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- 1. Motivation: Why Incomplete Cross-modal Hashing?

Cross-modal Hashing

Maps image and text into compact
binary codes for fast Hamming
retrieval. It 1s highly efficient for
large-scale cross-modal search

tasks in real-world applications.

The Incompleteness Problem

Real-world data often suffers from
missing modalities (images or
texts). Paired signal breaks make
unsupervised hashing unreliable,
and performance degrades sharply

with high missing rates.
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Existing Weaknesses

» Naive completion leads to
semantic drift

* Similarity matrix polluted by
noisy imputation

* Lack of hash-aware message

passing mechanism

Key Idea: Offline generative completion with alignment filtering noise-tolerant similarity target hash-aware graph attention mechanism.
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Let's start with the motivation behind our research.
Cross-modal hashing is a powerful technique for fast retrieval across different data types like images and text, which is crucial for large-scale applications.
However, in real-world scenarios, we often encounter incomplete data where either the image or text is missing. This breaks the paired signal, making traditional unsupervised methods unreliable.
Existing approaches have weaknesses: naive completion methods cause semantic drift, noisy data pollutes the similarity matrix, and there's a lack of hash-aware message passing.
Our key idea is to address these issues with offline generative completion and a hash-aware graph attention mechanism.
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这一页展示了UGGRH的整体框架，它由三个核心模块组成。
首先是离线的模态补全模块（Module 1），它利用BLIP和Stable Diffusion等生成模型，为缺失的文本或图像生成对应的内容，并使用冻结的CLIP模型进行候选重排，确保输入数据的完整性。
接着是相似度优化模块（Module 2），它融合了模态内的余弦相似度和跨模态的MLP判别器，通过Top-K稀疏化和非线性平滑处理，生成一个抗噪的自监督目标，有效减少了噪声干扰。
最后是HashGAT模块（Module 3），它为每个模态构建KNN动态图，利用哈希条件的边注意力机制和自适应门控，融合图像、文本和联合分支，最终输出统一的二值哈希码，实现高效的检索。
整个框架的核心优势在于：生成过程仅在离线阶段运行一次，而在线检索阶段采用标准的汉明排序，避免了推理时的计算开销，保证了系统的高效性。


B 3. Module 1 — Offline Generative Completion

Alignment-Guided |«
Candidate Selection

<

Cloud... the sky.
g

Missing ; -----

Text , :::::j

Why Alignment Filtering Matters

Candidate Texts

Cloud...

the sky.
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BLIP |

Candiat Images
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Alignment-Guided
Candidate Selection

i
Stable Diffusion
gt
A pink flower <:>§
1s ...sky.

Naive generation often suffers from semantic drift, producing candidates that deviate from the original intent. We re-rank these candidates

using a frozen CLIP model via cosine similarity alignment, retaining only the best match. The resulting completed feature is cached as a

robust input for hashing, not treated as pseudo ground-truth.
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Now we move to Module 1: Offline Generative Completion.
This module addresses the problem of missing modalities in our data. There are two main cases:
Case A is when we have an image but no text. We use BLIP to generate candidate captions, then use a frozen CLIP model to re-rank these candidates and select the best one, which we then cache.
Case B is the reverse: we have text but no image. Here, we use Stable Diffusion to generate candidate images, again using the frozen CLIP model to filter and select the best visual representation.
This alignment filtering is crucial because naive generation can lead to semantic drift. By using CLIP for re-ranking, we ensure the generated modality is semantically aligned with the observed one.
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" 4. Similarity Refinement + Hash-aware GAT X,

Module 2 - Similarity Refinement Module 3 - HashGAT

(D Dynamic KNN Graph

Recompute neighborhoods each epoch as embeddings evolve.
Captures dynamic semantic shifts in the latent space, avoiding
S static graph limitations.

Fuse — Top-K sparsify — Smooth — Symmetrizé }

-» (2) Hash-conditioned Attention
Inject continuous hash proxy z,, to edge weights — fixes the non-
Scmm differentiability of sign(-). Stabilizes gradient flow for discrete
hash code optimization.

(3 Adaptive Cross-modal Fusion

Softmax gate © dynamically weights image , text , joint logits into
unified B. Balances multi-modal contributions based on input
characteristics.

Scmm © Noise-tolerant similarity target

Cross-modal signal is learned by a lightweight MLP on observed pairs (no

labels). No external supervision needed for qcalibration.

Training objective: L=yLrectnLsim + fLquant (reconstruction + similarity matching + quantization)
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我们继续深入探讨模型的核心模块。首先是相似度精炼模块，它通过融合模态内相似度和跨模态匹配矩阵，生成一个更鲁棒的相似度目标矩阵，这有助于模型学习到更准确的语义关联。
接着是HashGAT模块，这是一个关键的创新点。它引入了动态KNN图，随着嵌入的演化不断更新邻域，确保了图结构的动态性。同时，通过引入连续哈希代理，解决了离散哈希不可导的问题，使得端到端训练成为可能。最后，自适应跨模态融合机制能够动态平衡图像和文本特征的贡献，进一步提升了模型的性能。
底部的公式展示了我们的联合训练目标，它结合了重构损失、相似度匹配损失和量化损失，确保模型在保持语义信息的同时，生成高质量的哈希码。


"5, Experiments — UGGRH Wins Under High Missing Rates

mAP across datasets and missing-data settings
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This slide presents our main experimental results under the hard setting where only 10% of the data is complete.
As you can see from the chart on the left, our method, UGGRH (represented by the dark teal bars), consistently outperforms the baselines (DCH in light gray and EGICH in dark gray) across all three major datasets: MIRFlickr-25K, MS COCO, and NUS-WIDE.
On the right, we highlight the key findings: UGGRH achieves the best performance in both retrieval directions, delivers significant gains on the hardest data settings, and demonstrates remarkable robustness with minimal performance drop compared to other methods.


" 6. Contributions & Takeaways

Offline Generative Completion Similarity Refinement

o Fuse intra-modal cosine with a
Frozen BLIP + Stable Diffusion

with CLIP alignment filtering —

. . top-K sparsification and
decouples expensive generation

: . smoothing yield a noise-tolerant
from hashing training and reduces

o self-supervised target.
semantic drift.

cross-modal MLP discriminator;
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Hash-aware Graph Attention

Dynamic KNN graphs with hash-
conditioned edge attention and
adaptive fusion produce unified,

discriminative binary codes.

Generation helps most when paired with alignment filtering and noise-tolerant similarity — not as a direct

replacement.

Paper - Code
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In conclusion, our work makes three key contributions:
1. We propose an offline generative completion framework that leverages frozen BLIP and Stable Diffusion, effectively decoupling the generation process from hash training.
2. We introduce a similarity refinement module that combines intra-modal and cross-modal signals to create a robust training target.
3. We design a hash-aware graph attention mechanism to capture complex relationships in the hash space.
Thank you for your attention, and I'm happy to take any questions.
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Seluileaclillil araut 16bits  32bits  64bits  128bits  16bits  32bits  64bits  128bits
Completion w/o Completion 0.783 0.802 0.813 0.823 0.718 0.736 0.740 0.751
Completion +GCAE (GCIMH) 0.806 0.815 0.827 0,829 0.744 0.759 0.764 0.768
Completion +MLP (NCH) 0.801 0,817 0,827 0,828 0.744 0.760 0.769 0.772
Completion +PMCH 0.826 0.839 0.845 0.845 0.761 0.773 0.778 0.782
Discriminator w/o Discriminator 0.880 0.894 0.906 0.912 0.881 0.895 0.907 0.911
HashGAT w/o HAF 0.884 0.888 0.896 0.882 0.882 0.883 0.896 0.894
HashGAT w/o DGC 0.883 0.893 0.894 0.889 0.882 0.893 0.893 0.889
HashGAT Standard GAT 0.750 0.717 0.735 0.711 0.744 0.715 0.733 0.710
Generator OFA + GLIDE 0.879 0.893 0.904 0.908 0.878 0.894 0.903 0.907
Full Model UGGRH (ours) 0.892 0907 0916 0919 0.890 0,906 0.919 0.918

Every component contributes. Removing discriminator, hash-aware fusion, or dynamic graph construction all degrade
performance. Standard GAT collapses.


Presenter Notes
演示文稿备注
This slide presents the ablation study results on the MIRFlickr-25K dataset with 50% PDR.
We systematically evaluate the impact of each component in our proposed model:
1. Completion module: Even a basic completion module improves performance, and our proposed PMCH module brings the most significant gain.
2. Discriminator: Removing the discriminator leads to a noticeable drop in performance, indicating its role in maintaining the quality of generated features.
3. HashGAT components: Both Hash-Aware Fusion (HAF) and Dynamic Graph Construction (DGC) are critical. Removing either results in performance degradation.
4. Standard GAT: Replacing our HashGAT with a standard GAT results in a significant collapse in performance, demonstrating the effectiveness of our hash-aware design.
5. Generator: The combination of OFA and GLIDE provides a strong baseline.
Finally, our full model (UGGRH) achieves the best performance across all metrics, confirming the synergy of all components.


¥ PDR Protocol & Hard-setting PR Curves

Partial Data Ratio (PDR) Protocol

Setting Complete Img- Txt-
Missing Missing

Easy 50% 25% 25%

Medium 30% 35% 35%

Hard 10% 45% 45%

Symmetric missing. All methods use identical splits
and frozen CLIP features to ensure a fair

comparison across different missing data scenarios.
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Hard-setting precision—recall

Image -to- Text @ ickr 25k Text-to- Image @ Flickr-25k

1.00 ‘g 1.00

0.‘2 0.'4 076 0?8 K . 0.‘2 O.’4 0?6 0?8
Recall (10% full samples) Recall (10% full samples)

MIRFlickr-25K - =T and T—I

Same evaluation protocol across easy, medium, and
hard settings.
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This slide presents the PDR protocol setup and robustness comparison.
On the left, we define the Partial Data Ratio (PDR) protocol with three difficulty levels: Easy, Medium, and Hard, representing different levels of missing data symmetry.
On the right, we compare the robustness of different methods by measuring the mAP drop from the Easy to the Hard setting. UGGRH shows the smallest drop (0.45 pp), indicating exceptional stability and robustness under severe modality imbalance.
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[ ..
Limitations Future Work
® Completion depends on pretrained generators ® Use uncertainty-aware filtering for generated
and a frozen alignment model. candidates.
¥ Precomputed similarity has quadratic memory ®  Adapt encoders to target domains.
cost.
® Fixed hyperparameters may require cross- ® Explore sub-quadratic similarity construction.

dataset tuning.

Paper - Code
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虽然我们的方法取得了不错的效果，但它依然存在一些局限性。首先，生成质量依赖于预训练的模型，在域偏移较大的情况下表现可能下降。其次，相似度矩阵的计算复杂度是平方级的，这在处理大规模数据集时会带来内存压力。最后，我们的超参数是固定的，虽然验证了其稳健性，但跨数据集的调优仍有提升空间。
针对这些问题，未来我们计划引入不确定性感知的过滤机制，拒绝低置信度的生成结果；探索轻量级的域自适应方法，避免重复生成的昂贵开销；并研究更高效的相似度计算方法，以支持更大规模的数据处理。


	幻灯片编号 1
	幻灯片编号 2
	幻灯片编号 3
	幻灯片编号 4
	幻灯片编号 5
	幻灯片编号 6
	幻灯片编号 7
	幻灯片编号 8
	幻灯片编号 9
	幻灯片编号 10

