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Supplementary Material

1. A: Uncertainty Quantification and Confi-
dence Adjustment

1.1. A1: ViT-GNN Feature Extractor Implementa-
tion

Global Feature Encoding via ViT. We adopt ViT-B/16
as the visual backbone to extract global features from de-
graded images. Given an input image X ∈ R448×448×3, it
is partitioned intoN = 784 non-overlapping patches of size
16× 16, each embedded as:

x(i)
p = Flatten(Xpi

) ·E, E ∈ R768×768, (1)

where Xpi
is the i-th image patch and E is a learnable em-

bedding matrix. A classification token xcls and positional
encoding Epos ∈ R(N+1)×768 are appended:

z0 = [xcls;x
(1)
p ; . . . ;x(N)

p ] +Epos. (2)

The sequence is processed by L = 12 Transformer lay-
ers:

zℓ = MLP(LN(MSA(LN(zℓ−1))) + zℓ−1), (3)

yielding final output ZL = [zcls; z1; . . . ; zN ] ∈
R(N+1)×768, where zcls captures global semantics and zi
denotes the i-th patch token.

Semantic-Visual Fusion via Bilinear Attention. Patch
tokens Fpatch = [z1; . . . ; zN ] ∈ RN×768 are fused
with class semantics via bilinear attention. Class se-
mantics are represented by pretrained GloVe embeddings
Wsemantic ∈ RC×300, where C = 251 is the number of
categories. Both modalities are projected into a shared
space:Fvis = FpatchWvis, Fsem = WsemanticWsem, with
Wvis ∈ R768×512 and Wsem ∈ R300×512.

Bilinear interaction is modeled as:

Hinter = tanh(Fvis ⊙ Fsem), (4)

where ⊙ denotes element-wise multiplication after broad-
casting. Here, broadcasting is performed along the seman-
tic class dimension to align the visual features Fvis ∈ RN×d

with the semantic features Fsem ∈ RC×d, yielding a bilin-
ear interaction tensor Hinter ∈ RN×C×d for all N patches
and C semantic classes. Specifically, Fvis ∈ RN×d and
Fsem ∈ RC×d are broadcast to RN×C×d to enable inter-
action between each visual patch and each semantic class
embedding along the shared feature dimension. Attention
weights are computed by:

αi,j = softmax(W⊤
a Whhi,j + ba), (5)

with Wh ∈ R512×512 and Wa ∈ R512×1. The final fused
feature for class j is:

Gj =

N∑
i=1

αi,j · zi, G ∈ RC×768. (6)

SGCA and Hierarchical Encoding via GatedGNN.
To capture inter-modal dependency, we adopt Semantic-
Guided Cross-Attention (SGCA), with visual query Qvis =
GWQ, semantic keys Ksem = WsemanticW

K , and values
Vsem = WsemanticW

V , where all projection matrices are of
appropriate dimensions. Cross-attention is computed as:

SGCA = softmax
(
QvisK

⊤
sem√

768

)
·Vsem. (7)

All projection matrices map to dimension R768×da with
da = 768, ensuring the attention mechanism operates over
a consistent hidden size.

Hierarchical structure is further encoded via a 3-layer
GatedGNN. The class hierarchy is encoded in adjacency
matrix A ∈ RC×C :

Ai,j =

{
1, if i and j are parent-child classes,
0, otherwise.

(8)

Each layer updates node states H(ℓ) as:

H(ℓ+1) = ReLU(U(ℓ)H(ℓ) + GRU(ℓ)(A,H(ℓ)) + b(ℓ)
u ),

(9)
where the gated message passing unit is:

GRU(ℓ) = A⊤
(
σ(AV

(ℓ)
j H(ℓ) +AV

(ℓ)
i H(ℓ)

+ b(ℓ)
v )⊙ (AU

(ℓ)
j H(ℓ))

)
(10)

1.2. A2: Hierarchical Consistency Constraints and
Confidence Modeling

Hierarchical Consistency Constraints. We represent the hi-
erarchy as H = {L1, . . . , LK}, where Lk denotes label sets
at level k. Three structural principles are considered: (i)
hierarchical inclusion: ck+1 ⊆ ck; (ii) probability consis-
tency:

P (k)(ck | x) =
∑

ck+1∈Ch(ck)

P (k+1)(ck+1 | x), (11)



where P (k)(ck | x) is the predicted probability at level
k and Ch(ck) denotes its children; (iii) parent-conditioned
factorization approximation: P (Y (k+1) | Y (1:k),x) ≈
P (Y (k+1) | Y (k),x). To enforce the structural constraints
in (i) and (ii), we apply a KL-based constraint loss:

Lconstraint =

K−1∑
k=1

λk · KL(P (k)∥Marg(P (k+1))), (12)

where λk is either set manually or learned dynamically to
reflect the relative importance of consistency at level k, and
Marg(·) denotes hierarchical marginalization using child-
to-parent mapping [2]. Specifically, for a given class ck ∈
Lk, the marginalized probability is defined as:

Marg(P (k+1))(ck) =
∑

ck+1∈Ch(ck)

P (k+1)(ck+1). (13)

Confidence Calibration. We adopt Brier and log scores
for hierarchical calibration:

BShier =

K∑
k=1

wk

Ck∑
i=1

(
p
(k)
i − y

(k)
i

)2
, (14)

LShier = −
K∑

k=1

wk log p
(k)

y(k) − µ

K−1∑
k=1

log
∑

j∈Ch(y(k))

p
(k+1)
j .

(15)

where Ck is the number of classes at level k, p(k)i and y(k)i

are predicted and ground-truth indicators, respectively, and
µ is a fine-level semantic consistency factor that balances
the contribution of child-level predictions to the overall hi-
erarchical likelihood.

We further define hierarchical calibration error as:

HCC =
1

K

K∑
k=1

|Acc(k) − Conf(k)|. (16)

1.3. A3: Dynamic Confidence Adjustment and Cal-
ibration

Confidence Estimation and Uncertainty. Each level k em-
ploys a confidence subnetwork N conf

k (h) mapping input
h ∈ Rd to [0, 1]:

N conf
k (h) = σ(W

(2)
k ·ReLU(W

(1)
k h+b

(1)
k )+b

(2)
k ), (17)

with learnable weights W
(1)
k ∈ R128×d, W(2)

k ∈ R1×128.
Dropout is inserted between the two linear layers in N conf

k

to facilitate uncertainty quantification via Monte Carlo sam-
pling.

Uncertainty is estimated via Monte Carlo dropout:

U (k)
var (h) =

1

T

T∑
t=1

[
N conf

k (h; θt)− N̄ conf
k (h)

]2
, (18)

where θt is a sampled network and N̄ the mean prediction
[3].

Bayesian Calibration. We compute calibrated confi-
dence as:

C(k)
Bayes =

ckp
(k)
cor

ckp
(k)
cor + (1− ck)p

(k)
incor

, (19)

where ck is raw confidence, p(k)cor and p
(k)
incor are estimated

correct/incorrect likelihoods. Here, p(k)cor and p(k)incor are es-
timated from held-out validation predictions using confi-
dence binning and empirical frequency estimation.

Consistency and Structure Loss. To enforce inter-level
consistency, we define a loss that penalizes discrepancies
between the probability of a coarse-level class and the sum
of its corresponding fine-level predictions. Specifically, for
each level k, the term Lprob-cons minimizes the squared dif-
ference between P (k)(ck|x) and the aggregated probability∑

ck+1∈Ch(ck) P
(k+1)(ck+1|x), weighted by a coefficient

αk.
Confidence-probability alignment:

Lconf-cons =
∑
k

γk

∣∣∣∣C(k)
Bayes −max

c∈Ck

P (k)(c|x)
∣∣∣∣ . (20)

Logical violations penalized as:

Lstr-c =
∑
i

K−1∑
k=1

δk · I
[
ĉ
(k)
i ̸∈ Anc

(
ĉ
(k+1)
i

)]
, (21)

Here, Anc(·) denotes the ancestor set in the class hierarchy,
enforcing that predicted fine-grained classes remain descen-
dants of their coarse-level predictions [5].

Fusion and Calibration. We introduce a confidence-
guided fusion mechanism:

Wadaptive(h, s) = Softmax(MLP(MH-Attn(WQ[h; s],K,V))),
(22)

Here, K and V are derived from semantic-guided represen-
tations, and MH-Attn denotes multi-head attention between
joint features [h; s] and semantic keys.

To further calibrate the model’s confidence, we apply
temperature scaling as a post-hoc adjustment:

P̃ (k)(c|x) = exp(z
(k)
c /Tk)∑

j exp(z
(k)
j /Tk)

, (23)

T ∗
k = argmin

Tk

(
−
∑
i

log P̃ (k)(y
(k)
i |xi)

)
. (24)

where the temperature parameter Tk is optimized on a held-
out validation set via temperature scaling to improve confi-
dence calibration.



2. B: Confidence-Aware Path Adjustment
(CAPA)

Bidirectional Logical Reasoning. Top-down reasoning is
formulated as conditional inference:

PTD(ck+1|ck,x) =
exp(ψTD)∑
c′ exp(ψ

′
TD)

, (25)

ψTD = e⊤ckWTDeck+1
+ h⊤Wfeat(eck ⊗ eck+1

).
(26)

where eck , eck+1
are class embeddings, h is the feature vec-

tor.
Bottom-up reasoning uses learned relational encoding

rck+1→ck :

PBU(ck|ck+1,x) =
exp(MLPBU([h; eck+1

; rck+1→ck ]))∑
c′ exp(·)

.

(27)
Here, rck+1→ck denotes a learnable relation embedding that
encodes semantic and structural transitions from fine to
coarse levels, and is jointly optimized with classification
loss.

Variational Alignment. We unify top-down and bottom-
up inference using variational approximation, following the
variational autoencoder formulation [4]. Specifically, we
optimize the following evidence lower bound (ELBO):

Lvar = Eq(z|x)[log p(y|z)]− KL(q(z|x) ∥ p(z)) (28)

where q(z|x) = N (µ, σ2). The latent variable z serves
as a task-adaptive reasoning state that captures hierarchical
semantic representations with uncertainty.

Granular Feature Harmonization. To ensure inter-level
consistency, we minimize the Wasserstein-2 distance be-
tween adjacent-level feature distributions:

Lalign =

K−1∑
k=1

W2

(
F (k), W(k)F (k+1) + b(k)

)
, (29)

where F (k) and F (k+1) denote the feature representations
at level k and k+1, and W2 represents the Wasserstein-2
distance [6].

Adaptive Fallback Policy. A fallback policy π(at|st) is
trained with actor-critic learning:

π(at|st) = softmax(Wπ tanh(W
(2)
s ReLU(W(1)

s st))),

(30)

At =
∑
l

(γλ)lδt+l. (31)

Here, δt+l is the temporal difference (TD) error at step t+ l,
which can be computed using standard TD(λ) or general-
ized advantage estimation (GAE) for training stability [7].
The state st is a concatenation of task-level features, pre-
dicted confidence scores, semantic embeddings, and histor-
ical fallback signals, providing comprehensive context for
fallback decisions.

Multi-Objective Decision. The optimal granularity k∗ is
selected via Pareto front:

min
k

f(k) = [−Acc(k), Unc(k), 1/k, Cost(k)]⊤, (32)

P = {k∗ | ∄ k : f(k) ≺ f(k∗)} . (33)

Here, Acc(k) denotes the classification accuracy at level k,
Unc(k) refers to average predictive uncertainty quantified
by entropy or variance, and Cost(k) encodes the task com-
plexity or computational latency associated with classifying
at level k.

3. C: Multi-Level Joint Optimization (MLJO)
Multi-Level Consistency. To enforce hierarchical con-
straints, we use:

P (Y (k) = ck|x) =
∑

ck+1∈Ch(ck)

P (Y (k+1) = ck+1|x)·

P (ck|ck+1,x), (34)

This conditional formulation ensures that coarse-level pre-
dictions are inferred consistently from fine-level predictions
via hierarchical decomposition.

We then define the overall consistency loss as:

Lhierarchy =

K−1∑
k=1

ωk · L(k,k+1)
consist + λglobal · Lglobal. (35)

Here, Lglobal captures hierarchical agreement across all lev-
els, while L(k,k+1)

consist enforces local consistency between ad-
jacent levels.

Granularity Harmonization. Bidirectional distributions
are regularized via:

Lharm. = KL(pTD∥pBU)+KL(pBU∥pTD)+γ∥pTD−pBU∥22.
(36)

The bidirectional distributions pTD and pBU are derived
from top-down and bottom-up logits, and regularized to
maintain alignment between reasoning directions.

Difficulty-Aware Scheduling. Information gain is used to
guide curriculum:

αk =
H(Y (k))−H(Y (k)|Y (k−1))∑
j [H(Y (j))−H(Y (j)|Y (j−1))]

. (37)



H(Y (k)|Y (k−1)) is estimated from the empirical joint dis-
tribution over hierarchical labels to quantify the conditional
uncertainty at level k.

Adaptive Weight Optimization. Weights ωk are updated
through:

ω̃k = ωk · ḡ

∥∇θLk∥2 + ϵ
, Lfinal =

∑
k

ω̃k · Lk. (38)

Here, ḡ denotes the average gradient norm across levels, and
ϵ is a small constant to ensure numerical stability.

Multi-Objective Strategy. We adopt Chebyshev scalar-
ization:

Ltotal = max
j

{λj · |Lj − z∗j |}+ ρ
∑
j

λj · |Lj − z∗j |. (39)

Each z∗j denotes the reference value (e.g., historical best
or target) for loss Lj , guiding the model toward balanced
multi-objective optimization.

Convergence Guarantee. Following Lyapunov theory:

V (θ, t) =
1

2

∑
j

ωjL2
j +

γ

2
∥θ − θ∗∥22. (40)

4. D: Experimental Data and Experimental
Setup

The dataset used in this study is derived from HRSC, with
further pre-processing and new data generation to meet
the experimental requirements. The dataset comprises re-
mote sensing ship images of varying scales and resolutions
(300 × 300 to 1500 × 900), hierarchically annotated into
coarse-grained categories and fine-grained categories. To
reduce manual labeling costs, we employed an automatic
hierarchical classification (HC) model based on Chang et
al. [1]. The model was pre-trained on the original HRSC
annotations and used to automatically label newly gener-
ated samples. The predicted hierarchical labels were then
reviewed and refined to ensure consistency and integrity
across levels.

To further enhance the generalization and robustness of
our model, we introduced artificial degradation via a dataset
augmentation function G(t, σ, η, λ, δ). The augmentations
include noise injection, image blurring, downsampling, and
cutout-based occlusion, where σ, η, λ, and δ control the
strength of each transformation. Table 1 summarizes the pa-
rameter settings used for degradation simulation. The con-
structed samples were further filtered using the HC model to
remove logically inconsistent annotations. For instance, if a
sample is labeled as “Nimitz-class aircraft carrier” in fine-
grained prediction but “commercial ship” in coarse-grained
prediction, it is discarded. Only samples that satisfy hier-
archical constraints—e.g., encoded as s = [1, 1] or [1, 0],

Figure 1. Examples of original and distorted images from HRSC-
Deg. Distortions include noise, occlusion, and resolution degra-
dation, simulating real-world scenarios and highlighting the chal-
lenges of fine-grained and HC under adverse conditions.

Figure 2. Examples of original and distorted images from CUB-
Deg. Distortions include noise, occlusion, and resolution degra-
dation, simulating real-world scenarios and highlighting the chal-
lenges of fine-grained and HC under adverse conditions.

where 1 denotes correct classification—are retained. To in-
crease complexity, we use two levels—3 coarse-grained and
21 fine-grained categories. Figure 1 presents representative
examples of both clean and degraded images, with corre-
sponding distortion parameters summarized in Table 2.

In parallel, we construct the CUB-Deg dataset based
on CUB-200-2011, which contains 11,788 bird images
across 200 species. We restructured the taxonomy into
a three-level hierarchy (order, family, species) and gener-



Table 1. Parameterized Degradation Simulation Methods for Constructing Robustness-Aware Datasets

Method Description Parameters / Range
White noise Adds Gaussian white noise to the R, G, B channels

of the image with the same standard deviation σ.
Standard deviation σ: 0.1 to 0.2

Motion blur Applies motion blur to the R, G, B channels of the
image using a directional kernel. The direction is
randomly selected from 0◦ to 180◦

Kernel size η: 5 to 14; Direction: 0◦ to 180◦

Downsampling Simulates low-resolution images by downsampling
the image. The downsampling rate λ is defined as
the ratio of the output image area to the original im-
age area.

Downsampling rate λ: 0.4 to 0.7

Cutout Simulates occlusion by randomly selecting one of
five positions (center, left, right, top, bottom) within
important regions of the ship image and applying
zero-masking.

Occlusion position: randomly selected

Table 2. Examples of Distortion Parameters for Different Image Data. The letters “a”–“i”, “j”–“k” and “m”–“p” represent randomly
selected samples from the newly generated dataset.

HRSC-Deg CUB-Deg
Distorted img. No. σ δ η λ Distorted img. No. σ δ η λ

a - 0.0294 - - j 0.1955 0.0400 10 0.5710
b 0.1612 - 7 - k - 0.0385 13 0.4153
c 0.1958 0.0333 - 0.7583 m 0.1829 - - 0.4142
d - - 10 0.7457 n 0.1815 0.0323 11 0.6511
e 0.1347 0.0400 - - p 0.1312 0.0400 13 -
f - 0.0400 - 0.6255 - - - - -
g - - 9 - - - - - -
h - - - 0.7470 - - - - -
i 0.1155 - 12 0.7417 - - - - -

ated hierarchical labels accordingly. To simulate real-world
degradation, we applied the same augmentation strategy
G(t, σ, η, λ, δ) used for HRSC-Deg. The degradation pa-
rameters were randomly sampled to introduce variability in
resolution, occlusion, and noise across the dataset. Simi-
lar to HRSC-Deg, samples that violate hierarchical consis-
tency were filtered out. The final CUB-Deg dataset con-
sists of 5994 training and 5794 testing samples, comprising
1960/1054/2980 instances (order/family/species) for train-
ing, and 1895/1052/2847 for testing, with the same multi-
level annotation structure. Figure 2 shows examples of orig-
inal and distorted images.

These two datasets from distinct domains—remote sens-
ing and natural fine-grained recognition—enable compre-
hensive evaluation of our model’s robustness and adaptabil-
ity under complex, uncertain, and hierarchically structured
conditions.
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