VLM
component, we use Qwen2.5-VL-7B-Instruct [21]. For multi-
modal reasoning, we compare all baselines and the proposed
end-to-end pipeline using precision, recall, and F1 score.
All experiments are conducted on the curated laundry care
label dataset described below. Images contain standardized
laundry care symbols along with accompanying textual in-
structions. Ground truth includes symbol labels for free-
form instructions, consistency, inconsistency, and omission
between symbols and text. All detection models were trained
for 250 epochs using AdamW. YOLOvI1 and YOLOv12
used batch size of 64, image size of 640 x 640, weight
decay of 0.0005, and learning rate of 0.01. RF-DETR used
a batch size of 16, weight decay of 0.0001, learning rate of
0.0001, and model-specific input resolutions. Further training
details for the used hyperparameters are listed in Table I.
Datasets: To support both symbol detection and end-to-
end laundry care label understanding, we constructed a
larger dataset by combining two publicly available care label
datasets. The resulting larger dataset captures a wide range
of real-world variability in care label appearance, including
differences in lighting conditions, fabric textures, symbol oc-
clusions, and background clutter. The first dataset, referred to
as WL2!, contains 1,794 images of laundry care labels. The
second dataset, CareLabelsFind Computer Vision Model?,
consists of 3,251 images. Both datasets provide bounding-
box annotations for standardized laundry care symbols but
do not include tag-level localization or text annotations.
Using the combined image pool, we applied a series of
data augmentation strategies including rotations of up to
+15°, horizontal and vertical flipping, and random cropping
(0%-20%). After augmentation, the final dataset comprises
8,043 images containing a total of 47,738 annotated symbol

https://universe.roboflow.com/test-ah8ju/wl2
2https://universe.roboflow.com/carescan/
carelabelsfind



instances. The dataset is divided into training, validation, and
test sets following a 70%/20%/10% ratio, which corresponds
to 5,645 training images, 1,587 validation images, and 811
test images. The test set is used in all of our reported
evaluations. Prior to training, all images undergo automatic
orientation correction and are resized to a resolution of
640x640 pixels. In total, the dataset includes 49 distinct
laundry care symbol classes based on the iso-3758 standard.
Figure 2 provides a complete list of symbol classes along
with the number of instances per class in the dataset. Only
bounding-box annotations are available for each symbol. No
textual or semantic annotations are provided, making the
dataset suitable for evaluating direct symbol detection.

In addition to the symbol detection dataset, we constructed
a separate dataset for training and evaluating the multi-modal
reasoning baselines and the proposed end-to-end framework.
This dataset consists of 616 care label images selected
from the broader dataset and external sources to ensure
the presence of both visual symbols and accompanying
textual instructions. The images were chosen to cover a
diverse range of real-world scenarios, including labels with
consistent symbol-text pairs, omitted symbol mentions, con-
tradictory instructions, and additional free-form guidance not
represented by standardized symbols. To better simulate real-
world conditions, we also applied data augmentation strate-
gies including cropping, rotation, and noise injection. Unlike
the symbol detection dataset, which contains only bounding-
box annotations, this dataset was manually annotated at the
label level to support multi-modal reasoning experiments.
Ground truth annotations include (i) symbol presence, (ii)
free-form textual instructions, (iii) symbol meanings consis-
tent with text, (iv) inconsistent symbol meanings, and (v)
symbol meanings not mentioned in text. These annotations
enable quantitative evaluation of multi-modal interpretation,
reconciliation, and conflict detection. The dataset is divided
into training, validation, and test sets using a 67%/8%/25%
split, corresponding to 414 training images, 52 validation
images, and 150 test images. The training and validation
splits are used for fine-tuning the LoRA Qwen + Detector
baseline, while the held-out test set is used to evaluate all
baselines as well as the proposed end-to-end framework
under the same conditions. This setup enables a controlled
comparison across methods while ensuring that evaluation
is performed on unseen care label images. Out of these
616 images, approximately 18% of the reported care labels
exhibit various forms of inconsistencies between symbolic
and textual instructions, providing a meaningful subset for
evaluating the framework’s ability to detect and reason about
conflicting care instructions. Common forms of inconsis-
tency observed in the dataset include mismatched ironing
instructions, such as symbols indicating low-heat ironing
while the accompanying text specifies medium heat, as
well as dry-cleaning discrepancies where a symbol restricts
solvents (e.g., any solvent except trichloroethylene) but the
text provides only a generic “dry clean” instruction. While
smaller in scale than the symbol detection dataset, this
dataset is specifically designed to support both fine-tuning

TABLE 1II: Performance comparison across selected
YOLOvI11, YOLOvV12, and RF-DETR variants on the symbol
detection dataset.

Model Prec Recall mAPsp Param (M) Speed (ms)

YOLOvlI-m 095 0.84 0.90 20.07 5.18 +0.20
YOLOvll-l1 096 0.84 0.91 25.32 5.85 4+ 0.25
YOLOvll-x 094 0.83 0.90 56.88 7.66 +0.15
YOLOvI2-m 093 0.84 0.90 19.61 5.06 4= 0.20
YOLOvI2-1 093 0.85 0.91 26.43 5.96 4+ 0.05
YOLOvI2-x 093 0.84 0.90 59.30 8.61 + 0.07
RF-DETR-n 092 0.86 0.94 30.32 26.00 £ 0.00
RF-DETR-s  0.96 0.88 0.96 31.96 28.51 £ 0.00
RF-DETR-m 0.95 0.85 0.94 33.54 29.63 £+ 0.00

and evaluation of multi-modal reasoning models and to
expose failure cases that cannot be evaluated using symbol-
only annotations.

Used Metrics: We evaluated models with multiple metrics
including precision, recall, and mean Average Precision
(mAP). Precision (Prec) is defined as Prec = TPTJF%,
where TP is the number of true positives and F'P is
the number of false positives. Recall (R) is defined as
R = TP{L%’ where F'N is the number of false negatives.
Average Precision (AP) is computed as the area under the
precision-recall curve: AP = fol Prec(R) dR. The mean
Average Precision (mAP) is computed at a fixed IoU thresh-

old of 0.50, denoted as mAP5g.

Symbol Detection Performance: Table II summarizes
the symbol detection performance of multiple YOLOvII,
YOLOvV12, and RF-DETR variants. Performance is evaluated
over multiple metrics including precision, recall, and mean
Average Precision (mAP). Additionally, we report inference
speed (mean and standard deviation in milliseconds) for
each model. Across YOLOv11 and YOLOvV12 variants, we
observe improvements in precision and recall as model size
increases, with YOLOvV11-1 achieving the strongest overall
balance between mAP5(, precision and recall among the
YOLO family. RF-DETR variants achieve the highest de-
tection accuracy overall, with RF-DETR-s and RF-DETR-
m reaching mAP5y values of 0.96 and 0.94, respectively.
However, this performance comes at a substantially higher
computational cost, with inference speeds an order of mag-
nitude slower than YOLO-based models.

Overall, these preliminary experimental results demon-
strate that direct symbol detection without tag localization
or needing text-based annotations is sufficient to achieve
high and reliable detection accuracy, validating the design
choice adopted in this work. Given the real-time constraints
of smart home and robotic applications, YOLO-based models
offer a favorable trade-off between accuracy and efficiency
and, consequently, YOLOv11-l is used in our end-to-end
experiments.

End-to-End Multi-modal Interpretation: While strong
symbol detection is important, accurate care label under-
standing requires extracting and organizing all actionable



TABLE III: Comparison across instruction types in terms of averaged precision, recall, and F1 scores for Qwen-only, Qwen
+ Detector, LoORA Qwen + Detector, and the proposed End-to-End framework.

Instruction Type Qwen-only Qwen + Detector | LoORA Qwen + Detector End-to-End
Prec Recall F1 | Prec Recall F1 | Prec Recall F1 Prec Recall F1
Free-form 0.38 0.87 0.53(038 0.87 053]041 090 0.57 0.71 097 0.82
Consistent 035 0.12 0.18{047 087 0.61]|050 0.87 0.65 096 087 091
Inconsistent 0.00 0.00 0.00|0.00 0.00 0.00]|0.00 0.00 0.00 0.68 088 0.70
Not mentioned 0.00 0.00 0.00]047 037 041|050 041 0.45 0.84 090 0.87
Symbol presence 0.46 040 043|087 091 0.89|0.87 091 0.89 0.87 091 0.89
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Detection-Only Results

"free_form_instructions": [

"wash and dry dark colours separately”
1.
“text_explicit_instructions": [

"wash at 4@°C",

“warm iron",

"do not bleach", 1

"do not tumble dry",

"wash and dry dark colours separately"
1.
consistent_symbol_meanings": [

“wash at 49°C",

"do not bleach",

"do not tumble dry", !

"iron medium heat"

"wash inside out",
"wash as wool cycle",

"iron on reverse"

I,
"inconsistent_symbol_meanings": [,
"not_mentioned_in_text": [,
"conflicts_summary”: "None"

“wash at 4e°C",
"do not bleach”,
“do not dry clean”,
“do not tumble dry",
"iron low heat"

End-to-End Results

“free_form_instructions:
“wash with similar colors”,
“wash inside out",
"wash as wool cycle”,
"do not pile whilst damp",
"iren on reverse"

“text_explicit_instructions": [
"wash with similar colors",

"do not pile whilst damp",

“consistent_symbol_meanings": [1, )
“inconsistent_symbol_meanings": [I,
"not_mentioned_in_text":

[ “free_form_instructions”: [
“with similar colour",
“dry promptly"

“text_explicit_instructions": [
“cald hand wash",
“do not bleach",
“"do not tumble dry",
“warm iron"
I
“consistent_symbol_meanings": [
“do not bleach”,
"do not tumble dry",
“hand wash*

“inconsistent_symbol _meanings": [
“iron low heat"

N

"not_mentioned_in_text": [],

"conflicts_summary": "Conflicts: iron low heat

"conflicts_summary": "None"

Fig. 6: This figure shows sample results on three images. The first row shows the input images. The second row shows the
detected symbols and their types (color-coded), and the third row shows parsed text-based instructions. For the second row,
the following color scheme is used: red for 40C wash, green for DN bleach, blue for DN tumble dry, orange for iron low,
teal for DN dry clean, brown for hand wash, and cyan for iron medium.

information on the tag. As Table III demonstrates, our
proposed end-to-end framework substantially yielded higher
performance in precision, recall and F1 scores. This demon-
strates that explicit schema-based filtering and reconciliation
are important for reliably extracting non-symbolic free-form
instructions such as “wash with similar colors” or “wash
inside out.” For symbol meanings consistent with text, per-
formance improves substantially from Qwen-only to Qwen +
Detector and LoRA Qwen + Detector, with the proposed end-

to-end framework achieving the best overall precision, recall,
and F1 score. These gains highlight the benefit of explicit
schema-based matching over implicit neural inference. The
most pronounced difference appears in detecting inconsistent
symbol meanings. Qwen-only, Qwen + Detector, and LoRA
Qwen + Detector all fail entirely on this task, achieving
zero precision, recall, and F1 score. For inconsistent symbol
meanings, all VLM-based baselines fail, whereas the pro-
posed framework achieves an F1 score of 0.70, highlighting



the importance of explicit symbolic reasoning for contra-
diction detection. For symbols not mentioned in text, the
proposed method also outperforms all baselines with an F1
score of 0.87. For image-level symbol presence detection,
all detector-based methods achieve the same F1 score of
0.89, indicating that the main advantage of the proposed
framework lies in higher-level reasoning tasks rather than
symbol grounding alone. Fig. 6 presents qualitative results
of the proposed pipeline, including symbol detection, text
extraction, and schema-based reconciliation.

V. CONCLUSION

In this paper, we presented a neuro-symbolic, multi-modal
framework for comprehensive laundry care label understand-
ing that goes beyond conventional symbol recognition and
detection. By combining neural perception with explicit
symbolic reasoning, our proposed framework is able to detect
standardized care symbols, preserve additional free-form
textual instructions, and explicitly reason about consistency
and contradictions between visual and textual modalities.
This formulation addresses a key limitation of prior work,
which typically focuses on symbol classification or text-
based inference while overlooking non-symbolic guidance
and multi-modal inconsistencies commonly present on real-
world care labels, as illustrated in Fig. 1.

Through our experiments, we first demonstrated that mod-
ern object detection models can accurately recognize laundry
care symbols using a direct detection approach, without
requiring multi-stage or multi-branch architectures. Then,
we showed that explicit schema-based reasoning substan-
tially improves performance on higher-level interpretation
tasks. In particular, our proposed framework achieved the
strongest results for free-form extraction, consistent instruc-
tion matching, omitted symbol reasoning, and inconsistent
symbol detection. Most notably, all the tested VLM-based
baselines failed to detect inconsistent symbol meanings,
whereas the proposed framework successfully identified such
contradictions with strong precision and recall. At the same
time, while detector-based baselines matched the proposed
system on symbol presence detection, they did not provide
the reasoning capability needed for consistency, omission,
and conflict analysis.

These findings highlight the importance of combining
neural models with deterministic symbolic logic for reliable
interpretation of instructional content in real-world settings.
Beyond laundry care labels, the proposed framework is
applicable to a broader class of multi-modal documents that
contain structured symbols alongside unstructured text, such
as safety labels, product manuals, and regulatory signage.
Future work will explore extending the symbolic schema
to additional domains, incorporating multilingual reasoning,
and integrating the system into real-time assistive and robotic
applications.
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