DiFlow A System for Micro-Serving Text-to-Image Diffusion Workflows
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Diffusion applications are workflows Programming model

DiFlow preserves the

Text-to-image applications combine a diffusion backbone with text encoders, a decoder, DiFlow separates model implementation from workflow composition while keeping both
and optional adapters such as ControlNet and LoRA. Each request executes a workflow h kfl st f interfaces in Python.
whose components differ in size, latency, and reuse. o n WO r OW I nte r a Ce
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A shared backbone can appear in many workflows while adapters join only selected stages. - G P U I I ~ Register Workflow Registry ED ta St j
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The compiler creates model-execution nodes. The coordinator tracks readiness and placement,
while GPU executors keep model state and tensors local.
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Scaling a bottleneck duplicates every stage, adding Compatible requests cannot batch on replicas already Text encoder Flux infer.

loading time and GPU memory. resident in other workflows. Executor 1 infer. )(Dm— Layer0 >» 653 Y
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Fixed GPU assignments cannot match per-model Updates and failures expand validation and recovery to C.N.infer. @&

demand or resource availability. the entire pipeline. Eager fetch: Executer 2 fetches prompt embedding(GF3) from Executer 1
Deferred fetch: Executer 1 fetches ControlNet output(fFj)from Executer 2

. CUDA tensors move directly over NVLink or RDMA. The coordinator carries metadata rather than
Production workloads favor model reuse tensor payloads.
31 1 331 95% Model sharing Batch compatible nodes across workflows on resident model replicas.
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distinct workflows in a 20-day production trace of requests use the top five ControlNets
Use extra GPUs when parallel execution improves deadline feasibility.
7 5% Admission control Abort requests whose remaining critical path already exceeds the SLO.
extra loading latency from avoidable GPU memory
full-workflow scaling from redundant components .
Evaluation

Six deployment settings use SD3 and Flux models on 8-32 NVIDIA H800 GPUs. Requests follow a
production trace; the default SLO is 2x solo latency.

6x 8x

Popular backbones and adapters create shared demand across workflow identities.
Model-level scheduling can reuse resident replicas and scale only the nodes that need
more capacity.

Micro-serving exposes this reuse without asking workflow developers to abandon ordinary
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What micro-serving unlocks
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Model-level execution creates a common scheduling boundary across workflow
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identities. DiFlow can batch compatible nodes on resident replicas, isolate I ° o f " ko L e T T W
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This model boundary lets the runtime share hot replicas across workflows and add capacity oL | | 1A | | m | | 1 e ,
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At the 90% attainment target, DiFlow sustains higher load, tighter deadlines, and burstier arrivals while
using fewer GPUs.
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