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• dLLMs have shown promising capabilities, such as:
· Parallel generation · Error correction · Random-order generation

Parallel genera)on

• Closed-source dLLMs showed effectiveness:
Inception - Mercury

Google - Gemini Diffusion

ByteDance - Seed Diffusion Mercury©: 1109 tokens/s

· LLaDA-8B · Dream-7B · SDAR

• However, open-source dLLMs exhibited lower speed and acc:

Ø Acceleration of dLLMs:
• Fast-dLLM: efficient training-free decoding method;
• dKV-Cache: KV-Cache for dLLMs;
• dParallel: distilling dLLM to get a faster one;
• D2F: block-wise causal semi-AR-Diffusion;
• dInfer: systematic implementation of Efficient dLLM;
• ReFusion: adapt from AR, slot-level parallel decoding.

Ø Improving the performance of dLLMs:
• MMaDA: multimodal diffusion foundation models;
• TraDo: dLLMs with reasoning ability;
• Fast-dLLM-v2: directly post-training from an AR.

• Previous Work: Improving dLLMs from different aspects:

However, previous works typically focus on only one-side of the coin.

•Previous methods use single, isolated metrics:
• Efficiency-only metrics: tokens per second (TPS) or tokens per forward (TPF);
• Performance-only metrics: accuracy (solve rate / pass@1).

•Key insight: a fundamental trade-off for dLLMs:
• dLLM naturally lives on an accuracy–parallelism curve;
• Increasing parallelism almost always reduces accuracy, and vice versa;
• Therefore, single metrics become misleading.

This motivates us to propose a be5er metric for dLLMs.

NewMetric: AUP (Accuracy Under Parallelism)

•We introduce AUP (Accuracy Under Parallelism) for dLLMs:
•A weighted area under the accuracy–parallelism curve;
• Jointly measures both accuracy and parallelism;
• Exponentially penalizes accuracy drops.
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where W (y) = min(e−α(1−y/ymax), 1) is weight function.

Encourage dLLMs to strike a balance between accuracy and parallelism.

This motivates us to propose a be5er metric for dLLMs.

Our Approach: d3LLM framework
•Guided by AUP, we propose our method for efficient dLLMs:
d3LLM (pseuDo-Distilled Diffusion LLM).
Ø A framework that improves both training and inference;

Ø Push the accuracy–parallelism frontier of dLLMs.

(i) Pseudo-trajectory distilla-tion (training)

(ii)Multi-block decoding with KV-refresh (inference)

• Part (i): training recipe
Ø Regarding the (post-)training🏋:
• Utilizing the teacher’s pseudo-trajectory: which tokens can be confidently 

decoded earlier (+18% TPF)
• Curriculum noise level: gradually increase mask ratio (+12% TPF)
• Curriculum window size: gradually increase window size (+8% TPF)

• Part (ii): decoding strategy
Ø Regarding the decoding⚡:
• Entropy-Based Multi-Block Decoding: decoding multiple blocks (+30% TPF)
• KV-Cache with Refresh: refresh KV-caches before the stabilizing (+35% TPS)
• Early Stopping on EOS Token: stop when EOS is generated (+5% TPF)

•Experiments on LLaDA, Dream, and Dream-Coder:

🚀 3.6×–5× speedup over AR model (Qwen-2.5-7B-it), 10× speedup 
compared to vanilla LLaDA/Dream, with negligible acc degradation.

• Incorporating d3LLM models into SGLang engine (PR #20615)🏎:

🚀 3×–4.5× speedup over AR model (Qwen) with SGLang engine.

•Ablation study of each component in d3LLM framework:

•We also maintain a dLLM leaderboard using AUP score:

d3LLM GitHub


