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While diffusion models have established a new paradigm for open-world image
segmentation and scene understanding through their inherent vision-language joint
representations, existing methods face notable limitations when applied to the text-dense
and semantically hierarchical domain of English language teaching (ELT). These limitations
include semantic misalignment with generic category taxonomies, coarse multi-scale
attention fusion, and the disconnection between pixel-level perception and scene-level
reasoning. To address these challenges, this paper proposes a Generative Scene Parsing
Network (GSP-Net), an end-to-end intelligent parsing framework tailored for pedagogical
scenarios. First, we construct a domain-specific taxonomy encompassing three hierarchical
levels: physical environment, instructional media, and semantic content. A scene-type-
aware dynamic prompt encoding strategy is introduced to steer the cross-attention of the
diffusion model, enabling it to accurately anchor teaching-relevant semantic regions
conditioned on the current lesson type. Second, a differentiable attention gating network is
proposed to adaptively fuse multi-level self-attention features based on spatial location and
local text density, significantly refining the boundary clarity of densely textured areas such
as blackboard writing and projection zones. Furthermore, a differentiable scene graph
propagation module is designed to transform segmentation masks into structured scene
representations, which subsequently drive a large language model (LLM) for semantic
reasoning over teaching themes and core knowledge points. Notably, a closed-loop feedback
mechanism based on image reconstruction loss is established to back-propagate generative
errors to the attention fusion module, enabling self-supervised continual evolution of the
segmentation model under annotation-free scenarios. This work provides both a feasible
technical pathway and theoretical support for the in-depth application of generative Al in
educational visual understanding.

1. INTRODUCTION

representations of diffusion models without any labeled data,
demonstrating the great potential of generative models in

Generative artificial intelligence (AI) represented by
diffusion models has triggered a profound paradigm shift in
the field of computer vision [1, 2]. With their superior
generation quality and stable training characteristics, diffusion
models have become the mainstream technical route for image
generation tasks. However, in recent years, researchers have
gradually realized that the value of pre-trained diffusion
models goes far beyond generation itself; the attention maps
produced during the denoising process contain rich vision-
semantic prior knowledge [3, 4]. Specifically, the self-
attention maps in models such as Stable Diffusion can capture
internal spatial structures and object contours of images, while
the cross-attention maps establish dense correspondence
between textual semantics and image regions. This discovery
has given rise to a series of zero-shot image segmentation
methods such as Diffusion-based Training-free Segmenter
(DiffSegmenter), Seeded + Diffusion (SeeDiff), and Fast and
Accurate Segmentation (FA-Seg). These methods can extract
semantic  segmentation masks from the internal
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visual understanding tasks [5, 6].

The deep integration of image segmentation and visual
scene understanding is an inevitable trend for computer vision
to advance toward high-level semantic reasoning [7, §].
Breakthroughs in multimodal large models have made end-to-
end processing from pixel-level perception to scene-level
cognition possible; vision-language models are capable of
simultaneously performing composite tasks such as object
detection, relation extraction, and semantic reasoning [9, 10].
However, existing research mostly targets general scenarios
such as autonomous driving, remote sensing imagery, or
natural images. Systematic research focusing on the
educational domain—a vertical scenario characterized by a
highly structured semantic system and clear application
orientation—remains notably absent [11, 12]. The visual
intelligent parsing of English teaching scenes possesses
unique academic value and application demands. Against the
backdrop of the accelerated deployment of smart education,
automated understanding of classroom teaching images—
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including the recognition of physical environment elements
such as blackboards, podiums, and projection screens; the
localization of instructional media such as writing areas,
projection clips, and word cards; and the comprehension of
semantic content such as English vocabulary, sentence
structures, and grammatical annotations—constitutes the key
technical foundation for applications including intelligent
teaching assistance, classroom behavior analysis, and
automatic instructional resource generation [13, 14]. The
prevalent dense text arrangement, interleaved semantic
hierarchies, and lesson-type-driven scene dynamics in
teaching scenarios impose stringent requirements on
segmentation accuracy and semantic understanding capability
that far exceed those of general scenarios [15-18].

Although generative Al has achieved substantial results in
image segmentation and scene understanding, research
oriented toward English teaching scenarios still faces several
key bottlenecks [19, 20]. First, a fundamental semantic
mismatch exists between the general semantic category
systems relied upon by existing zero-shot segmentation
methods and the semantic elements of teaching scenes [21, 22].
Whether ADE20K or Cityscapes, their category definitions
revolve around daily objects or traffic elements; core semantic
concepts in teaching scenes—such as writing text areas, word
cards, and sentence structures—are entirely absent from
general taxonomies, causing segmentation models to fail to
effectively encode and recognize teaching-specific objects [11,
12]. Second, the fusion strategies for multi-level attention
maps in diffusion models lack fine-grained design oriented
toward scene characteristics [3, 4]. Existing methods typically
apply simple averaging to self-attention maps at various layers
or adopt globally fixed fusion weights. Such practices
overlook the inherent differences in spatial topological
properties and semantic granularity across attention maps at
different levels, and fail to adaptively adjust the reliance on
spatial details versus global context according to scene type [5,
6]. This problem is particularly acute in text-dense regions of
teaching scenes; blurred boundaries between writing areas and
projection zones lead to content adhesion or jagged edges in
segmentation results, yet existing methods offer no specialized
enhancement mechanism for such regions [17, 18]. Third,
there is a significant task disconnection among image
segmentation, scene understanding, and content generation
[23, 24]. Existing work typically treats the three as
independent pipeline stages; the quality of segmentation
output directly determines the upper bound of understanding,
while understanding results can neither retroactively correct
errors in the segmentation stage nor leverage the
reconstruction capability of generative models to impose self-
supervised constraints on segmentation features [25, 26]. This
unidirectional information flow leads to error accumulation
across stages and forfeits the potential for continuous
optimization brought by closed-loop feedback.

To address the aforementioned problems, this paper
proposes the Generative Scene Parsing Network (GSP-Net).
The core contributions of this framework are reflected in three
aspects. First, we construct a hierarchical semantic category
system for English teaching scenes, named ETST, covering 21
categories across three tiers: physical environment layer,
instructional media layer, and semantic content layer. We also
design a scene-type-driven dynamic prompt encoding strategy
to enable the cross-attention of the diffusion model to precisely
anchor teaching-semantic regions relevant to the current
lesson type. Second, a differentiable attention gating network
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is proposed to achieve spatially adaptive fusion of multi-level
self-attention maps, while a structure-tensor-based text density
enhancement factor is introduced to specifically optimize the
edge-blurring problem in writing and projection areas. Third,
we build an integrated closed-loop architecture of
segmentation-understanding-generation. A differentiable
scene graph propagation network transforms segmentation
results into structured scene representations to drive a large
language model (LLM) in performing teaching semantic
reasoning; furthermore, image reconstruction loss is utilized to
construct a feedback loop that back-propagates error signals to
the attention fusion module, realizing self-supervised
continual evolution of the segmentation model in annotation-
free scenarios. Section 2 elaborates on the overall framework
and technical details of GSP-Net; Section 3 reports the
experimental setup, dataset construction, comparative
evaluation, and ablation analysis results; Section 4 concludes
the paper and discusses future directions.

2. METHODOLOGY

2.1 Overall framework overview

GSP-Net adopts pre-trained Stable Diffusion 2.1 as the
backbone to construct an end-to-end image semantic
segmentation and visual scene understanding framework
oriented toward English teaching scenarios. Let the input
teaching scene image be 7 € R7”"*3; the network outputs a
pixel-level semantic segmentation mask M, a structured scene
graph G, and a teaching-semantic-enhanced image /g, .
The overall framework consists of three collaborative modules:
a teaching-context-driven dynamic prompt encoding and
hierarchical attention anchoring module, which injects scene
semantic priors into the diffusion process; a spatial-density-
driven multi-scale attention topology fusion module,
responsible for generating refined segmentation masks; and a
differentiable scene graph propagation and generative closed-
loop feedback module, which completes the cross-modal
mapping from segmentation to semantic reasoning and enables
self-supervised evolution. The three modules share a
computational graph during back-propagation, forming a
unified system that can be optimized end-to-end.

The U-Net denoising sub-network of the diffusion model
produces two complementary types of attention maps during
generation. Let the number of U-Net decoder layers be L, at
denoising time step ¢, the cross-attention map of the /-th layer
is 47" € RM* WLy \where H, x W, is the spatial resolution
and L, is the text prompt length. The self-attention map is

Asert e REPWD1 \yhere D is the number of attention heads
at that layer. The cross-attention maps characterize the
response intensity between each semantic category in the text
condition and the image spatial positions, while the self-
attention maps encode the long-range dependencies among
pixels within the image and the shape-topological information
of objects. The core design of GSP-Net lies in the scene-
adaptive extraction, fusion, and enhancement of these two
types of attention maps, rather than adopting the simple
averaging or fixed-weight combination strategies used in
existing methods. A differentiable attention gating network
dynamically adjusts the contribution ratio of self-attention at
each layer based on spatial location and local image
characteristics, allowing the fusion process to adaptively
adjust with scene content. A text density enhancement factor



further focuses on text-dense regions such as writing areas and
projection zones, locating high-texture directional regions via
structure tensor analysis and amplifying their attention
responses, effectively alleviating semantic adhesion at dense
text boundaries.

The inference stage adopts a single-pass denoising strategy
to balance computational efficiency and segmentation quality.
Given the input image / and the scene-aware condition C;, the
model executes only 7 = 20 denoising steps instead of the
conventional 50-step full sampling of diffusion models. This
design is based on the following observation: attention maps
have already converged to a stable semantic response
distribution in the early-to-mid denoising steps; further
increasing the number of steps yields only marginal
improvement in segmentation accuracy while significantly
increasing computational burden. To eliminate random
fluctuations in single-step attention maps, attention maps
across all time steps are aggregated to obtain stable semantic
responses:

T jcrossy self 1
Zl:1 A/ ’ Al -

T
}Zt:l

cross__ 1

elf,
A/ T A;ejla (1)

where 4;"" and ,ledf are the time-step-aggregated cross-
attention maps and self-attention maps, respectively, serving
as inputs for subsequent fusion and enhancement processing.
The total computational complexity of GSP-Net is
O(T-L-H-W-d), where d is the feature dimension of attention
heads. Compared with baseline methods, the additionally
introduced computational overhead mainly comes from the
forward propagation of the differentiable gating network
(O(L-H-W)) and the computation of the structure-tensor-based
text density factor (O(H-W- kz)), where £ is the Gaussian kernel
size); the combined portion accounts for approximately 12%
to 15% of total inference time, which is within an acceptable
range for practical deployment.

2.2 Teaching-context-driven dynamic prompt encoding
and hierarchical attention anchoring

Semantic objects in teaching scenarios possess a distinct
hierarchical structure, progressing from physical facilities to
instructional media and further to abstract semantic content,
with a clear concrete-to-abstract progressive relationship. The
general category systems adopted by existing zero-shot
segmentation methods struggle to characterize this
hierarchical semantic organization, resulting in non-targeted
responses in cross-attention maps over semantic categories. To
address this, we construct the English Teaching Scene
Hierarchical Semantic Category System, named it as the
English Teaching Scene Tree (ETST), dividing all semantic
concepts into three tiers: the physical environment layer
covers eight categories of basic physical facilities including
blackboard, podium, desks, projection screen, wall, and
window; the instructional media layer contains seven
categories of carriers bearing teaching information, such as
writing text areas, projection content areas, word cards,
textbook pages, exercise books, and electronic screens; the
semantic content layer includes six categories of semantic
units directly related to core teaching content, including
English vocabulary, sentence structures, dialogue bubbles,
grammatical annotations, and phonetic symbol annotations.
Let the complete category set be C=C;;UC;,UC;3, with a total
of 21 categories. The semantic focus involved in different
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lesson types varies significantly: vocabulary lessons
emphasize vocabulary and phonetic symbol regions, while
reading lessons additionally focus on sentence structures and
dialogue bubbles. Therefore, the activation status of each
category in the model changes dynamically with the scene type
rather than being fully enabled. Figure 1 illustrates the
teaching-context-driven dynamic prompt encoding and
hierarchical attention anchoring mechanism.

To achieve scene-adaptive semantic anchoring, lesson-type
discrimination is first performed on the input image. A
lightweight EfficientNet-BO0 is adopted as the scene classifier
Sicone t0 determine the lesson-type category to which the

current teaching scene belongs:

#=arg max P(t]),
t€ET

2)

T={vocabulary, reading, listening & speaking, grammar },

where P(#,1]) is the class probability distribution output by the
classifier. This classifier achieves a classification accuracy of
98.7% on the self-built dataset, providing a reliable basis for
subsequent dynamic semantic screening. Based on the
classification result 2, a semantically relevant subset C“/cC
is selected from the complete category set, so that the cross-
attention of the diffusion model only needs to perform
matching within the semantic space corresponding to relevant
categories, effectively suppressing response interference from
irrelevant semantic regions. Unlike directly using manually set
fixed text prompts, this method maps the selected semantic
categories into a continuous space via a lightweight adapter to
obtain conditional embeddings:

C=Adapter(Embed(C"“"))€R, 3)
where, Embed is a fixed word embedding layer, Adapter
consists of a two-layer multilayer perceptron (MLP) with
dimension mapping from d to 4d and back to d, the value of d
takes 768, and the introduced parameter count is
approximately 2.4 million. This continuous prompt
embedding replaces traditional text descriptions as the cross-
modal conditional input to the U-Net of the diffusion model,
preserving original category semantic information while
gaining tunability in the continuous space.

During the decoding process of the U-Net, the computation
method of cross-attention maps at each layer directly affects
the spatial localization accuracy of semantic categories. The
cross-attention map of the /-th layer decoder is given by:

“4)

ros. i) (C;
A;rom(izj)zsoﬂmax (Q,(l,/) i ( )) ’

N7

where, QIERH’W’Xdk is the query matrix obtained by linearly

projecting image features, K;€R!€'ecttIxdk js the key matrix
obtained by key mapping of the conditional embedding C;, and
d; = 64 is the dimension of the key space. The underlying logic
of this formulation is to match semantic hierarchies with
spatial receptive fields: categories at the L3 semantic content
layer, such as English vocabulary and sentence structures,
cooperate with self-attention in deeper decoders, whose larger
receptive fields can capture semantic associations among word
regions scattered across the image; categories at the L1
physical environment layer, such as blackboard edges and
podium contours, combine with self-attention in shallower
decoders, whose smaller receptive fields benefit the accurate



localization of geometric boundaries of physical facilities.
This hierarchical anchoring design allows cross-attention
maps to specialize at different scales, avoiding mutual
interference between high-level semantics and low-level
details under a single scale.

In teaching scenes, certain categories tend to co-occur; for
example, blackboards and writing text areas exhibit high co-
occurrence, as do projection screens and projection content
areas. Let the co-occurrence frequency of category p and
category ¢ in the training set be ]; - then the calibrated cross-

attention response is:

A?ross,cal (l,],p)z
ACVOSS . e . 1_"_}‘ Z 'I -~ . -> ) (5)
! (l:]ap) co q#p.};q yq (l:]) Teonf) | »
— Scene Awareness -y Hierarchical Semantic Activation

where, 4., = 0.3 is the co-occurrence enhancement coefficient,
Teonr= 0.5 is the confidence threshold, /() is the indicator

function, and j}q(iJ) is the current predicted confidence of

category ¢ at pixel (i,j). This calibration takes effect at the
pixel level: when a pixel shows a medium-confidence
response to category p and a high-confidence response of a
highly co-occurring category ¢ exists in its neighborhood, the
response of category p is enhanced; conversely, if a region
isolatesly responds to a category rarely co-occurring with
others in teaching scenes, its confidence is suppressed. This
mechanism utilizes the inherent structure of scene semantics
as a regularizer, effectively reducing isolated false
segmentation caused by local texture ambiguity.

Spatial Attention Anch

—

4 English Teaching Scene Tree (ETST)
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Figure 1. Teaching-context-driven dynamic prompt encoding and hierarchical attention anchoring mechanism

2.3 Spatial-density-driven multi-scale attention topology
fusion

Self-attention maps output by different layers of the
diffusion U-Net decoder exhibit essential differences in
semantic granularity: self-attention maps of shallow decoders
have higher spatial resolution and are sensitive to local edges
and texture details; self-attention maps of deep decoders
undergo multiple downsampling steps, with significantly
enlarged receptive fields, capturing overall object shapes and
global spatial layouts. Existing methods apply simple
averaging or fixed weighted combinations to self-attention
maps at all layers, overlooking the spatial-position-dependent
variation in the need for detailed versus global information. In
English teaching scenarios, character-level boundaries in
writing areas require precise localization by shallow high-
resolution features, while the distinction between projection
content areas and their surrounding environment relies more
on semantic context provided by deep features. To this end,
self-attention maps 4*/,€R WP are extracted from all L=4
decoder layers of the U-Net. The spatial resolutions of each
layer are 64 x 64, 32 x 32, 16 x 16, and 8 x §, with
corresponding attention head counts D, being 8, 8, 16, and 16
in layer order. All self-attention maps are upsampled to a
unified resolution H x W= 64 x 64 via bilinear interpolation:

self) ERHX WxD;

4, = BilinearUpsample(4, (6)

1896

So that attention responses at different scales can be
compared and fused pixel-wise on the same spatial grid.
Figure 2 illustrates the architecture of the spatial-density-
driven multi-scale attention topology fusion network, a
Differentiable Attention Gating (DAG).

After obtaining multi-level self-attention maps at a unified
spatial resolution, the key lies in determining the contribution
weight of each layer at every spatial position. Unlike global
fixed weights or simple averaging strategies adopted by
existing methods, a DAG network is designed to achieve
spatial-location-aware dynamic fusion. The network computes
fusion weights o,(i,j) for each decoder layer at each spatial
position, whose values are jointly determined by three factors:
the intensity of the self-attention response at that position,
whether the position belongs to a text-dense region, and the
structural similarity of attention maps between adjacent layers.
The weights adopt a Softmax-normalized form:

N (‘D;'Al(i:/)*ﬂl'](D(i:/PT))
+ypSim(Ap,4).1)
0 Am(i)+B,, (DG)>D)\ °
L m m
Zm:l exp( +ym~Sim(;1m,;lm_1) >

(i) = (7

where, 4,(i,j) = l/D,ZdD:’ : 4, (i,j,d) is the mean response of the
I-th layer self-attention map averaged over the attention-head
dimension, reflecting the overall activation intensity of that
layer at the position. D(i,j) is the text density factor, 7 is the
density threshold, and the indicator function I(D(iy)>7)
marks whether the pixel lies in a text-dense region. Sim(A4,,



Ap,) is the cosine similarity between attention maps of
adjacent layers, measuring consistency in their spatial
response distributions. ¢, §,, y, are learnable scalar parameters

for each layer, controlling the contributions of base response
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intensity, text-region enhancement magnitude, and inter-layer
consistency constraint, respectively. The entire gating network
introduces only 3L = 12 learnable parameters, achieving
adaptive adjustment of fusion weights with almost no increase
in model capacity.
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Figure 2. Spatial-density-driven multi-scale attention topology fusion network (Differentiable Attention Gating, DAG)

The dense text arrangement in writing and projection areas
of English teaching scenes imposes special requirements on
segmentation boundary precision. Edge detection operators
commonly used in general scene segmentation methods
struggle to effectively distinguish densely arranged character
edges from true object boundaries, leading to character
adhesion in writing areas and blurred boundaries between
projected content and background. A structure-tensor-based
text density metric is introduced, encoding texture structure
information within each pixel neighborhood into a second-
order matrix. For pixel (i,)), its structure tensor is defined as:

o ify=G,* (Vi) VI )", (8)
where, I, is the Gaussian-smoothed image with smoothing

parameter 6=0.8, G, is a Gaussian kernel with scale

parameter p=1.5, and V = (0, Gy)T is the spatial gradient
operator. The structure tensor J, is a positive semi-definite
second-order symmetric matrix, whose eigenvalues 4,(i,j) and
Ay (7)) reflect the anisotropic distribution of gradient energy in
the pixel neighborhood. The text density factor is defined as
the determinant of the structure tensor:
D(ij)=det (J,)=A1(i)-22(i) )
In text-dense regions, character strokes produce significant
gradient responses along multiple directions, keeping both
eigenvalues at relatively high levels and raising the
determinant response markedly; in smooth regions such as
walls or podium surfaces, gradient responses are weak in all
directions, and the determinant approaches zero. This metric
is rotation-invariant to texture orientation, thus stably
responding to English writing oriented horizontally, vertically,
or obliquely. In statistics from the self-built dataset, the mean
D in writing areas is approximately 8.3 times that of smooth
regions, indicating good discriminability of this factor.
Based on the above design, multi-level self-attention maps

are fused according to the weights output by the DAG network,

and the fusion result is spatially adaptively enhanced by
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introducing the text density factor. The fusion process takes
D(iy)

the form:
X ( 1—‘,—y —fna))( (D))

The first term is the weighted fused self-attention response
min-max normalized to the [0, 1] interval, and the second term
is the normalized enhancement factor derived from text
density, with y = 0.3 as the enhancement coefficient. The
mechanism of this formulation is as follows: in text-dense
regions such as writing and projection areas, D(i,j) takes larger
values, and the fused response is locally amplified, yielding
sharper localization of segmentation boundaries; in smooth
regions such as walls and podiums, D(i,j) approaches zero, the
enhancement factor tends to one, and the fused response is
virtually unaffected, preventing spurious responses introduced
by over-enhancement in textureless areas. The enhanced self-
attention map is then taken as a spatial structural prior and
multiplied element-wise with the calibrated cross-attention
maps to obtain the final confidence map for each semantic
category:

Sf1 @) At in (4)

B - )

Mfused(i:j): (10)

A[pinal — MﬁtsedQ Acmss,cal (p)’ v pecgelect (1 1)
where, © denotes the Hadamard product. The cross-attention
map provides the semantic probability response of a pixel
belonging to category p, while the self-attention map provides
structural integrity constraints at that location; their product
ensures segmentation results are semantically accurate while
possessing spatial topological plausibility. The final semantic
category of each pixel is determined by taking the maximum
response among all activated categories:
PN nal - -
ij)=arg max My (i) (12)
PEG
Pixels not covered by any activated category are labeled as
background.



A small number of isolated noisy regions may still exist in
the fused segmentation results, typically manifesting as small
areas lacking consistency with surrounding semantic
categories. A fully connected Conditional Random Field (CRF)
is adopted as a post-processing step to eliminate such
anomalous predictions. The CRF energy function consists of
unary and pairwise potentials:

Ey)= 2w, 0)*t v, 0) (13)
where, the unary potential y (v,) = - log M"™,(i) is directly
taken from the fusion confidence map, and the pairwise
potential y (v,.y,) = u(v,.,) Y W kn(f,f;) imposes a penalty
on label inconsistency between neighboring pixels based on
color difference and spatial distance; f; is the combined feature
of color and position of pixel i, and k,, is a Gaussian kernel
function. The CRF converges after five iterations, effectively
eliminating isolated regions with an area smaller than 50 pixels,
further improving segmentation results in terms of semantic
continuity and boundary regularity.

2.4 Scene graph propagation and generative closed-loop
feedback

Segmentation masks, as pixel-level dense prediction results,
contain rich object instance information and spatial layout
structures; however, they do not directly carry inter-object
relations or high-order teaching connotations at the semantic

Forward Visual Understanding Pathway

level. Transforming segmentation results into a structured
scene representation is a key bridge connecting pixel-level
perception and scene-level reasoning. Figure 3 illustrates the
integrated segmentation-reasoning-generation closed-loop
feedback architecture. First, based on the segmentation output
M, each connected component is treated as a node to construct
a scene graph G=(V,E). The node set V= {v,...,vy/}
corresponds to all M segmentation regions, with an average of
approximately 18.7 in experiments. The attributes of each
node v, consist of three parts: semantic category ¢, taken from
the ETST system; spatial bounding box by = (xz, y,, Wi, y)
describing the position and scale information of the region;
and deep semantic featureskaR25 6 extracted from the second
decoder layer of the U-Net as the visual representation. The
edge set E encodes spatial topological relations between nodes,
covering eight directional categories including containment,
adjacency, left, right, above, and below. The spatial relation
between nodes v; and v; is determined by comparing their
bounding boxes:

ry = argmax Score(rlb;,b;) (14)
where, R is the set of eight predefined spatial relations, and

Score(+) is jointly computed based on the center coordinate
offsets Ax=x; - x;, Ay =y, - Vi and the Intersection over Union

IoU(b;,b;), selecting the highest-scoring relation as the edge
label.
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Figure 3. Integrated segmentation-reasoning-generation closed-loop feedback architecture

After obtaining the scene graph, it needs to be transformed
into a representation understandable by a LLM to complete
teaching semantic reasoning. Directly constructing textual
descriptions using category names and bounding box
coordinates loses detailed visual feature information, and
discrete category symbols poorly align with the continuous
semantic space of language models. To this end, a graph-text
alignment projection module is designed: a graph attention
network is employed to aggregate neighborhood information
of node features, and then a linear projection maps the graph
structure into continuous soft prompt vectors. This process
takes the form:
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M
ij=1

) ay
where, Aggregate is a two-layer graph attention network with
a hidden dimension of 256; it takes node features fk as initial
states and edge relations r;; as adjacency constraints, passing
messages among nodes via an attention mechanism to enhance
contextual awareness of node representations. Proj is a linear
projection layer mapping the aggregated graph-level feature
from 256 dimensions to 768 dimensions to align with the
embedding space of the selected LLM. S,,,,, and the teaching
reasoning prompt template P,,,., are jointly fed into the frozen

Seraph=Proj (Aggregate ({fk}lﬁi1 , {rU}



LLaMA-2-7B model:

H= LLaMA(Sgraph:Pteach) (16)
where, P,,,.;, contains instructions requiring the model to infer
teaching information such as lesson topic, core knowledge
points, and teacher-student interaction focus, and H is the
model’s output structured teaching semantic description.
During this process, all parameters of the LLM remain frozen,
and only parameters of the graph attention network and
projection layer participate in training. This design effectively
controls the number of trainable parameters while retaining the
strong reasoning ability of the large model.

The path from segmentation to scene understanding
completes an ascending trajectory from pixels to semantics;
however, such unidirectional propagation cannot allow errors
at the segmentation stage to be perceived and corrected by
subsequent modules. To establish a reverse optimization
channel, a generative closed-loop feedback mechanism based
on image reconstruction is introduced. The inferred teaching
semantic description H and segmentation mask M are jointly
injected as conditional signals into the decoder of Stable
Diffusion to drive the reconstruction of an input image /.
Specifically, H is converted into a conditional embedding via
a fixed text encoder, and the downsampled segmentation mask
M is concatenated with feature maps of each U-Net decoder
layer along the spatial dimension, serving as a strong
constraint on spatial structure. A joint reconstruction loss is
constructed by comparing the difference between the
reconstructed image and the original input:

Lcyc = "['[gen "1+/1perc'"q)([)'(b(lgen)"2 (17)

Jr/lssim ' ( 1 'SS]M([Jgen))

where, the first term is the pixel-wise L1 reconstruction error,
ensuring basic pixel-level fidelity of reconstruction; ®(-) is a
pre-trained Visual Geometry Group 16-layer (VGG-16)
network, with activations of the relu3 3 layer taken as
perceptual features, and the second term constrains the
distance between reconstructed and original images in
perceptual feature space to maintain visual perceptual
consistency; the third term adopts the Structural Similarity
Index (SSIM) to measure similarity in local contrast and
structural information. Weight coefficients 4, and A, are
setto 0.1 and 0.05, respectively.

The core value of this reconstruction loss does not lie in
generating realistic teaching images per se, but in its indirect
supervision capability over segmentation quality. Its error
back-propagation path is:

aggale algen aMﬂued Oanle

where, O, is the parameter set of the DAG network, and
Miseq 1s the fused attention map. The computation flow of this
link is as follows: the gradient of L, with respect to I, is
approximately solved through the cross-attention layers of the
generative U-Net, reflecting how sensitively the generated
image responds to input conditions; this gradient is then passed
to the fused attention map Mj,, via the dependency of the
generator on the segmentation mask, and finally back-tracks
through the forward computational graph of the DAG network
to the learnable parameters of fusion weights . A key design of
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this mechanism is that gradients only update parameters of the
DAG network and prompt adapter, while backbone parameters
of Stable Diffusion remain frozen. This means that although
the reconstruction error originates from the generation process,
its optimization objective is solely to adjust the multi-scale
attention fusion manner at the segmentation stage, so that
segmentation masks better serve subsequent conditional
reconstruction. If the reconstruction quality of a local region
in is markedly lower than surrounding areas, it often implies
bias in the spatial constraint provided by the segmentation
mask in that region; the error signal guides the DAG network
to adjust the relative weights of self-attention across layers at
that position, yielding more accurate boundary localization in
the next iteration.

The joint optimization objective of the entire GSP-Net is a
weighted combination of multiple losses:

Ltotal = LCE(MMGT)—H/I'Lcyc—FA' ZIL:l I al'ay””fhu'l’mnk (1 9)

The first term is the cross-entropy segmentation supervision
loss, which is active only when labeled data is available; the
second term is the closed-loop reconstruction loss, with the
weight coefficient # set to 0.5; the third term is a regularization
term on attention weights, introduced to constrain the fusion
weights o; from undergoing excessive semantic drift during
feedback iterations, with A set to 0.01 and a/"'=1/L as the
initial uniform weight; the fourth term is the hierarchical
ranking loss, defined as:

Lrank = f;% max (0,0[[+1-061+5) (20)
where, 0 =0.05 is a margin parameter. This loss encourages
fusion weights of deeper decoders to be slightly higher than
shallower ones; the rationale is that deep self-attention maps
possess larger receptive fields and capture overall semantic
object structures, thus should dominate fusion, while shallow
self-attention maps play a supplementary role only in regions
rich in local detail. This ranking constraint maintains a
reasonable weight disparity between the two hierarchy types,
avoiding deep features from being suppressed by shallow
features in extreme cases. In fully annotation-free real teaching
scenarios, weights are set as #=1.0, 1 =0.1, and the L term
is deactivated; at this point, the closed-loop reconstruction loss
acts as the primary supervision signal, driving the
segmentation module toward self-supervised evolution
through continuous interaction in teaching scenes.

3. EXPERIMENTAL DESIGN AND RESULTS
ANALYSIS

3.1 Experimental setup

To verify the effectiveness of the proposed method, an
English Teaching Scene Dataset (ETSD) is constructed,
containing 5000 images collected from real classroom
photography, screenshots of online teaching videos, and
public teaching resources, uniformly resized to 512 x 512
resolution. The dataset covers four lesson types: vocabulary,
reading, listening & speaking, and grammar, accounting for
27%, 24%, 26%, and 23% respectively. Each image is
annotated with pixel-level semantic labels following the 21
categories of the ETST system. The dataset is divided into a
training set (3500 images), a validation set (750 images), and



a test set (750 images) at a ratio of 7:1.5:1.5. Annotation work
was completed by three graduate students majoring in English
education, with an inter-annotator consistency of 92.3% after
cross-validation.

For evaluation metrics, the segmentation task adopts mean
Intersection over Union (mloU), Pixel Accuracy (PA), and
mean Accuracy (mAcc) as primary indicators. The scene
understanding task is evaluated using Scene Graph (SG)
Recall@K and teaching semantic reasoning accuracy, where
reasoning accuracy is determined via binary judgment of
model outputs by three experts in English education.
Generated image quality is measured by Fréchet Inception
Distance (FID) and Learned Perceptual Image Patch Similarity
(LPIPS).

Regarding implementation details, GSP-Net is built upon
Stable Diffusion 2.1, with U-Net decoder layers L = 4 and
inference denoising time steps 7= 20. Parameters of the DAG
network ®,,,, are optimized using the AdamW optimizer with

a learning rate of 1 x 107, weight decay of 1 x 107, batch size
of 8, and trained for 50 epochs. The Adapter adopts the same
optimizer with a learning rate of 5 x 10°. The enhancement
coefficient is set to y=0.3, reconstruction loss weight
Apere = 0.1, regularization weight 2=0.01 , and margin
parameter 0 =0.05. All experiments are conducted on four
NVIDIA A100 GPUs, with a total training time of
approximately 36 hours.

Six categories of mainstream models are selected as
comparison methods: the zero-shot segmentation baseline

based on diffusion model self-attention maps, DiffSegmenter;
the training-free Stable Diffusion mask generation method
SeeDiff; the training-agnostic open-vocabulary segmentation
method FA-Seg; the multimodal diffusion Transformer
attention analysis framework Seg4Diff; the CLIP-based open-
vocabulary segmentation method (CLIPSeg); and the in-
context learning generalist segmentation model (SegGPT). All
comparison methods are re-evaluated on the same ETSD test
set using official implementations or author-provided code.

3.2 Semantic segmentation performance comparison

The segmentation performance of GSP-Net and baseline
methods on the ETSD test set is compared, and the results are
shown in Table 1. GSP-Net achieves an mloU of 51.8%,
representing an improvement of 4.2% over the best baseline
Seg4Diff and 6.5% over the best training-agnostic method FA-
Seg. In terms of PA and mAcc, GSP-Net also obtains the
optimal results, reaching 81.2% and 68.7% respectively. The
inference time is 2.73 s per image, slightly higher than
DiffSegmenter (2.34 s) and Seg4Diff (1.92 s), mainly due to
the extra overhead from text density factor computation and
CRF post-processing, which together account for
approximately 0.39 s, or 14.3% of the total inference time.
Training-agnostic methods generally yield mloU values below
40%-45% on ETSD, indicating a significant semantic gap
exists for general vision-language models in the vertical
domain of English teaching scenarios.

Table 1. Comparison of semantic segmentation performance of different methods on the English Teaching Scene Dataset

(ETSD) (%)

Method Publication Year Training Mode mloU PA mAcc Inference Time (s)

CLIPSeg 2025 Training-agnostic 382 715 523 0.42

SegGPT 2025 Training-agnostic 41.7 738 556 0.68
DiffSegmenter 2025 Training-agnostic 441 752 589 2.34

SeeDiff 2025 Training-agnostic 428 741  56.7 2.51

FA-Seg 2025 Training-agnostic 453 764 60.2 0.87

Seg4Diff 2025 LoRA fine-tuning 47.6 78 63.4 1.92
GSP-Net (Ours) — Adapter fine-tuning  51.8 812  68.7 2.73

Note: mloU—mean Intersection over Union; PA—Pixel Accuracy; mAcc—mean Accuracy.

60

[ L) [ wn
=] (=] = =

mean Intersection over Union (mIoU)

—
(=]

CLIPSeg SegGPT DhffSegmenter

4 L1-Physical Environment Layer

uL.2-Instructional Media Layer

SeeDuff

FA-Seg Segdiff  GSP-Net (Qurs)

u[.3-Semantic Content Layer

Figure 4. Mean Intersection over Union (mloU) comparison of different methods across semantic hierarchies (%)
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To analyze the performance differences of the proposed
method across semantic hierarchies, Figure 4 reports the mloU
of each method on the physical environment layer,
instructional media layer, and semantic content layer. All
methods achieve the highest mloU on the physical
environment layer and the lowest on the semantic content layer,
which aligns with cognitive intuition: physical environment
objects possess relatively consistent visual appearances, while
semantic content objects exhibit greater visual diversity and
blurrier boundaries. The improvement magnitude of GSP-Net
across the three layers shows clear divergence: compared with
Seg4Diff, the improvement on the semantic content layer is
5.1%, the largest gain; the instructional media layer also sees
a 5.1% improvement, while the physical environment layer
shows only a 2.8% improvement. This result indicates that the
core advantage of the proposed method lies in handling
regions of high semantic hierarchy and high text density,
verifying the significant contribution of the text density
enhancement strategy to segmentation accuracy at the
semantic content layer. The mloU on the instructional media
layer is 48.6%, positioned between the physical environment
and semantic content layers, reflecting the intermediate nature
of the instructional media layer as a bridge between physical
carriers and semantic content.

3.3 Ablation study

A series of ablation experiments are designed to verify the
effectiveness of each innovation point, and the results are

shown in Table 2. The baseline method adopts fixed text
prompts and simple averaging fusion of multi-layer self-
attention, achieving an mloU of 44.1% on the ETSD test set.
When scene-aware dynamic prompts are introduced alone,
mloU rises to 46.8%, an increase of 2.7%, indicating that
lesson-type-driven semantic category screening effectively
narrows the search space of cross-attention, allowing the
model to focus on teaching-semantic regions relevant to the
current lesson type. When the differentiable attention gating
network replaces fixed fusion weights alone, mloU rises to
47.3%, an increase of 3.2%, verifying the improvement
brought by the spatial-location-aware dynamic fusion
mechanism to multi-scale self-attention integration quality.
Introducing the text density enhancement factor alone raises
mloU to 46.5%, an increase of 2.4%.

The combination of scene-aware prompts and DAG fusion
raises mloU to 49.2%, a 5.1% improvement over the baseline.
This gain exceeds the linear expectation of summing their
individual contributions, suggesting a synergistic effect
between the two: accurate semantic category anchoring
provides the gating network with a more discriminative prior
of hierarchical attention distribution, thereby amplifying the
benefit of dynamic fusion. Further adding text density
enhancement pushes mloU to 50.6%, an additional 1.4% gain
on top of scene-aware prompts and DAG fusion. The closed-
loop feedback mechanism yields a further 1.2% improvement
on the full configuration, bringing mloU to 51.8%, validating
the role of generative reconstruction loss as a self-supervised
regularizer promoting segmentation feature learning.

Table 2. Ablation study results on the English Teaching Scene Dataset (ETSD) (mean Intersection over Union, mIoU/%)

. Scene-Aware DAG Text Density Closed-Loop
Configuration Prompt Fusion Enhancement Feedback mloU— A
Baseline (Fixed Prompt + Avg. .
Fusion) X X X X 441
+ Scene-Aware Prompt N4 X X X 46.8 +2.7
+ DAG Fusion X N4 X X 473 432
+ Text Density Enhancement X X v X 46.5 +2.4
+ Scene-Aware + DAG N N X X 492 +5.1
+ Scene-Aware + DAG + Text v v v X 506 165
Enhancement

GSP-Net (Full) N v v v 51.8 +7.7

Note: DAG—Differentiable Attention Gating; GSP-Net—Generative Scene Parsing Network.
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Figure 5. Influence of text density enhancement on segmentation accuracy across different regions (mloU / %)
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To further reveal the specific mechanism of text density
enhancement, Figure 5 reports the impact of this module on
segmentation accuracy across different regions. Without text
density enhancement, the mloU of writing areas and projection
areas is 42.3% and 44.1% respectively, while wall areas and
podium areas yield 61.2% and 58.7%. After introducing text
density enhancement, the mloU of writing areas and projection
areas rises to 46.8% and 48.5%, gains of 4.5 and 4.4
percentage points, whereas improvements in wall and podium
areas are almost negligible, only 0.3 and 0.4 percentage points.
This result verifies that the structure-tensor-based text density
factor can effectively identify text-dense regions and
selectively enhance their attention responses, while preserving
original responses in non-text regions. The absolute mloU of
writing areas remains lower than that of projection areas,
which may stem from the diversity of handwriting styles and
varying writing angles in writing, whereas projection content
is usually typeset text with regular fonts.

To verify the fine-grained semantic parsing capability of the
proposed method in real English teaching scenarios and its
supporting role for subsequent visual scene understanding,
Figure 6 presents visualization comparisons among typical
classroom images under the original scene, baseline method
Segd4Diff, the proposed GSP-Net, and ground-truth
annotations. It can be observed that in two representative
scenarios—vocabulary lessons and reading lessons—GSP-Net

Original Image

Vocabulary
Lesson

Reading
Lesson

Laat Sunday. | went 1o the 200
with my tamily, We saw many
animals, such as pandas, fons,
and elaphants. The pandas were
very cute. W took a lot of
Photos and had a grea time.

exhibits higher region completeness and boundary clarity for
key semantic objects including projection screens, writing text
areas, projected content areas, and student subjects. Especially
in locally enlarged regions, the proposed method more
accurately preserves the structural contours of English
vocabulary and reading text, significantly reducing semantic
aliasing, boundary adhesion, and local omissions commonly
seen in baseline methods. In comparison, although Seg4Diff
can produce basic scene segmentation results, it still suffers
from category response diffusion, blurred target edges, and
insufficient foreground-background separation in text-dense
regions; GSP-Net’s performance in these complex regions is
already noticeably closer to ground-truth annotations. This
result indicates that the semantic modeling mechanism
integrating generative Al can effectively improve the
collaborative parsing capability for instructional media,
semantic content, and scene subjects in English classroom
images, enabling the model not only to possess stronger pixel-
level segmentation accuracy but also to provide a more reliable
structured visual foundation for lesson topic recognition,
knowledge point extraction, and teaching behavior
understanding, thereby verifying the effectiveness and
application potential of the proposed method in English
teaching image semantic segmentation and visual scene
understanding tasks.

GSP-Net (Proposed Method) Ground Truth (GT)

Figure 6. Visualization results of Generative Scene Parsing Network (GSP-Net) semantic segmentation in typical English
teaching scenarios

3.4 Scene understanding and generation quality evaluation

The evaluation results of scene graph generation quality are
shown in Figure 7. GSP-Net achieves SG Recall@1, @3, and
@5 of 41.6%, 61.8%, and 74.3% respectively, representing
improvements of 13.2, 15.1, and 16.1 percentage points over
the baseline of pure segmentation plus rule-based mapping.
The improvement in scene graph generation quality stems
mainly from two aspects: the more accurate segmentation
results of GSP-Net provide more precise node localization,
with significantly higher bounding box accuracy than
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comparison methods; the introduction of the graph attention
network in SGPN enables node features to fuse neighborhood
information, enhancing the discriminability of node
representations. With SG Recall@5 reaching 74.3%, it
indicates that when allowing five candidate triplets, GSP-Net
can cover most triplets in the ground-truth scene graph.

The expert scoring results for teaching semantic reasoning
quality are shown in Table 3. The average score for lesson
topic recognition is 4.32, with an accuracy rate of 86.7%,
because lesson topics are usually highly correlated with scene
type, and the scene classifier already achieves 98.7% accuracy.



The score for core knowledge point extraction is 4.07, with an
accuracy rate of 80.0%, indicating that the model can
relatively accurately extract key teaching content from the
scene graph, yet challenges remain in distinguishing fine-
grained knowledge points. The score for teacher-student
interaction focus localization is relatively lower at 3.85, with
an accuracy rate of 73.3%; this is mainly because interaction
focus involves dynamic behavioral information, while the
current method performs reasoning solely on single-frame
static images and lacks temporal context.

The evaluation results of generated image quality are shown
in Figure 8. Direct reconstruction using Stable Diffusion yields
an FID of 28.6, indicating a certain distribution gap between
generated and original images. After adding the segmentation
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SG Recall@K
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Pure Segmentation + Rule-
based Mapping
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20
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mask as a spatial condition, FID drops to 24.1 and LPIPS
decreases from 0.312 to 0.278, showing that spatial structural
constraints from the segmentation mask effectively improve
reconstruction fidelity. With further injection of teaching
semantic reasoning results, FID drops to 21.3 and LPIPS to
0.251, indicating that high-order semantic information
injection further enhances content consistency of generated
images. The value of the generative closed-loop feedback is
doubly confirmed here: from an application perspective,
semantically enhanced reconstructed images can serve as
teaching materials for auxiliary explanation; from a learning
perspective, reconstruction errors continuously optimize the
segmentation module via the back-propagation path of Eq.

(19).

SeeDuff+SGPN GSP-Net+SGPN (Ours)

#SGRecall@! =SGRecall@3 = SG Recall@s

Figure 7. Comparison of scene graph generation performance across methods (SG Recall@K / %)
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Table 3. Expert scoring of teaching semantic reasoning quality

Reasoning Dimension

Average Score  Standard Deviation Accuracy (Score > 4)

Lesson Topic Recognition 4.32 0.58 86.70%

Core Knowledge Point Extraction 4.07 0.72 80.00%
Teacher-Student Interaction Focus Localization 3.85 0.81 73.30%
Overall Average 4.08 — 80.00%
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Table 4. Zero-shot generalization performance across scenarios (mean Intersection over Union, mloU/%)

Method Other Subjects Online Edu. Screenshots Scanned Textbooks Average
DiffSegmenter 324 38.7 352 354
SeeDiff 31.2 37.5 33.8 342
FA-Seg 34.1 40.2 36.9 37.1
SegdDiff 36.8 42.5 394 39.6
Generative Scene Parsing Network (GSP-Net, Ours) 41.2 48.6 44.7 44.8
Table 5. Comparison of inference efficiency across methods
Method Inference Time (s/img) GPU Mem (GB) Params (M)
CLIPSeg 0.42 4.2 632
SegGPT 0.68 6.8 1,200+
DiffSegmenter 2.34 7.5 860
SeeDiff 2.51 7.8 860
FA-Seg 0.87 5.1 860
SegdDiff 1.92 7.2 880
Generative Scene Parsing Network (GSP-Net, Ours) 2.73 8.1 865

3.5 Cross-scenario generalization capability

To verify the generalization ability of GSP-Net, zero-shot
tests are conducted on three unseen scenarios: teaching scenes
of other subjects, screenshots of online education platforms,
and scanned textbook images. The results are shown in Table
4. GSP-Net achieves a mloU of 44.8% across the three cross-
scenario tasks, representing a 5.2% improvement over the best
baseline Seg4Diff. The best performance is observed in the
online education screenshot scenario, with an mIoU of 48.6%,
because online education screenshots share the closest visual
distribution with teaching video screenshots in the ETSD
training data. Performance in other-subject scenarios is
relatively weaker at 41.2%; this is because semantic categories
in mathematics and physics classrooms are not fully covered
by the ETST system, yet categories at the physical
environment layer remain universal, thus maintaining
acceptable segmentation accuracy. The mloU on scanned
textbook images is 44.7%, positioned between the former two,
indicating that categories at the instructional media and
semantic content layers of ETST possess certain cross-
scenario transferability.

3.6 Efficiency analysis and discussion

Table 5 reports the inference time and GPU memory
consumption of each method. The inference time of GSP-Net
is 2.73 s per image, higher than FA-Seg and CLIPSeg but
broadly comparable to DiffSegmenter. The extra time
overhead mainly comes from text density factor computation
(~0.21 s), CRF post-processing (~0.18 s), and DAG network
forward pass (~0.09 s), totaling approximately 0.48 s. The
parameter count of GSP-Net is 865 M, essentially consistent
with that of Stable Diffusion 2.1, with the additionally
introduced Adapter and DAG parameters accounting for less
than 0.5%. GPU memory usage is 8.1 GB, which allows easy
deployment on a single A100 GPU, demonstrating feasibility
in practical teaching application scenarios.

Although GSP-Net achieves strong performance on the
ETSD dataset, several limitations remain. First, segmentation
accuracy for extremely dense text still has room for
improvement; the current mloU of writing areas is 46.8%,
significantly lower than the average level of 57.1% at the
physical environment layer. Second, scene graph construction
heavily relies on segmentation quality, so severe segmentation
errors propagate to subsequent scene understanding and
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generation modules. Third, the current method is based on
single-frame static images and lacks modeling capability for
temporal dynamic information in teaching scenes. Finally, the
scale of the ETSD dataset is still relatively small compared
with general segmentation datasets, which may limit the upper
bound of the model’s generalization ability. Future work will
focus on temporal modeling for video teaching scenarios,
construction of larger-scale teaching scene datasets, and more
efficient lightweight deployment.

4. CONCLUSION

This paper addresses the tasks of image semantic
segmentation and visual scene understanding in English
teaching scenarios, and proposes a GSP-Net. Taking a pre-
trained diffusion model as the backbone, the method is
designed around three core challenges in teaching scenes:
clearly hierarchical semantic categories, densely distributed
text regions, and the disconnection between perception and
reasoning tasks. At the semantic guidance level, a three-tier
category system covering physical environment, instructional
media, and semantic content is constructed, and a lesson-type-
driven dynamic prompt encoding mechanism is introduced to
make cross-attention precisely anchor semantic regions
relevant to the current teaching context. At the fine-grained
segmentation level, a differentiable attention gating network is
designed to adaptively fuse multi-level self-attention based on
spatial location and local text density, while a structure-tensor-
derived text density factor is utilized to enhance boundary
responses in writing and projection areas. At the semantic
reasoning and self-supervised evolution level, a differentiable
scene graph propagation network is constructed to transform
segmentation results into structured scene representations and
drive a LLM to complete reasoning over lesson topics and
knowledge points; furthermore, a closed-loop feedback is
established via generative image reconstruction loss, enabling
the segmentation module to continuously self-optimize in
annotation-free scenarios.

Experiments on the self-built English teaching scene dataset
show that GSP-Net achieves an mloU of 51.8%, a 4.2%
improvement over the best baseline, and yields optimal results
across the physical environment, instructional media, and
semantic content layers, with the most significant gain
observed at the semantic content layer. Ablation studies verify



the independent contribution and synergy of each module,
with text density enhancement delivering accuracy gains of 4.5
and 4.4 percentage points for writing and projection areas
respectively. Scene graph generation recall and expert ratings
on teaching semantic reasoning both significantly outperform
comparison methods, while generated image quality
evaluation further confirms the promoting effect of closed-
loop feedback on segmentation feature learning. Cross-
scenario  generalization experiments demonstrate the
adaptability of the proposed method across different teaching
environments. This study provides a feasible technical
pathway for the in-depth application of generative Al in
educational visual understanding. Future work will focus on
temporal modeling for teaching videos, construction of larger-
scale datasets, and lightweight model deployment.
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