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This supplementary material provides additional details
on the proposed SyP and experimental results that could not
be included in the main manuscript due to page limitations.
Specifically, this appendix is organized as follows:

* Sec. A presents details of the training datasets.

* Sec. B presents additional details of training strategies.

* Sec. C complements more experiment results and analysis.

 Sec. D shows more visualization results to prove the effec-
tiveness of SyP.

A. Details of Training Datasets

To evaluate the effectiveness of the proposed SyP, we con-
duct experiments on three widely-used multimodal datasets:
MM-IMDb, Hateful Memes, and UPMC Food-101. These
datasets represent diverse tasks, including movie genre clas-
sification, hateful meme detection, and food classification,
and are designed to challenge models in handling multi-
modal data under varying conditions. Below, we provide an
overview of each dataset, highlighting their key characteris-
tics, modalities, and task-specific challenges. A summary is
presented in Tab. 1, and visualization of the samples in the
three datasets is shown in Fig. 1.

MM-IMDDb is the largest publicly available dataset for
movie genre classification, featuring 25,959 movies anno-
tated with both poster images and textual metadata. It is a
multi-label classification task, as movies can belong to mul-
tiple genres simultaneously. The dataset is split into 15,552
training, 2,608 validation, and 7,799 test samples.

Hateful Memes, curated by Facebook Al is designed
for hateful meme detection. It contains 10,000 multimodal
examples where both text and image contribute to the overall
meaning. The dataset is structured to challenge unimodal
models, with 8,500 samples for training, 500 for validation,
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and 1,500 for testing.

UPMC Food-101 is a large-scale food classification
dataset comprising 90,688 noisy image-text pairs collected
from Google Image Search. It spans 101 food categories
and aligns with the ETHZ Food-101 dataset. The dataset
includes 67,972 training samples and 22,716 test samples,
with no designated validation set. Each sample consists of
an image and an accompanying textual description.

B. Training Details

All experiments are performed on four NVIDIA RTX 3090
GPUs. We employ the AdamW optimizer [5] with an ini-
tial learning rate of 1e~3 and a weight decay of 2¢~2. The
learning rate is warmed up for 10% of the total training
steps and then decays linearly to zero. We set the prompt
depth as 36. Experiments are conducted on three datasets:
Hateful Memes, Food101, and MM-IMDb, using a frozen
backbone strategy to efficiently fine-tune CLIP for multi-
modal tasks while preserving knowledge from large-scale
vision-language pretraining.

* Hateful Memes: The dataset is trained with a batch size
of 256 for 20 epochs (10,000 steps). The validation check
interval is 11%, and the optimizer uses a learning rate of
le-2. The maximum text length is 128.

* Food101: The dataset is trained with a batch size of 256
for 200 epochs (20,000 steps). The validation check inter-
val is 20%, and the optimizer uses a learning rate of le-2.
The maximum text length is 512.

* MM-IMDb: The dataset is trained with a batch size of 256
for 100 epochs (25,000 steps). The validation check inter-
val is 20%, and the optimizer uses a learning rate of le-4
with a weight decay of 0.01. The maximum text length is
40, and a prompt-based method is used to handle missing
modalities. The image encoder is ViT-B/16, with a vocab-
ulary size of 30,522. Whole word masking is disabled,



Dataset Task Modalities | Samples Train/Val/Test Split | Key Features

MM-IMDb [1] Movie genre classification | Image, Text | 25,959 movies 15.552/2,608 /7,799 | Multi-label classification; each movie has a poster image and textual metadata.
Hateful Memes [3] | Hateful meme detection Image, Text | 10,000 memes 8,500/ 500/ 1,500 Challenges unimodal models; text and image must be jointly analyzed.

UPMC Food101 [8] | Food classification Image, Text | 90,688 image-text pairs | 67,972/-/22,716 Aligns with ETHZ Food-101; noisy image-text pairs from Google Image Search.

Food101

label: apple_pie
text: Mom's Maple-
Apple Pie Recipe |
Taste of Home

Table 1. Overview of the multimodal datasets used in this work.

label: baklava

text: Food Story:
Joanne &#038; Baklava
| Food Stories

label: chocolate_mousse

text: Raymond Blanc's basic
chocolate mousse : BBC - Food -
Recipes

label: spring_rolls
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Rolls |
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Figure 1. Visualization of the samples in three dataset.

probability is set to 15%),

and both training and validation image transformations

use CLIP_transform.

This setup ensures efficient fine-tuning of CLIP for di-
verse multimodal tasks while leveraging the benefits of large-
scale pretraining. The frozen backbone strategy reduces

computational costs and maintains the model’s generaliza-

tion capabilities.

C. Additional Experiments and Analysis

Model Generalizability We evaluate the model’s generaliz-
ability on Food101 and MM-IMDb datasets under varying
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Figure 2. Generalization analysis on the Food101 dataset across various missing rates in terms of Accuracy.
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Figure 3. Generalization analysis on the MM-IMDb dataset across various missing rates in terms of F1_Macro.

missing modality rates (50%, 70%, 90%). Results are shown
in Fig. 2 (Accuracy for Food101) and Fig. 3 (F1_Macro for
MM-IMDb).

For the Food101 dataset (Fig. 2), the model demonstrates
strong performance across all missing conditions. In text-
missing scenarios, it maintains high accuracy by effectively
leveraging image features, even at a 90% missing rate. Sim-
ilarly, in image-missing cases, the model relies on textual
data to sustain robust performance. Even when both modal-
ities are missing, the model adapts well, inferring missing
information from available data, showcasing its dynamic
adaptation capabilities. For the MM-IMDb dataset (Fig. 3),
the model exhibits consistent performance despite missing
data. In text-missing conditions, it effectively uses visual
cues, while in image-missing scenarios, it compensates with
textual features. In the most challenging case of both modal-
ities missing, the model still performs competitively by intel-
ligently utilizing remaining data, highlighting its resilience.

These results underscore the model’s adaptability to in-
complete multimodal data, making it suitable for real-world
applications where data completeness is often uncertain. The
consistent performance across datasets and conditions vali-
dates the effectiveness of its dynamic adapter and synergistic

prompts strategy.

Generalizability to Different Missing Rates To validate the
generalizability of the proposed SyP across different missing
rates, we conduct experiments on two distinct multi-modal
datasets: the Hateful Memes dataset and the Foodl01 dataset.
The experimental results, presented in Figs. 4 and 5, provide
valuable insights into the performance of SyP across various
missing-modality scenarios, including text missing, image
missing, and both missing.

On the Hateful Memes dataset, as depicted in Fig. 4, SyP
variants consistently outperform baseline models across all
missing rates (10%—90%). This significant improvement
underscores the robustness of the proposed SyP in handling
incomplete data. Notably, models trained both on a single
missing modality and under missing-both conditions demon-
strate strong and stable performance across all scenarios,
especially in the text missing scenarios. This indicates that
the combination of static and dynamic prompts enables flexi-
ble adaptation, particularly when trained with higher missing
rates. Similarly, on the Food101 dataset, SyP demonstrates
remarkable performance. As shown in Fig. 5, SyP achieves
the highest accuracy across all missing rates and scenarios.
The dynamic adapter effectively adjusts the prompt weights,
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Figure 4. Generalizability Analysis of Our Method to Different Missing Rates on Hate Memes dataset. (a) Models are trained on
missing-both or missing-text cases, and evaluated on missing-text cases with different missing rates. (b) Models are trained on missing-both
or missing-image cases, and evaluated on missing-image cases with different missing rates. (c) All models are trained on missing-both cases,

and evaluated on missing-both cases with different missing rates.
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Figure 5. Generalizability Analysis of Our Method to Different Missing Rates on Food101 dataset. (a) Models are trained on
missing-both or missing-text cases, and evaluated on missing-text cases with different missing rates. (b) Models are trained on missing-both
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and evaluated on missing-both cases with different missing rates.

Reduction Hateful Memes Food101 MM-IMDb
Ratio (AUROC) (Accuracy) (F1_Macro)
r=5 67.98 86.17 54.72
r=10 67.69 85.83 55.02
r=16 68.16 85.58 53.98

Table 2. Hyper-parameter analysis of reduction ratio  under a 50%
both missing case on three datasets.

allowing the model to handle diverse missing-modality situ-
ations with high accuracy. These results highlight the adapt-
ability and effectiveness of SyP in real-world applications
where data may be noisy or incomplete.

Hyper-Parameter Analysis We analyze the impact of the re-
duction ratio r in the dynamic adapter under a 50% missing-
modality scenario across three datasets: Hateful Memes,
Food101, and MM-IMDb. As shown in Tab. 2, the reduc-

tion ratio r significantly influences model performance. For
Hateful Memes, a ratio of 16 achieves the highest AUROC
(68.16), indicating that larger ratios better capture subtle
visual features. Food101 performs best with a ratio of 5
(86.17% accuracy), suggesting smaller ratios are more effec-
tive for fine-grained classification. For MM-IMDb, a ratio
of 10 yields the highest F1-Macro (55.02), demonstrating
that a balanced approach is optimal for text-heavy datasets.
These results underscore the importance of tuning the re-
duction ratio to adapt the dynamic adapter to diverse task
requirements, ensuring robust performance across varying
data characteristics and modalities.

D. Visualization

Fig. 6 illustrates the t-SNE [7] visualization of the embed-
ding distributions for three genres (Comedy, Romance, and
War) in the MM-IMDb test set under a 50% both missing
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Figure 6. t-SNE visualization of our model and other baselines on the MM-IMDb dataset under a 50% both missing rate.

rate. The points corresponding to SyP are more tightly clus-
tered and clearly separated than those of DCP [6], DePT [9],
MaPLe [2], MMP [4], and CoOp [10]. This indicates that the
proposed SyP can effectively manage multi-modal missing
problems. The model can accurately understand and reason (4]
when facing different modalities, maintaining high perfor-
mance and stability. Specifically, the t-SNE visualization of
SyP has several characteristics. First, the high concentration

of points indicates the model’s accurate recognition of simi- 5

—

lar samples. Second, the clear separation between different

classes reduces misclassification. Third, the uniform distri- 6

—_

bution of points shows that the proposed SyP can balance the
relationships between classes, leading to more stable model
outputs. This demonstrates that the proposed SyP is better at
maintaining robust genre distinctions, despite the challenge [7]
posed by missing data, showcasing its strength in dynamic

multi-modal adaptation.
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