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Why DLMs Are Promising

Parallel denoising with

Left-to-right generation bidirectional context
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But Open-Source DLMs Are Still Slow

* LLaDA-8B-Instruct vs. LLaMA-3-8B-Instruct, batch size 1, steps = generation length
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Key Bottlenecks

(1) Cache Incompatibility

Prompt Generation

Prompt

Generation

Fully bidirectional attention is

incompatible with standard KV caching.

(2) Excessive Refinement Steps
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High-quality generation requires many
refinement steps.



CDLM Overview

[% CDLM reduces refinement steps and enables KV caching by training a block-causal student on teacher trajectories.}
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Consistency Modeling Intuition

Prompt Block 1 Block 2
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* Continuous data space * Discrete token space
* Consistency between timesteps on ODE * Consistency over teacher-generated
trajectories denoising trajectories
* Goal: map directly to fully denoised data e Goal: map directly to the block-

completion state (inference-aligned)
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Teacher Trajectory Collection
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(D Teacher decodes block-wise
Bidirectional attention, one token per step

@) store tokens and hidden states at finalization
For white-box distillation

@) Use multiple sampling temperatures
Temperature affects token choices and reveal order

Teacher’s distribution buffer




Training Objective: Distillation Loss

[ L = Ldz’still + Weons Lconsistency + Wdim LDLM ]
) F _mee Bee (a) Distillation loss
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Sample an intermediate state y Intuition: Teaches the student to
and its block-completion state y* predict multiple new tokens at once.



Training Objective: Consistency Loss

[ L = Ldistill + Weons Lconsistency + Wdim LDLM ]
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and its block-completion state y* its block-completion state.



Training Objective: DLM Loss

[ L = Ldistill + Weons Lconsistency + Wdim LDLM ]
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Intuition: Preserves the original

Randomly mask ground-truth tokens masked denoising ability.
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Inference

* Block-wise causality
— Decode block-by-block and cache finalized blocks

* Parallel decoding
— Within each block, finalize tokens in parallel using confidence thresholds

Prompt Generation

Prompt

Generation
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Main Results: Latency and Steps

3.6%-14.5x% 3.4%-7.9x% Competitive
lower latency | fewer refinement . accuracy on math and
! steps ! coding tasks
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* Fast-dLLM uses parallel decoding + dual-cache KV. dLLM-Cache and Fast-dLLM parallel-only are omitted.
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Main Results: Throughput vs. AR Baselines
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Each CDLM step is more expensive than an AR step (matrix-matrix multiplication),
but finalizes multiple tokens in parallel.
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Why Training Matters: Naive Truncation Fails

GSMSK results

Method Latency (s) | Steps] Score
Dream-7B-Instruct 4.4 48 41.8
CDLM-Dream (ours) 2.1 44.1 78.8
LLaDA-8B-Instruct 6.0 56 60.3
CDLM-LLaDA (ours) 3:3 57.7 73.9

Naively truncating steps hurts quality; CDLM reduces steps safely.

CDLM roughly halves latency at similar step counts via KV caching.
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Ablation: Why Three Losses?

weaker fast

V4 collapse
\/ \/ good, less robust fast

v V4 v strong fast

Distillation loss anchors training; consistency loss stabilizes jumps;
DLM loss preserves task ability.
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System-Level Scalability: Arithmetic Intensity
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Block-wise DLMs occupy a middle ground between AR and vanilla DLMs: better
low-batch compute utilization without saturating compute immediately.
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Future Directions

* Scale the trajectory corpus with broader task coverage
* Distill from stronger DLM teachers

* Extend to longer generation budgets
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Thank you for listening!

%M%@AIR MLSys

EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE



