d3LLM: Ultra-Fast Diffusion LLM
using Pseudo-Trajectory Distillation
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* Exponentially penalizes accuracy drops.

% 3.6x-5x speedup over AR model (Qwen-2.5-7B-it), 10x speedup

Encourage dLLMs to strike a balance between accuracy and parallelism. compared to vanilla LLaDA/Dream, with negligible acc degradation.

* Ablation study of each component in d3LLM framework:
Our Approach: d3LLM framework , — =
Table 5. Ablation study on different distillation and decoding strategies of our method. We report the TPF, Accuracy, and AUP score of

. .. our d3LLM-LLaDA on GSM8K-CoT dataset (0-shot).
* Guided by AUP, we propose our method for efficient dLLMs:
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* dLLMs have shown promising capabilities, such as: — This motivates us to propose a better metric for dLLMs. Experiments on LLaDA, Dream, and Dream-Coder:
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e Closed-source dLLLLMs showed effectiveness:
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| » Push the accuracy—parallelism frontier of dLLMs.
* Previous Work: Improving dLLMs from different aspects: * Incorporating d3LLM models into SGLang engine (PR #20615) «:
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* dParallel: distilling dLLM to get a faster one; + Curriculum noise level: gradually increase mask ratio (+12% TPF) d3LLM-LLaDA (88 dense) — — — — — — /
* D2F: block-wise causal semi-AR-Diftusion; * Curriculum window size: gradually increase window size (+8% TPF) 04 | 1 586.77 280.48 12557 489 80.89
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. dInfer: systematic 1mp1ementat10n of Eﬁiczent dLLM:; Prompt: What do you think of dLLM? 0.4 4 676.81 281.82 127.85 4.22 80.76 /
* ReFusion: adapt from AR, slot-level parallel decoding. SRRLEl ;g , rommee ;pee e , LLADA 2.0 mini (168 A1B) ol I otz 24104 Lo 242 0249
Ground-truth: A think i | Diff usion L Mo s good :‘\ e 0.95 4 507.22 275.25 218.57 2.25 92.95 /
> ImprOVIHg the performance Of dJ“LMS: ’ . . Y / 0.95 1 520.81 270.24 247.66 3.04 92.65 /
, , , , o [97 Teacher dLLM’s Pseudo-Traj current block, t=0.66 Student dLLM LLaDA 2.1 mini (168 A1B)
« MMaDA: multimodal diffusion foundation models; W RINCETON lezs [2nd | [ 1st | [ 3rd | add noise Distillation 095 | 4 516.89 390.04 31055 2.49 92.87 /
* TraDo: dLLMs with reasoning ability; g PRINCETON [ \ / . .
* Fast-dLLM-v2: directly post-training from an AR <ANVIDIA Noisy sequence: || [think | [mask | |usion | [mask | |mask | |mask | | mask # 3x-4.5x speedup over AR model (Qwen) with SGLang engine.
+ Part (ii): decoding strate * We also maintain a dLLM leaderboard using AUP score:
However, previous works typically focus on only one-side of the coin. ' 8 8Y —
» Regarding the decoding 7 : e : i 3501 657
* Previous methods use single, isolated metrics: » Entropy-Based Multi-Block Decoding: decoding multiple blocks (+30% TPF) =gt -
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