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1. Appendix / Supplemental Material

This supplementary material provides additional details
about EXOIIC to facilitate a deeper understanding of the
proposed framework. Section 2 introduces the details of the
dataset used in this paper. Section 3 presents the experimen-
tal results on the complete dataset. Section 4 describes the
training process of EXOTIC. Section 5 introduces the visu-
alization analysis on the HW and Fashion datasets. Section
6 presents the ablation studies and analysis on all datasets
with 0.5 missing rate. Section 7 provides further parame-
ter analysis. Section 8 provides more recent sota baselines.
Section 9 analyze the impact of varying the size of the ex-
ternal knowledge base. Section 10 validates the imputation
mechanism.

2. Dataset Details

The multi-view datasets used in this paper, The detailed
statistics in this paper are provided in Tab.1. Detailed de-
scriptions of each dataset are as follows

• Caltech101[3] consists of 8,677 images across 101 ob-
ject categories, with our experiments utilizing the first
20 categories. Six distinct visual representations are
extracted using Gabor filters, Wavelet Moments, CEN-
TRIST, HOG, GIST, and LBP descriptors.

• Scene15[14] comprises 4,485 images spanning 15 scene
categories, processed with three feature types: pixel in-
tensity, PHOG, and LBP.

• LandUse21[15] provides 2,100 satellite images across 21
land-use classes, each represented by triple-view features
(intensity, PHOG, and LBP).

• HW[2] contains 2,000 handwritten digit samples (0-9)
with uniform class distribution (200 instances per digit),
each characterized by six distinct feature representations.

• Fashion[13] dataset comprises images of various prod-
ucts. We interpret the three different styles of each prod-
uct as three separate views representing the same entity.

*Corresponding authors.

• NUSWIDE[16] is a real-world web image subset, which
contains 30000 images and 31 classes. Each smaple com-
prises 5 views (Color Moments, Color Hisorgram, Color
Correlation, Edge Distribution and Wavelet Texture).

• CUB[11] contains 200 different bird categories with
11788 images and text descriptions. Features of 10 cate-
gories are extracted by GoogLeNet and Doc2Vec in Gen-
sim5. In this paper,we select the first 14 categories and
600 samples.

3. Results Analysis on Complete Data
We evaluate the proposed EXOTIC with ten advanced
multi-view classification methods. The experimental results
on complete datasets are shown in Tab.1. We use classifica-
tion accuracy as the evaluation metric. According to Tab.1,
we can draw the following conclusions
• In the complete case, we can observe that EXOTIC

achieves the best performance on four out of seven
datasets, including Scene15, LandUse21, HW, and
NUSWIDE.

• Our method maintains strong performance under com-
plete case, demonstrating its effective modeling capabil-
ity for complete multi-view data.

Table 1. The detailed statistics of all multi-view datasets.

Dataset Size Categories View Dimensionality
Caltech101 2,100 24 6 48;40;254;1,984;512;928

Scene15 4,485 19 3 20;59;40
LandUse21 2,100 25 3 20;59;40

HW 2,000 14 6 216;76;64;6;240;47
Fashion 10,000 14 3 784;784;784

NUSWIDE 30,000 35 5 65;226;145;74;129
CUB 600 14 2 1,024;300

4. Training Procedure
To clearly illustrate the step-by-step training process of our
proposed EXOTIC framework, we provide the correspond-
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Table 2. Classification accuracy (%) of our EXOTIC and ten compared methods on complete datasets.

Method Caltech101 Scene15 LandUse21 HW Fashion NUSWIDE CUB
CPM-NET [17] 86.03±0.52 37.53±1.15 25.48±0.62 38.70±2.48 79.34±0.11 31.93±0.38 85.00±0.00

DCP [4] 87.78±1.13 76.32±1.19 71.38±2.29 97.50±0.45 97.46±0.55 32.40±1.32 89.00±1.78
UIMC [14] 94.88±1.25 76.74±0.35 54.67±2.92 98.62±0.38 98.11±0.20 40.72±0.10 92.50±1.77
DIMC [12] 88.64±1.54 74.38±0.92 65.81±1.65 98.45±0.19 98.32±0.32 46.75±0.44 80.42±6.25

DICNET [5] 88.72±1.54 74.18±1.24 66.10±1.93 98.40±0.20 98.59±0.33 46.91±0.43 86.67±2.53
LMVCAT [6] 93.06±0.10 79.55±1.08 71.24±1.07 98.75±0.25 87.35±0.40 44.11±0.32 89.17±1.67

MTD [8] 44.00±0.72 62.53±1.53 62.06±2.80 95.88±0.88 62.65±2.45 20.54±0.18 80.00±2.50
AIMNET [7] 94.10±0.31 73.21±0.93 53.90±2.26 97.75±0.25 92.38±0.47 42.94±0.68 91.67±0.00

SIP [9] 64.60±0.21 13.41±0.44 37.86±1.90 89.25±3.50 47.20±1.10 6.31±1.59 85.42±0.42
RANK [10] 56.94±3.31 42.29±1.83 55.36±0.36 90.75±0.25 54.45±0.15 16.85±2.91 88.33±0.83

EXOTIC 94.29±0.76 79.53±1.57 78.67±2.43 98.95±0.48 97.57±0.07 50.96±0.45 89.67±2.01

Algorithm 1 Training algorithm of the proposed EXOTIC

Require: Multi-view data
{
Xv ∈ Rdv

}V

v=1
with labels

{yi ∈ {0, 1}C}Ni=1; External knowledges M ; Hype-
parameters α, β, γ; Train epochs T; External knowl-
edge match number k;

Ensure: Parameters of the trained model and calibrated la-
bel.

1: for each i ∈ [1, T ] do
2: Extract the first channel embedding feature{

C(v)
}m

v=1
, the second channel embedding feature{

P(v)
}m

v=1
and external knowledge representation U .

3: Compute the fusion representation Z of the first
channel according to Eq.1.

4: Match k external knowledge representations for
each sample according to Eq.2.

5: Compute the weighted external knowledge accord-
ing to Eq.3.

6: Compute the classification result of weighted exter-
nal knowledge.

7: Impute the missing view by Eq.7 and get imputed
fusion representation.

8: Compute the classification result of the imputed fu-
sion representation.

9: Compute knowledge-specific contrastive loss Lvc,
category-wise contrastive loss Lkc, and cross-entropy
loss Lc according to Eq.4, Eq.5, and Eq.7, respectively.

10: Compute total loss Lall by Eq.8
11: Update network parameters.
12: end for

ing pseudocode in Algorithm 1. This algorithm details the
key operations and data flow.

5. Visualization Analysis

To further validate the effectiveness of EXOTIC in learn-
ing discriminative representations under extreme data in-
completeness, we perform t-SNE visualization on the HW
dataset with a missing rate of 0.9, comparing it with sev-
eral state-of-the-art methods, including LMVCAT, MTD,

and RANK, as shown in Fig. 1. The visualized distribu-
tions in Fig. 1 (a)–(c) reveal severe class overlaps and scat-
tered samples, suggesting that these baselines fail to capture
robust feature structures when most views are absent. In
contrast, our EXOTIC method (Fig. 1 (d)) produces com-
pact, well-separated clusters, where samples from the same
class are tightly grouped and distinct from other classes.
This clear class separability demonstrates that external vi-
sion knowledge effectively guides the model toward seman-
tically consistent and class-aligned feature representations,
thereby enhancing the robustness of model and discrimina-
tive ability even under high missing rates.

For a more comprehensive study, we employ t-SNE to
visually illustrate the learned representations on the Fashion
dataset under missing rates of 0.5 and 0.9, respectively. As
shown in Fig.2, it can be observed that EXOTIC learns more
compact and discriminative representations under both 0.5
and 0.9 missing rates. This further demonstrates the superi-
ority of our method.

(a) LMVCAT (92.20%) (b) MTD (76.88%)

(c) RANK (76.12%) (d) EXOTIC (94.05%)

Figure 1. t-SNE visualization on the HW dataset with 0.9 missing
rate, where classification accuracy is reported in brackets.



(a) DIMC (0.5) (b) DICNET (0.5) (c) LMVCAT (0.5)

(d) MTD (0.5) (c) RANK (0.5) (c) EXOTIC (0.5)

(a) DIMC (0.9) (b) DICNET (0.9) (c) LMVCAT (0.9)

(d) MTD (0.9) (c) RANK (0.9) (c) EXOTIC (0.9)

Figure 2. t-SNE visualization under 0.5 and 0.9 missing rate on the Fashion dataset.

6. Ablation Studies

To further evaluate the contribution of each component, ab-
lation experiments are conducted under four variants with
0.5 missing rate. From the Tab. 3, we can conclude that:
(1) When we removed Lkc, the performance significantly
dropped, indicating its importance in balancing internal and
external information and preventing semantic conflicts. (2)
When the loss term Lvc is removed, noticeable performance
drops occur across almost all datasets, especially on the

NUSWIDE dataset, showing its role in enhancing the task
relevance of external knowledge. (3) When both losses are
removed, accuracy declines further on most datasets, con-
firming their complementary effect to enhance classification
accuracy. 4) When external knowledge completion is re-
moved, performance on all datasets shows a significant de-
cline, which demonstrates the powerful role of knowledge
completion in handling missing issues.
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Figure 3. Parameter analysis for α, β, and q on five datasets with different missing rates.

7. Parameter Analysis
To further evaluate the impact of each hyperparameter α,
β, and q, we conduct a sensitivity analysis on other four



Table 3. Ablation study on different datasets with 0.5 missing rate.

Dataset EXOTIC-1 EXOTIC-2 EXOTIC-3 EXOTIC-4 EXOTIC
Caltech101 85.92 87.87 86.63 87.49 89.81

Scene15 72.08 72.51 71.75 71.64 72.84
LandUse21 68.76 69.95 67.76 66.62 69.52

HW 95.35 96.95 96.40 96.35 96.60
Fashion 96.29 96.64 96.73 94.62 96.81

NUSWIDE 52.40 50.69 51.03 45.67 52.32
CUB 84.33 85.17 84.83 82.50 86.33

datasets under different missing rates, e.g., 0, 0.5, and 0.9.
From the Fig. 3, we can observe that: (1) The model ex-
hibits different sensitivities to different parameters. Specif-
ically, it is slightly more sensitive to alpha and beta than
to q. (2) Our method maintains stable performance over
a relatively wide range of parameter settings. (3) Overall,
compared with the low missing rate, parameter variations
have a greater impact on performance under the high miss-
ing rate. To verify the role of q in controlling the sharp-
ness of the penalty, we conduct a direct comparison with
the InfoNCE loss on different datasets with 90% missing
data. As shown in Tab. 4, our method performance con-
sistently outperforms InfoNCE, demonstrating that q effec-
tively controls the sharpness of the penalty and leads to im-
proved performance over standard cross-entropy loss such
as InfoNCE.

Table 4. Our Loss vs. Standard InfoNCE (%) on six datasets with
0.9 missing rate..

Loss HW Caltech101 Fashion CUB Scene15 LandUse21
InfoNCE 94.15 87.49 92.15 80.00 63.41 54.29

Ours 94.20 88.16 92.55 81.00 62.53 55.24

8. More Recent Sota Baselines

We include additional comparison method, and the corre-
sponding experimental results are reported in Tab. 5. Due to
the page limitation, these experiments are conducted on the
HW and Caltech101 datasets under different missing rates.
The results show that our method consistently outperforms
recent baselines, providing strong evidence of its effective-
ness.

Table 5. Classification accuracy (%) on the HW and Scene15
datasets with 0.5 missing rate

Data Method 0.1 0.2 0.3 0.4 0.5
RIML[1] 96.50 95.00 94.30 93.80 92.90

HW
Ours 99.00 98.90 98.30 98.10 96.40

RIML[1] 68.19 65.65 64.25 62.41 59.54
Scene15

Ours 80.84 80.27 76.25 72.48 72.84

9. Impact of Knowledge Size
We conduct additional experiments on the HW and Scene15
datasets under a 90% missing rate, where the size of the ex-
ternal knowledge base is gradually increased. As shown in
Tab. 6, increasing the size of the external knowledge base
consistently improves performance at first, but the gains
gradually saturate once a moderate scale is reached. This
suggests that EXOTIC does not rely on massive external
datasets to be effective. In practice, a reasonably sized
knowledge base is sufficient to capture useful semantic in-
formation, which can provide a clear trade-off for real-
world deployment.

Table 6. The impact of knowledge size (%) on the HW and
Scene15 datasets with 0.9 missing rate.

Size 100 1000 5000 10,000 50,000
HW 84.0 94.65 94.45 94.55 94.20

Caltech101 75.40 86.87 87.78 88.20 88.16

10. Validation of the Imputation Mechanism
To validate our imputation mechanism, we compare it with
a standard KNN imputation mechanism on the HW dataset
under 90% missing rate. As shown in Tab. 7, our method
consistently outperforms KNN, demonstrating the clear ad-
vantage of our mechanism over simple heuristics.

Table 7. Prototype-based vs. KNN Imputation (%) on six datasets
with 0.9 missing rate.

Mechanism HW Caltech101 Fashion CUB Scene15 LandUse21
KNN 93.05 85.71 90.21 80.52 62.24 52.76
Ours 94.20 88.16 92.55 81.00 62.53 55.24
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