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Abstract. Fine-grained classification of small web images is challenging
because discriminative evidence is often distributed across weak object
parts, local textures, and category-specific edge patterns rather than con-
centrated in one salient region. Recent visual backbones improve recogni-
tion through global attention, convolutional modulation, mobile hybrid
blocks, or state-space mixing, but these designs are not automatically
effective when compressed into a shallow residual classifier for 32 x 32 im-
ages. This paper proposes RSCA-MSRNet, a compact residual classifier
built around RSCA-Fuse, a residual-subspace feature-fusion unit. Instead
of inserting independent modules sequentially, RSCA-Fuse first expands
the residual channel space into multiple subspaces, then performs pro-
gressive residual aggregation among these subspaces, and finally applies
lightweight channel calibration to the fused representation. This ordering
is essential: channel selection is performed after cross-branch aggregation,
so the gate operates on already-composed local, mid-level, and contextual
cues. The training protocol, including Rand Augment, Cutout, Mixup, la-
bel smoothing, staged decay, gradient clipping, and EMA evaluation, is
treated as an optimisation layer rather than as a model contribution. On
CIFAR-100, RSCA-Fuse improves a matched ResNet-18 baseline from
75.87% to 80.15% top-1 accuracy; the complete RSCA-MSRNet reaches
84.31% top-1 and 96.77% top-5. Protocol-normalised comparisons with
eight visual backbones and controlled ablations show that the gain comes
from residual-subspace fusion rather than from merely widening the net-
work or appending generic attention. Training dynamics, Grad-CAM,
saliency, class-wise accuracy, and confusion analysis further support the
same explanation.

Keywords: Fine-grained image classification - residual feature fusion -
channel calibration - CIFAR-100 - web image understanding

1 Introduction

Visual categorisation is a basic capability of web information systems. Image
search, content recommendation, product indexing, moderation, and multime-
dia retrieval all require image encoders that are compact enough for practical

* Corresponding author.



2 Y. Wu and C. Chen

deployment yet accurate enough to distinguish visually similar categories. The
difficulty becomes pronounced when the input images are small. In CIFAR-100,
for example, every image contains only 32 x 32 pixels, while the label space has
100 categories. A successful model must therefore infer class identity from lim-
ited local evidence, including weak edges, fine textures, small object parts, and
background-context correlations.

Modern visual backbones have greatly advanced image recognition.
Conv2Former uses convolutional modulation to emulate token interaction with-
out explicitly forming a large attention matrix [14, 23]; PVTv2 improves pyramid
vision transformers through overlapping patch embeddings and efficient spatial
reduction [15]; EdgeNeXt and EMO seek more efficient CNN-Transformer inter-
action for mobile settings [16,17]; ConvNeXt V2 revisits ConvNet scaling with
masked autoencoding [18]; FasterViT, RepViT, and MambaVision introduce hi-
erarchical attention, re-parameterised mobile design, and state-space/global mix-
ing respectively [19-21]. These methods are strong in large-scale recognition, but
they are not necessarily optimal when the goal is to improve a shallow residual
classifier under a low-resolution, limited-budget setting. Excessive global mixing
can dilute local detail; heavy context modules may not be fully utilised at 32 x 32
resolution; and simply appending isolated mechanisms can disturb the residual
optimisation path.

This work addresses the problem from a different viewpoint: the critical oper-
ation for small-image classification is not only to enlarge the receptive field, but
to compose complementary residual subspaces before selecting the useful chan-
nels. We therefore design RSCA-Fuse, a residual-subspace fusion unit. The unit
expands the input features, divides the expanded tensor into multiple branch sub-
spaces, lets later branches progressively condition on earlier branch responses,
concatenates the fused branches, and then applies a lightweight ECA-style cal-
ibration gate. The block is compatible with ResNet-style optimisation because
the information path remains residual and local, while the internal feature rep-
resentation becomes richer than a single-stream convolution.

The contribution of this paper is threefold. First, we propose a residual-
subspace calibration and aggregation mechanism that turns channel expansion
into structured branch fusion rather than raw capacity scaling. Second, we pro-
vide a mechanism-oriented analysis showing why the proposed ordering, i.e.,
branch formation — progressive aggregation — post-fusion calibration, is more
effective than isolated module insertion. Third, we evaluate the method under a
matched CIFAR-100 protocol, compare it with representative visual designs, and
provide visual and class-level analyses that explain when and why the classifier
succeeds. Reproducible implementation details are reported for completeness,
but reproducibility is not claimed as a methodological novelty; the model con-
tribution lies in the feature-fusion architecture.

2 Related Work

2.1 Residual Learning and Width Scaling

Residual learning enables deep convolutional networks to optimise perturba-
tions around identity mappings, substantially improving gradient propagation [1].
Wide residual networks later showed that, on small images, increasing channel
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width can be more effective than increasing depth because width improves rep-
resentation capacity while preserving shorter optimisation paths [2]. However,
width alone is not a structural explanation. A wider layer may simply over-
parameterise the classifier unless the extra channel space is organised into mean-
ingful feature subspaces. RSCA-MSRNet adopts width as a carrier of residual
subspaces, but the key operation is the subsequent branch aggregation and chan-
nel calibration.

2.2 Multi-Scale Branching and Channel Calibration

Multi-scale feature extraction is a long-standing principle in CNN design.
Inception-style blocks process multiple kernel sizes in parallel [3], ResNeXt ag-
gregates cardinal groups [4], and Res2Net introduces hierarchical residual splits
within a single block [5]. Channel attention has developed in a parallel direction:
SENet models channel dependencies through squeeze and excitation [6], while
ECA removes the fully connected bottleneck and uses local one-dimensional
channel interaction for efficient recalibration [7]. Coordinate attention and fre-
quency channel attention further show that channel weights can carry positional
or frequency-aware information (8,9, 27]. The proposed block is inspired by these
observations but changes the order of computation. Rather than calibrating a
single stream or simply adding a branch module, it first forms multiple resid-
ual subspaces, progressively aggregates them, and calibrates the resulting fused
tensor.

2.3 Efficient Attention and Recent Visual Backbones

Vision transformers and hybrid networks improve long-range dependency mod-
elling [10-13]. Nevertheless, their advantage can be reduced for 32 x 32 images,
where the number of tokens is small and discriminative cues are often local.
Recent backbones pursue more efficient designs: Conv2Former provides convolu-
tional modulation [14]; PVTv2 improves pyramid attention [15]; EdgeNeXt and
EMO target mobile efficiency [16,17]; ConvNeXt V2 revisits large-kernel Con-
vNets and masked pretraining [18]; FasterViT uses hierarchical attention [19];
RepViT revisits mobile CNNs from a transformer perspective [20]; and MambaV-
ision combines state-space and transformer-like modelling [21]. These methods
motivate the comparison space, but the proposed model is intentionally differ-
ent: it targets low-cost residual feature fusion under a small-image setting rather
than global attention capacity at high resolution.

2.4 Regularisation and Visual Explanation

Data-level and optimisation-level regularisation are crucial for CIFAR-100.
Cutout masks image patches to encourage robustness [22], Mixup constructs
convex combinations of examples and labels [24], CutMix replaces regions be-
tween examples [25], RandAugment provides a compact augmentation policy
search space [26], and label smoothing reduces over-confident fitting [28]. Weight
averaging and EMA-style evaluation often improve late-stage stability [29, 30].
These techniques are not new architectural contributions; in this paper they are
used as a supporting protocol. To interpret the resulting classifier, we use Grad-
CAM [31], saliency maps [32], reliability analysis [33], and confusion matrices.
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3 Method

3.1 Overview

The goal of RSCA-MSRNet is to improve a shallow residual classifier without
relying on heavy global attention. Given an image & € R3*32%32 a3 CIFAR-style
stem produces early feature maps. Several residual stages then extract spatial
representations, and the proposed RSCA-Fuse is used as the main local fusion
unit. Figure 1 gives the overall pipeline. The architecture is deliberately divided
into two parts: the model contribution, i.e., residual-subspace feature fusion, and
the supporting training protocol, which improves generalisation and stabilises
evaluation.

(a) Overall framework of RSCA-MSRNet (feature-fusion network)
Core idea: residual-branch feature fusion + synergistic optimization

Residual stages (stride-2 downsampling)

Input image Multi-strategy
32x32x3 input augmentation -

7 randomerop/ip | | Stem
B 3x3 ||
{7} RandAugment Conv

[E] Cutout

, \
{ RSCA-Fuse ] FC classifier
| (eature-fusionunit) | GAP (100 classes)

g} 9 il =) 888

Stage 1 Stage 2
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‘ ! Global
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Fig. 1: Overview of RSCA-MSRNet. The primary contribution is the RSCA-Fuse
residual-subspace fusion unit. Augmentation, label smoothing, and EMA are shown
as supporting optimisation components, not as architectural novelty.

3.2 Residual-Subspace Branch Formation

Let X € RE*HXW %6 the input feature tensor of a residual block. A 1 x 1
expansion maps it into a wider latent space:

U = ¢.(X) e REXIW ¢/ =, (1)

where 7 is the expansion ratio. The expanded tensor is split along the channel
dimension into s residual subspaces:

U=[U,U,,...,U,], U;eRC/sxHxW (2)
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This formulation is important because the widened channel space is not treated
as an undifferentiated capacity increase. Each branch becomes a subspace that
can specialise in a different granularity of local response. At 32 x 32 resolution,
such local branch diversity is more useful than a large global-token operation
because the discriminative evidence is usually small and texture-level.

3.3 Progressive Residual Aggregation

A key design choice is that branch features are not processed independently and
then concatenated. Instead, RSCA-Fuse performs progressive residual aggrega-
tion:

Vl :¢1(U1)» V’L:w’L(Ul+VZ—1)7 i:2,...,5, (3)

where 1); denotes a lightweight 3 x 3 convolution with normalisation and non-
linearity. This ordered computation makes later branches conditional on earlier
responses. It therefore builds a coarse-to-fine interaction pattern inside the resid-
ual block: early branches preserve local texture and edge evidence, while later
branches refine these responses with deeper contextual transformations. The
fused representation is

Z = Concat(Vy, Vg, ..., V,). (4)

Compared with parallel concatenation, progressive aggregation reduces represen-
tational fragmentation. Branches are encouraged to exchange information before
channel selection, which is the main reason the method performs better than iso-
lated branch or attention modules.

3.4 Post-Fusion Channel Calibration

After aggregation, RSCA-Fuse calibrates the fused tensor rather than the indi-
vidual branches. We first compute a global descriptor by average pooling:

g = GAP(Z) e RY". (5)

A lightweight one-dimensional convolution captures local cross-channel depen-
dencies and generates a calibration vector:

o~

a = o(Convyi4(g)), Z=a0oZ (6)
Finally, a projection returns the feature to the residual output dimension:
Y = X + ¢,(Z). (7)

The ordering is crucial. If calibration is applied before branch interaction, the
gate only selects isolated responses. In RSCA-Fuse, the gate observes a fused
representation, so it can select channels that encode cross-branch relations. This
distinguishes the method from a single-stream attention block and from a plain
multi-branch convolution.
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Algorithm 1 Training and inference procedure of RSCA-MSRNet

Require: Training set D, epochs F, branch number s, expansion ratio r, Mixup pa-
rameter «, smoothing ¢, EMA decay m.
1: Initialise network parameters @ and EMA copy Oema < 6.
2: fore=1to FE do

3 Set learning rate according to milestones {60, 120, 160}.

4 for mini-batch (x,y) ~ D do

5: x, + RandomCropFlip(x); &, + RandAugment(x,); z, + Cutout(xz,).
6: if Mixup is active in the early /middle stage then

7 Draw A ~ Beta(a, a); mix two samples and their soft labels into (&, @).
8 else

9: (iv @) — (ma, y)

10: end if

11: Fo « Stem(&); Fy < Stage, (Fr_1) for k =1,2,3.

12: U < ¢.(F3) and split U into channel subspaces [Uy, ..., Us].

13: V1 <— 1/}1(U1)

14: for i =2 to s do

15: V; + ¢¥:i(U; +Vi_1) > progressive residual aggregation
16: end for

17: Z < Concat(Vi,..., V).

18: a + o(Convia(GAP(Z))); F« Fs+ do(a® Z).

19: 0+ WGAP(I‘/;) + b; g, < LabelSmooth(y, €) when smoothing is enabled.
20: L + CE(o, ¥,); back-propagate; clip gradients; update 8 by SGD.

21: Ocma < MBema + (1 —m)0.

22: end for

23: end for
24: return best validation checkpoint evaluated with Gcpq.

3.5 Training Protocol

Algorithm 1 gives the full training and inference procedure. The pseudocode sep-
arates the architectural path from the optimisation path. Lines 8-14 implement
the model contribution: features are expanded into residual subspaces, progres-
sively aggregated, and calibrated only after fusion. Lines 4-7 and 16—18 describe
the supporting protocol: augmentation, label-distribution regularisation, staged
optimisation, gradient clipping, and EMA tracking. This separation is important
for interpretation. RandAugment and Cutout increase visual variability; Mixup
and label smoothing reduce over-confident fitting; staged decay and gradient
clipping stabilise optimisation; EMA smooths the final decision surface. These
operations are not claimed as the architectural novelty. Their role is to make
the fused representation reliable enough for evaluation, so the experiments can
distinguish whether the accuracy increase comes from RSCA-Fuse itself or from
the protocol that refines it.

4 Experimental Setup

4.1 Dataset and Metrics

We evaluate on CIFAR-100 [37], which contains 50,000 training images and
10,000 test images in 100 categories, each at 32 x 32 resolution. The primary
metric is top-1 accuracy, and top-5 accuracy is reported for the final model. To



RSCA-MSRNet 7

study behaviour beyond aggregate accuracy, we additionally inspect training dy-
namics, Grad-CAM maps, input-gradient saliency, class-wise accuracy, confusion
patterns, and reliability diagrams.

4.2 Compared Methods

The comparison is organised around one main table rather than separate leader-
boards. Table 1 places three groups of methods in a single view: (i) external from-
scratch CNN baselines reported in a recent CIFAR-100 benchmarking study,
(ii) representative visual backbones after protocol normalisation to the small-
image budget, and (iii) our controlled residual-family variants. The external and
protocol-normalised rows are used to position the design space; the internal rows
are used to support the architectural claim. This organisation avoids present-
ing heterogeneous ImageNet-scale numbers as direct official CIFAR-100 results,
while still making clear whether the proposed fusion architecture is competitive
under the intended small-resolution setting.

4.3 Implementation Details

The final model is trained for 200 epochs with SGD, momentum 0.9, weight
decay 5 x 1074, batch size 128, and a multi-step learning-rate schedule with
milestones {60,120,160}. The base learning rate is 0.1. Dropout inside wide
residual branches is 0.3. RandAugment uses N = 2, M = 8, Cutout masks a 16 x
16 region, Mixup uses a = 0.2, label smoothing is 0.1, and EMA decay is 0.999.
For the structural study, the same training protocol is used whenever possible,
so observed differences reflect architectural changes rather than learning-rate or
augmentation differences.

5 Results and Analysis

5.1 Main Comparison with Recent and Controlled Baselines

Table 1 reports the main comparison in a compact form. It deliberately keeps only
method names, top-1 accuracy, and the gap to RSCA-MSRNet, so that the exper-
imental claim can be read without a long descriptive column. The first block lists
external from-scratch CNN baselines reported by Khagram et al. [36]; these re-
sults show that CIFAR-100 remains difficult under ordinary training. The second
block contains representative recent visual backbones under protocol-normalised
small-image adaptations; because their original reports use different resolutions,
pretraining data, and schedules, these rows are design-space references rather
than official reproduction claims. The third block contains controlled residual-
family variants evaluated under our matched protocol.

The comparison gives three observations. First, transformer-style or hybrid
designs such as PVTv2, FasterViT, and MambaVision rely heavily on long-range
token interaction [15, 19, 21]. This is valuable for high-resolution recognition, but
the advantage is less direct for 32 x 32 images, where the number of spatial to-
kens is limited and class evidence is often carried by texture fragments. Second,
efficient hybrid networks such as EMO, EdgeNeXt, and RepViT emphasise mo-
bile efficiency and local-global interaction [17, 16, 20], yet they do not explicitly
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form residual branch subspaces before selecting channels. Third, Conv2Former
and ConvNeXt V2 provide strong convolutional modulation and modern Con-
vNet scaling [14, 18], but they mainly operate as single-stream transformations.
In contrast, RSCA-MSRNet first forms multiple residual subspaces, then aggre-
gates them progressively, and finally calibrates the fused representation. This
ordering is well matched to CIFAR-100: early branches preserve edges and tex-
ture fragments, later branches refine them through residual interaction, and the
final calibration gate suppresses redundant channels only after the cues have been
composed. The model therefore improves the quality of local evidence passed to
the classifier head instead of relying on a heavier global-mixing module, which
explains why it obtains the highest top-1 accuracy in Table 1.

Table 1: Main CIFAR-100 comparison with all reference methods and controlled base-
lines. The first block reports external from-scratch CNN baselines from Khagram et
al. [36]; the second block reports protocol-normalised small-image adaptations of recent
visual backbones; the third block reports controlled residual-family baselines under our
matched protocol. The last column measures the top-1 gap to the proposed full model.

Method Top-1 (%) Gap to RSCA-MSRNet (pp)
External from-scratch CNN baselines

GoogLeNet [36] 42.00 42.31
EfficientNet [34] 62.00 22.31

ResNet [1] 65.00 19.31

Protocol-normalised recent visual backbones

PVTv2 [15] 80.86 3.45
EMO [17] 81.08 3.23
EdgeNeXt [16] 81.42 2.89
Conv2Former [14] 81.74 2.57
RepViT [20] 82.21 2.10
ConvNeXt V2 [18] 82.36 1.95
FasterViT [19] 82.69 1.62
MambaVision [21] 83.06 1.25

Controlled residual-family baselines under the matched protocol

ResNet-18 [1] 8.44
MHSA-enhanced ResNet [10] 77.32 6.99
Res2Net-style ResNet [5] 77.43 6.88
Split-attention residual classifier [35] 77.25 7.06
ECA-enhanced ResNet [7] 76.94 7.37
RSCA-Fuse 80.15 4.16
RSCA-MSRNet 84.31 0.00

Figure 2 visualises the same comparison against recent design families. The
figure is not used to claim official superiority over ImageNet-scale implemen-
tations; rather, it shows the practical pattern under the intended CIFAR-100
budget: residual-subspace fusion provides a more suitable inductive bias than
heavy global mixing when visual evidence is fine-grained and locally distributed.

5.2 Controlled Architectural Evidence

The controlled rows of Table 1 and Fig. 3 provide the core architectural ev-
idence. The matched ResNet-18 baseline [1] obtains 75.87% top-1 accuracy. A
single MHSA insertion inspired by vision transformers [10] improves it to 77.32%,
a Res2Net-style residual split [5] reaches 77.43%, a split-attention residual vari-
ant [35] reaches 77.25%, and an ECA-style calibration gate [7] reaches 76.94%.
These variants are individually useful but insufficient: none of them reaches the
80% level, and none closes more than about two points of the gap to the final
model.
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Protocol-normalized comparison with recent visual backbones on CIFAR-100

PVTv2

EMO
EdgeNeXt
Conv2Former
RepViT
ConvNeXt V2
FasterViT
MambaVision
RSCA-MSRNet 8431 * ot ;ﬁfﬁ;ﬁ%
80 81 8 8 84 85

Top-1 accuracy (%)

Fig. 2: Protocol-normalised comparison with recent visual backbones on CIFAR-100.
Under the same small-image protocol, RSCA-MSRNet achieves the highest top-1 ac-
curacy, suggesting that residual-subspace fusion is a more suitable inductive bias than
heavier global-mixing designs for fine-grained low-resolution recognition.

The decisive difference is the internal ordering of operations. RSCA-Fuse
forms residual branch subspaces before calibration, aggregates the branches pro-
gressively, and only then applies channel selection. As shown in Fig. 3(b), this
ordered fusion reaches 80.15% top-1 accuracy and exceeds the additive expec-
tation of isolated branch splitting and isolated channel calibration by +1.65
points. The gain is therefore not a numerical side effect of using more channels.
If width were the only explanation, the split-only variant would close most of
the gap; if channel attention alone were sufficient, the ECA-enhanced variant
would behave similarly. The observed margin appears only when the gate op-
erates on an already-fused tensor whose channels encode cross-branch relations.
The complete RSCA-MSRNet further reaches 84.31% top-1 and 96.77% top-5
after the supporting optimisation protocol is applied, showing that the protocol
strengthens rather than substitutes the structural contribution.

5.3 Contribution of the Supporting Protocol

The optimisation ablation in Table 2 and Fig. 4 clarifies the role of the training
protocol. Capacity-only fusion reaches 80.91%, confirming that the architectural
block is already strong. Adding standard data augmentation increases the re-
sult to 82.44%, Mixup further improves it to 83.54%, label smoothing slightly
decreases the intermediate checkpoint but improves calibration behaviour, and
the full recipe with EMA obtains 84.31%. This progression has a coherent expla-
nation. Augmentation exposes each residual branch to local deformations of the
same class, so aggregation is less dependent on a single crop. Mixup regularises
the classifier head and reduces class-background memorisation. EMA then pre-
serves the most stable late-stage version of the fused representation. The largest
jump is still the structural one produced by RSCA-Fuse; the protocol is a sta-
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Why RSCA-MSRNet is better: feature fusion changes the accuracy ceiling

e Controlled comparison: isolated modules vs. designed fusion Q Fusion effect exceeds isolated component gains

Isolated module insertions Fusion route
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| observed
79 1 fusion gain
78.50 { beyond
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=
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Additive  RSCA-Fuse
expectation actual

Values are Top-1 accuracy (%). Single modules bring about one point; ordered branch fusion plus channel recalibration
produces a non-additive improvement and then supports the full model.

Fig. 3: Controlled architectural evidence. Left: inserting ECA, MHSA, or Res2Net-style
splitting in isolation improves the baseline only marginally. Right: the observed gain of
RSCA-Fuse exceeds the additive expectation of isolated branch splitting and isolated
channel calibration, indicating a genuine interaction effect created by the proposed
fusion order.

Table 2: Supporting protocol ablation on top of the fusion backbone. The protocol
improves and stabilises the final model, but does not replace the architectural contri-
bution.

Configuration Top-1 (%) Increment
Capacity-only fusion 80.91 -

+ RandAugment/Cutout 82.44 +1.53
+ Mixup 83.54 +1.10
~+ label smoothing 83.44 —0.10
+ EMA evaluation 84.31 +0.87

bility layer that reduces overfitting and improves the final checkpoint. Thus the
proposed contribution is not a list of training tricks, but a feature-fusion archi-
tecture whose accuracy is strengthened by a disciplined training recipe.

5.4 Training Dynamics and Visual Evidence

Figure 5 shows that the final model converges stably. The learning-rate drops at
scheduled milestones produce clear accuracy improvements, and the validation
curve remains stable in the late stage. The separation between the capacity-only
curve and the fullEMA curve is also informative: the former verifies that the
fusion backbone already learns useful class evidence, while the latter shows that
the protocol consolidates this representation into a higher and smoother plateau.
This behaviour is consistent with residual-subspace fusion: the model obtains
enough representation capacity to reduce underfitting, while the residual paths
and regularisation prevent the fusion block from overfitting too early.

Figure 6 provides qualitative evidence using Grad-CAM [31] and input-
gradient saliency [32]. The left half of the figure shows that the classifier at-
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Training protocol improves the fusion backbone but does not replace it
Top-1 accuracy (%) on the target benchmark
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° The main lift comes from the fusion backbone. The training protocol refines and stabilizes the model,
delivering consistent, incremental gains on top.

Fig. 4: Progressive contribution of the supporting protocol. The largest improvement is
produced by the fusion backbone itself, while augmentation, Mixup, label smoothing,
and EMA refine and stabilise the final classifier.

Training dynamics of RSCA-MSRNet ablations
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Full + EMA consistently achieves the highest and most stable accuracy plateau.

Fig. 5: Training dynamics of the ablation sequence. The full recipe with EMA not only
reaches the highest peak accuracy but also maintains the most stable late-stage plateau,
showing that the protocol consolidates the gain provided by the fusion backbone.
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tends to semantically meaningful object regions, such as the mushroom cap, the
camel body, the rocket silhouette, and the lamp structure, instead of scattering
attention across the background. The right half shows that the corresponding
saliency maps emphasise edges, boundaries, and texture transitions, especially
around thin contours and high-frequency details. This observation is consistent
with the design of RSCA-Fuse: progressive residual aggregation first composes
local edge and texture responses across branches, and the post-fusion calibra-
tion gate then amplifies the already-fused channels that remain discriminative
for the target class. The visual evidence therefore supports the same explanation
suggested by the quantitative ablations.

Visual evidence: object regions and fine-grained local cues

(a) Grad-CAM: high-level discriminative regions (b) Input-gradient saliency: edges, textures, boundaries

Heatmaps highlight semantically meaningful regions that drive the prediction. Saliency maps emphasize edges, textures, and fine-grained boundaries.

forest ‘mushroom sea camel forest ‘mushroom sea camel
Pred: forest Pred: mushroom Pred: sea Pred: camel Pred: forest Pred: mushroom Pred: sea Pred: camel

butterfly cloud skunk streetcar butterfly cloud skunk streetcar
Pred: butterfly Pred: cloud Pred: skunk Pred: streetcar

Pred: butterfly Pred: cloud Pred: skunk Pred: strectcar

lamp tuli
Pred: lamp Pred: tulip

lamp lion tuli
Pred: lamp Pred: lion Pred: tulip

Grad-CAM reveals where the model looks to make high-level decisions (object regions),
while input-gradient saliency exposes how it leverages fine-grained local cues (edges, textures, boundaries).

Fig. 6: Visual evidence for why RSCA-MSRNet works. Grad-CAM highlights where the
classifier attends at the semantic level, while input-gradient saliency reveals how fine-
grained edges, textures, and boundaries contribute to the final decision. Both views
indicate that the learned representation is concentrated on discriminative object evi-
dence rather than diffuse background patterns.

5.5 Class-Level Behaviour and Failure Modes

Figure 7 summarises class-level behaviour. The normalised confusion matrix is
sharply diagonal, which indicates that most categories are separated cleanly
after feature fusion. The residual errors are not random: they cluster around
semantically or visually adjacent classes such as small mammals, human cate-
gories, or categories with overlapping silhouettes. The class-wise extremes rein-
force this interpretation. High-performing classes such as pickup truck, road,
orange, and mountain possess either stable global geometry or highly distinctive
local textures, whereas lower-performing classes such as seal, boy, man, and girl
are affected by pose variation, background clutter, or weak inter-class bound-
aries. Hence, the gain of RSCA-MSRNet comes from reducing generic confusion
through stronger local representation and cross-branch composition; the remain-
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ing failures are dominated by intrinsic ambiguity under the 32 x 32 resolution
constraint.

Normalized confusion matrix on CIFAR-100

-wise performance extremes

True class

-3

Normalized count

80

60 80 100 =00

Predicted class

(a) Normalised confusion matrix. (b) Best and worst class accuracy.
Fig.7: Class-level analysis of RSCA-MSRNet on CIFAR-100. The confusion matrix
shows a strong diagonal concentration, while the class-wise extremes reveal that the
model performs best when categories have stable discriminative structure and struggles
mainly on visually adjacent or weakly separated classes.

Taken together, the evidence is consistent across scales of analysis. At the
model-comparison level, RSCA-MSRNet surpasses recent backbones under a
protocol-normalised setting. At the controlled-ablation level, the gain is traced
to the structural interaction between residual branch formation and post-fusion
channel calibration rather than to any single auxiliary module. At the optimisa-
tion level, the training protocol refines an already-strong backbone and makes
the late-stage trajectory more stable. At the visual and class levels, the model is
shown to attend to object regions, boundaries, and local textures that are gen-
uinely discriminative for CIFAR-100 categories. Therefore, the proposed model
should be understood not as a larger residual classifier, but as a feature-fusion
network whose inductive bias is well aligned with the evidence structure of small
web images: local branches capture fine cues, progressive aggregation composes
them into category-level signals, and post-fusion calibration filters the fused rep-
resentation so that useful channels dominate the classifier head.

6 Conclusion

This paper presented RSCA-MSRNet, a compact residual classifier for fine-
grained small-image recognition. The central contribution is RSCA-Fuse, which
organises widened residual capacity into multiple feature subspaces, progressively
aggregates them, and calibrates the fused representation with a lightweight chan-
nel gate. The design avoids the weakness of isolated module insertion by making
fusion an internal operation of the residual block. On CIFAR-100, RSCA-Fuse im-
proves ResNet-18 by +4.28 points, and the final RSCA-MSRNet reaches 84.31%
top-1 accuracy. The comparison with recent visual designs, controlled ablations,
training dynamics, and visual analyses all support the same explanation: the
proposed model improves because residual-subspace fusion raises the representa-
tional ceiling, while the supporting training protocol stabilises the final classifier.
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The main limitation is that the study is still centred on CIFAR-100. Future

work will extend RSCA-Fuse to higher-resolution web image datasets, salient
object detection, semantic segmentation, and product-image retrieval, where fea-
ture fusion is even more central. We also plan to report repeated-seed variance,
detailed parameter/FLOP /latency measurements, and compressed variants with
distillation, pruning, and quantisation.
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nology Joint Fund for Basic Research (No. U1936105). We thank the ACs, SPCs,
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Abstract. With the rapid development of large language models (LLMs),
Al-generated text has become increasingly similar to human writing

in fluency and semantic coherence, making source identification more

difficult. Existing methods still face clear challenges in out-of-domain

settings and sentence-level short-text detection. To address this issue,

we construct a Chinese benchmark for Al text detection that supports

document-level in-domain evaluation, document-level out-of-domain eval-
uation, and sentence-level evaluation under a unified framework. Further-

more, we propose LLM-Recognizer, a simple and practical fusion frame-

work for sentence-level detection that combines perplexity-based genera-

tive cues with semantic representations. Experimental results show that

document-level detection is already close to saturation on the evaluated

benchmarks, while sentence-level detection remains substantially more

challenging. Under this setting, LLM-Recognizer achieves 0.8821 Accu-

racy and 0.8918 F1 on the sentence-level benchmark, improving over

encoder-only RoBERTa by 4.85 and 3.94 percentage points, respectively.

These results suggest that simple generative—discriminative fusion is a

useful direction for challenging short-text detection scenarios.

Keywords: Al text detection - large language models - sentence-level
detection - feature fusion

1 Introduction

Recent advances in large language models (LLMs) have greatly improved the
fluency, coherence, and semantic consistency of machine-generated text, making
source identification increasingly difficult [13,14]. While these capabilities sup-
port many useful applications, they also raise concerns about misinformation,
academic misuse, and large-scale automated content abuse. Reliable Al text de-
tection has therefore become important in open-domain writing, education, and
online content creation, where source attribution is often difficult to verify.
Existing Al text detection methods mainly include traditional feature-based
classifiers, supervised detectors built on pretrained language models, and zero-
shot methods based on LLM probability signals [4,6-8]. Although these meth-
ods perform well on some benchmarks, they still face challenges under domain

* Corresponding author: lixiang@nankai.edu.cn
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shift and sentence-level short-text settings [17]. In particular, locally polished
or human—AlI collaborative short texts often contain limited semantic context
and weak stylistic cues, making fine-grained detection more difficult [9]. Com-
pared with English, Chinese Al text detection still lacks unified benchmarks and
systematic comparisons, especially for sentence-level and out-of-domain (OOD)
evaluation [12].

To address these issues, this paper studies Chinese Al text detection with an
emphasis on cross-domain generalization and sentence-level recognition. Sentence-
level detection is motivated by realistic writing scenarios, where suspicious con-
tent is often a short span that has been locally polished, partially rewritten,
or inserted into otherwise human-authored text, rather than a fully machine-
generated document. In this setting, detectors relying on a single signal may
generalize poorly across domains or generators.

Against this background, we propose LLM-Recognizer, a simple and prac-
tical generative—discriminative fusion framework for sentence-level detection.
Perplexity-based generative statistics reflect how a text aligns with the token-
probability patterns of a language model, while encoder representations provide
contextual semantic information. Combining these two signals offers a lightweight
way to strengthen short-text detection without joint end-to-end training of mul-
tiple large models.

Our contributions are threefold. First, we construct a Chinese benchmark
supporting document-level in-domain, document-level OOD, and sentence-level
evaluation under a unified protocol. Second, we systematically compare tradi-
tional machine learning methods, encoder-based models, instruction-tuned LLMs,
recent zero-shot detectors, and fusion-based variants within the same framework.
Third, we show that LLM-Recognizer achieves the strongest sentence-level per-
formance among the compared methods while maintaining a practical computa-
tional profile.

2 Related Work

Existing Al text detection methods can be broadly divided into feature-based,
supervised, and LLM-oriented approaches. Early feature-based methods use lex-
ical, syntactic, statistical, or probability-rank features with conventional classi-
fiers [4,5,15]. They are efficient and interpretable, but often depend on hand-
crafted features and are sensitive to domain shift, text length, and generator
variation.

Supervised detectors based on pretrained language models, such as BERT,
RoBERTa, and MacBERT, learn contextual semantic representations and usu-
ally outperform traditional baselines on in-domain benchmarks [1-3]|. However,
prior work also shows that these models may still suffer from limited robustness
when facing unseen domains, unseen generators, or short Al-polished texts [5,
17].

Recent LLM-oriented methods exploit probability-based, rank-based, or black-
box signals for detection, including Detect GPT, Fast-DetectGPT, DetectLLM,
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Binoculars, and Ghostbuster [6-8,16,19]. Other studies adapt LLMs through
supervised fine-tuning or instruction tuning, while watermark-based approaches
require generator-side support [11, 18]. These methods provide useful baselines,
but their effectiveness varies across domains, generators, and text lengths.

Compared with English, Chinese Al text detection still lacks unified evalua-
tion settings that jointly cover document-level, out-of-domain, and sentence-level
scenarios. Existing Chinese studies have shown the effectiveness of pretrained or
instruction-tuned models, but systematic comparisons across detector families
remain limited [9,12]. This motivates our unified benchmark and the proposed
lightweight generative—discriminative fusion framework for sentence-level detec-
tion.

3 Methodology

3.1 Overview

We study Chinese Al text detection under three settings: document-level in-
domain evaluation, document-level out-of-domain (OOD) evaluation, and sentence-
level detection. HC3 is used as the main document-level training source and also
serves as the basis for sentence-level data expansion [4]. M4 is adopted as the in-
domain document-level test set [5], while a news-domain corpus is used for OOD
document-level evaluation. In addition, we construct a sentence-level benchmark
by combining cleaned sentence-level data from LLM-Detector [12| with newly
generated Al-polished sentences derived from HC3. Figure 1 illustrates the over-
all pipeline.

Sentence-level Al text detection is challenging because suspicious content is
often a short, locally polished or partially rewritten span rather than a fully
machine-generated document. To improve robustness, we combine perplexity-
based generative cues with encoder-based semantic representations, so that the
detector can leverage both token-probability patterns and contextual informa-
tion in a lightweight manner.

3.2 Data Construction and Unified Representation

Document-level data. HC3 [4] is used as the primary training corpus for
document-level detection. It contains paired human-written and ChatGPT-generated
responses across multiple domains. M4 [5] is adopted as the in-domain document-
level test benchmark. For OOD evaluation, we follow the news-domain setting of
LLM-Detector [12]. Specifically, the human portion is based on News Broadcast
Text, i.e., text transcripts crawled from publicly available CCTV (China Central
Television) news data, while the AT portion consists of news articles generated
by ChatGPT under category-specific news-writing prompts. Because this news-
domain test set differs from HC3/M4 in both source and style, we use it as an
out-of-domain benchmark to evaluate robustness under distribution shift.

The detailed construction of this news-domain OOD setting follows LLM-
Detector [12].We use this dataset only as an external news-domain OOD test
set, rather than a newly constructed benchmark in this work.
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Fig. 1. Overall framework of the proposed Chinese Al text detection pipeline.

Sentence-level data. Our sentence-level corpus consists of two parts. The
first part, denoted as Fuxisting Data, is derived from the released sentence-level
data of LLM-Detector [12]. Since the released files cannot be directly used in
our pipeline, we perform content extraction, format conversion, label normal-
ization, deduplication, and data cleaning before incorporation. The second part
is constructed from HC3 by splitting human-written documents into sentences
and randomly polishing a subset of them with nine open-source LLMs, thereby
simulating human—AI collaborative writing scenarios.

Unified instance format. To unify document-level and sentence-level experi-
ments, each sample is represented in the same JSON-style format:

{"instruction": "<text>", "label": "Human"}
{"instruction": "<text>", "label": "AI"}

where instruction denotes the input text and label indicates whether the
text is human-written or Al-generated/Al-polished. This unified schema is used
for both document-level and sentence-level experiments.

Sentence-level construction. Let a human-written document be denoted by
x = {ug,ug, ..., Umn}.
After sentence splitting, we obtain
S(z) ={s1,82,..-,8n}

A subset R(z) C S(x) is randomly selected and rewritten by one of nine polishing
models g (+):
5=gi(s), se€R(z).
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Table 1. Sources of the sentence-level benchmark.

Data Source / Model Al Human Total
Existing Data 28,390 27,673 56,063
Qwen/Qwen3.5-4B 1,842 1,541 3,383
DeepSeek-R1-Distill-Qwen-7B 1,257 1,098 2,355
Qwen/Qwen3-8B 2,133 1,847 3,980
tencent/Hunyuan-MT-7B 1,468 1,264 2,732
DeepSeek-R1-0528-Qwen3-8B 1,611 1,372 2,983
THUDM/GLM-Z1-9B-0414 1,324 1,143 2,467
Qwen/Qwen2.5-7B-Instruct 1,986 1,729 3,715
THUDM/GLM-4-9B-0414 1,172 1,011 2,183
internlm /internlm2 5-7b-chat 1,627 1,525 3,152
Polishing subset total 14,420 12,530 26,950

Full sentence benchmark total 42,810 40,203 83,013

Table 2. Statistics of document-level and sentence-level datasets.

Dataset Split Human Al Total
Document-level training set (HC3) 22,261 17,800 40,061
Document-level in-domain test set (M4) 3,000 3,000 6,000
Document-level OOD test set (News) 2,000 1,915 3,915
Sentence-level benchmark 40,203 42,810 83,013

The augmented HC3-based sentence set is then
Daug = {(s,Human) | s € S(x) \ R(z)} U {(5,AI) | s € R(x)}.
The final sentence-level benchmark is
Dsent = Dexist U Daug

where Deyist denotes the cleaned Existing Data.

The resulting sentence-level benchmark contains 83,013 instances in total, in-
cluding 42,810 Al-labeled and 40,203 Human-labeled sentences. Detailed source
statistics are reported in Table 1, while overall dataset statistics are summa-
rized in Table 2. The polishing subset covers multiple model families, including
both Qwen-family and non-Qwen-family generators, as summarized in Table 1.
In the current benchmark release, we retain aggregate counts for each polishing
source, but not per-instance generator identifiers after sentence construction, so
source-conditioned evaluation by polishing model is left for future work.

3.3 Preprocessing and Data Split

We normalize all texts to UTF-8 format and remove control characters, invisi-
ble symbols, duplicated blanks, and malformed instances. For the Existing Data
portion, we additionally perform content extraction, field normalization, and
deduplication to convert the released files into the unified instruction-label
schema. After sentence splitting, empty and punctuation-only samples are re-
moved.

For the HC3-derived document-level data and the sentence-level benchmark,
we adopt stratified 8:1:1 splits for training, validation, and test sets. M4 is used
only for in-domain document-level evaluation, while the news dataset is used
only for OOD evaluation.
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3.4 Detection Models

We compare five groups of detectors under a unified framework. Traditional
baselines use TF-IDF features with Naive Bayes, Decision Tree, Logistic Re-
gression, Linear SVC, Random Forest, XGBoost, and MLP classifiers. Encoder-
based detectors fine-tune ROBERTa and MacBERT with a standard classifi-
cation head. LLM-oriented detectors include Fast-DetectGPT, DetectLLM,
MPU, Binoculars, and Ghostbuster, covering probability-based, rank-based, and
black-box detection paradigms. Instruction-tuned LLM detectors fine-tune
representative open-source backbones, including Qwen1.5-series models and MiniCPM3-
4B, for controlled and reproducible comparison rather than exhaustive model
coverage.

For parameter-efficient tuning, we adopt LoRA with rank r = 16, scaling
factor a = 32, and dropout 0.1, injected into the attention projections.

LLM-Recognizer. To improve sentence-level detection, we propose LLM-
Recognizer, which combines a generative statistical cue with a discriminative
semantic representation. For an input sentence

s = [wy,wa, ..., wy],

we first compute its perplexity using a generative LLM:

PPL(s) = exp(—i > " log(p(w; | w<i))> :

i=1
We then encode the same sentence with a pretrained encoder such as RoBERTa
or MacBERT and obtain the [CLS] representation

h. € R%.
After logarithmic compression and standardization of perplexity,

log PPL(s) — u

Zppl — ———————————————————
pp o ?

where p and o are computed on the training split only and then reused for
validation and test data, the fused feature is written as

f= [prl; hcls]'

Finally, a two-layer MLP predicts the label:
v = Softmax(Ws ReLU(W1f + b1) + ba) .

This design enables the detector to combine semantic information with a lightweight
generative cue. The semantic branch captures contextual meaning, while the
perplexity branch provides an additional signal related to generation style. The
overall architecture of LLM-Recognizer is shown in Figure 2.
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Fig. 2. Architecture of LLM-Recognizer for sentence-level Al text detection.

4 Experiments and Results

We evaluate all methods under document-level in-domain, document-level out-
of-domain (OOD), and sentence-level settings, using M4 for in-domain testing,
the news-domain dataset for OOD testing, and our constructed sentence-level
benchmark for fine-grained evaluation. Accuracy, Precision, Recall, and F1-score
are reported for all methods.

The comparison covers traditional machine learning baselines, encoder-based
supervised detectors, instruction-tuned LLM detectors, recent zero-shot detec-
tors, and our fusion-based models. All fine-tuning experiments are conducted on
a single 48 GB GPU to ensure a reproducible comparison.

4.1 Document-Level Results

Tables 3 and 4 report the document-level results on the M4 in-domain test set
and the News OOD test set, respectively. On M4, encoder-based models sub-
stantially outperform traditional baselines, with RoOBERTa and MacBERT both
exceeding 0.97 Accuracy. Qwenl.5-0.5B and MPU achieve even stronger perfor-
mance. Under the News OOD setting, RoBERTa drops from 0.9788 to 0.8878
Accuracy, showing clear degradation under distribution shift, while Qwenl.5-
0.5B and MPU remain highly robust. Overall, document-level detection is al-
ready close to saturation, making sentence-level detection the more challenging
setting.
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Table 3. Document-level in-domain results on the M4 test set.

Model Acc. Prec. Rec. F1

Naive Bayes 0.8199 0.8292 0.7535 0.7896
Decision Tree 0.7160  0.9298 0.3966 0.5560
Random Forest 0.6578 0.9775 0.2424 0.3885
Logistic Regression 0.8183 0.9186 0.6526  0.7631
Linear SVC 0.8290 0.8871 0.7089  0.7880
XGBoost 0.7531 0.9352 0.4828 0.6368
MLP 0.8347 0.8798 0.7312 0.7987
RoBERTa 0.9788 0.9921 0.9653 0.9785
MacBERT 0.9827 0.9882 0.9770 0.9826
Fast-Detect GPT 0.5885 0.5515 0.9480 0.6973
DetectLLM 0.8540 0.8232 0.9017 0.8606
MPU 0.9994 1.0000 0.9989 0.9994
Qwenl.5-0.5B 0.9945 1.0000 0.9876 0.9938

Table 4. Document-level out-of-domain results on the News test set.

Model Acc. Prec. Rec. F1

Naive Bayes 0.8192 0.8732 0.7373  0.7995
Decision Tree 0.7722 1.0000 0.5342 0.6964
Random Forest 0.6450 1.0000 0.2742 0.4303
Logistic Regression 0.8868 1.0000 0.7687 0.8692
Linear SVC 0.7854 0.7929 0.7598 0.7760
XGBoost 0.8623 1.0000 0.7185 0.8362
MLP 0.7734 0.7920 0.7279 0.7586
RoBERTa 0.8878 0.8491 0.9375 0.8911
Fast-DetectGPT 0.9321 0.8905 0.9817 0.9339
DetectLLM 0.9009 0.8327 0.9979 0.9078
MPU 0.9994 1.0000 0.9989 0.9994
Qwenl.5-0.5B 0.9934 1.0000 0.9864 0.9932

4.2 Sentence-Level Results

Sentence-level detection is substantially more challenging because each input
contains limited semantic and stylistic evidence. As shown in Table 5, tradi-
tional machine learning baselines perform close to random guessing, with Ac-
curacy mostly around 0.52-0.53 and a strong bias toward predicting the Al
class. Encoder-based and fine-tuned neural models are much stronger: RoOBERTa
reaches 0.8336 Accuracy and 0.8524 F1, while fine-tuned MiniCPM3-4B reaches
0.8502 Accuracy and 0.8576 F1. In contrast, recent zero-shot baselines such as
Binoculars and Ghostbuster remain clearly weaker in this Chinese sentence-level
setting.

Among all compared methods, LLM-Recognizer (RoBERTa+Qwenl.5-
7B) achieves the best result, with 0.8821 Accuracy and 0.8918 F1. Compared
with encoder-only RoBERTa, it improves Accuracy and F1 by 4.85 and 3.94
percentage points, respectively. These results suggest that a simple generative—
discriminative fusion framework can better handle short Al-polished or mixed-
authorship sentences than single-signal or training-free alternatives.

4.3 Runtime and Computational Cost Analysis

Table 6 reports indicative runtime under our experimental environment. Tra-
ditional ML baselines are the fastest but perform poorly, while full LLM fine-
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Table 5. Sentence-level detection results.

Model Acc. Prec. Rec. F1
Traditional machine learning baselines
Naive Bayes 0.5340 0.5302 0.9351 0.6767
Decision Tree 0.5220 0.5218 0.9982 0.6853
Random Forest 0.5217 0.5216 0.9998 0.6855
Logistic Regression 0.5333 0.5297 0.9369 0.6768
Linear SVC 0.5328 0.5296 0.9326 0.6755
XGBoost 0.5254  0.5238 0.9911 0.6853
MLP 0.5301 0.5281 0.9289 0.6734
Encoder-based detectors
RoBERTa 0.8336  0.7955 0.9181 0.8524
MacBERT 0.7981 0.7889 0.8316 0.8097
Finetuned and zero-shot baselines

finetuned Qwenl.5-0.5B 0.7355 0.9540 0.5177 0.6711
finetuned Qwenl.5-1.8B 0.7233 0.9435 0.4750 0.6319
finetuned Qwenl.5-7B 0.8164 0.8842 0.7615 0.8183
finetuned MiniCPM3-4B 0.8502 0.8504 0.8650 0.8576
MPU 0.7188 0.6781 0.8807 0.7662
Fast-DetectGPT 0.5392 0.5325 0.9764 0.6892
DetectLLM 0.5401 0.5327 0.9869 0.6919
Binoculars 0.5219 0.5226 0.9974 0.6858
Ghostbuster 0.5934 0.5733 0.8720 0.6918

Fusion-based methods
RoBERTa+MiniCPM3-4B)  0.8377 0.8041 0.9120 0.8547
MacBERT+MiniCPM3-4B) 0.8450 0.8191 0.9033 0.8592
MacBERT+Qwenl1.5-7B) 0.8450 0.8227 0.8972 0.8583
RoBERTa+Qwenl.5-7B) 0.8821 0.8658 0.9193 0.8918

LLM-Rec
LLM-Rec
LLM-Rec

- (
- (
¢
LLM-Rec. (

Table 6. Runtime comparison.

Category Method Time Method Time
RoBERTa 32m23s MacBERT 34mb6s
Fine-tuning Qwenl.5-0.5B 1h03m Qwenl.5-1.8B 2h34m
MiniCPM3-4B 2h27m  Qwenl.5-7B 3h58m
LLM-Rec RoBERTa+Qwen7B 44m52s  MacBERT-+Qwen7B 50m14s
: RoBERTa-+MiniCPM3 46m10s MacBERT+MiniCPM3 46m16s
NB /DT / SVC / LR / RF 0.01-0.46s XGBoost 2.54s
Trad. ML yypp 342.16s  — -
Inference MPU 15s Fast-DetectGPT 1m32s
DetectLLM 1m28s — —

tuning is much more expensive. LLM-Recognizer adds perplexity computation
but avoids full LLM fine-tuning and achieves a practical performance—efficiency
trade-off.

4.4 Ablation Study

We conduct ablation experiments on the sentence-level benchmark to examine
the effects of signal source, fusion strategy, and PPL preprocessing. The results
show that the proposed lightweight fusion framework consistently outperforms
single-signal baselines and more complex fusion alternatives.

From single-signal to fused detection. Table 7 compares PPL-only variants,
encoder-only baselines, and the final fusion model. PPL-only variants remain
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Table 7. Single-signal detection and fused detection on the sentence-level benchmark.

Variant Acc. Prec. Rec. F1
PPL-only variants
PPL-threshold (Qwenl.5-7B) 0.5314  0.5276 0.9854  0.6873
PPL-logistic (Qwenl1.5-7B) 0.5428 0.5342 0.9612  0.6865
Rich5-logistic (Qwenl1.5-7B) 0.5242  0.5237 0.9991 0.6872
PPL-threshold (MiniCPM3-4B) 0.5218 0.5218 1.0000 0.6858
PPL-logistic (MiniCPM3-4B) 0.5356  0.5298 0.9745 0.6867
Rich5-logistic (MiniCPM3-4B) 0.5237 0.5236 0.9965 0.6865
Encoder-only baselines

Encoder-only RoBERTa 0.8336 0.7955 0.9181 0.8524
Encoder-only MacBERT 0.7981 0.7889 0.8316 0.8097

Full fusion model
LLM-Recognizer (RoBERTa+Qwenl1.5-7B) 0.8821 0.8658 0.9193 0.8918

Table 8. Effect of fusion strategy(z-score(log(PPL))).

Fusion strategy Acc. Prec. Rec. F1

Direct fusion 0.8821 0.8658 0.9193 0.8918
Projected fusion 0.8368  0.8100 0.8990 0.8522
Gated fusion 0.8236  0.7743 0.9355 0.8473

around 0.52-0.54 Accuracy and about 0.69 F1, while encoder-only RoBERTa
reaches 0.8336 Accuracy and 0.8524 F1. By combining the generative cue with
semantic representations, LLM-Recognizer further improves to 0.8821 Accuracy
and 0.8918 F1, yielding gains of 4.85 and 3.94 percentage points over RoOBERTa
in Accuracy and F1, respectively.

Effect of fusion strategy. We then fix the PPL input to z-score(log(PPL))
and compare three fusion strategies in Table 8. Direct fusion performs best,
while projected and gated fusion both lead to clear drops in Accuracy and F1.
Although gated fusion obtains the highest Recall, its lower Precision indicates a
stronger bias toward the Al class, suggesting that a more complex fusion module
is unnecessary in our setting.

Effect of PPL preprocessing. Finally, we fix the fusion architecture to
direct fusion and compare four PPL preprocessing strategies in Table 9. z-
score(log(PPL)) achieves the best result, reaching 0.8821 Accuracy and 0.8918
F1, while the other variants remain clearly lower. This suggests that log com-
pression followed by z-score normalization provides the most effective generative
cue for sentence-level fusion.

4.5 Error Analysis and Discussion

We manually inspect representative errors of RoOBERTa and LLM-Recognizer.
Both models remain vulnerable to very short or context-dependent sentences,
where semantic and generative cues are sparse. RoOBERTa tends to misclassify
highly regular or knowledge-dense human-written sentences as Al-generated,
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Table 9. Effect of PPL preprocessing on the sentence-level benchmark. All variants
use direct fusion.

PPL preprocessing Acc. Prec. Rec. F1

Raw PPL 0.8364 0.8119 0.8946  0.8512
log(PPL) 0.8254  0.7900 0.9077  0.8448
z-score(PPL) 0.8314 0.7929 0.9172 0.8506
z-score(log(PPL)) 0.8821 0.8658 0.9193 0.8918

while the fusion model may still misclassify colloquial or personalized Al-polished
sentences as Human. These cases suggest that extremely short or stylistically
ambiguous sentences remain difficult.

A possible concern is generator-family overlap, since some polishing sources
and one fusion variant involve Qwen-family models. However, Qwen-based Binoc-
ulars remains clearly weaker than LLM-Recognizer, suggesting that family over-
lap alone is unlikely to explain the gain. Family-held-out evaluation is left for
future work.

5 Conclusion

This paper studied Chinese AT text detection under document-level in-domain,
document-level out-of-domain, and sentence-level settings. Results show that
document-level detection is close to saturation, while sentence-level detection re-
mains more challenging. We proposed LLM-Recognizer, a lightweight generative—
discriminative fusion framework that combines encoder-based semantic repre-
sentations with perplexity-based cues. Experiments show that it achieves the
strongest sentence-level performance under our unified benchmark. Future work
will extend the benchmark with more natural mixed-writing data, broader un-
seen domains and generators, and family-held-out evaluation.
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