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Abstract

Modern LLM architectures and systems render GPU kernel
input shapes increasingly dynamic, e.g., conditional expert
routing in MoE and batches with variable-length sequences.
This dynamism degrades performance in both expert-tuned
kernels and compiler frameworks. We identify the root cause
as dynamic cross-SM data dependencies across execution phases,
which force distinct phases into separate kernels for correct-
ness. The resulting kernel boundaries amplify intra-phase
workload imbalance across SMs, and compel intermediate
states to expensive round trips through off-chip memory.

We propose cross-SM kernel fusion, which pushes kernel fu-
sion boundary from traditional intra-SM scope to the entire
GPU. Instead of enforcing dependencies via kernel bound-
aries, it utilizes dynamic SM cooperation and just-in-time re-
duction. We present MeldKernel (Meld for short), a compiler
framework realizing cross-SM fusion for dynamic workloads.
First, utilizing GPU on-chip interconnects, Meld enables fine-
grained SM cooperation, which decomposes coarse-grained,
phase-level dependencies into sub-task-level ones, transform-
ing sequential kernels into a fluid, cross-SM pipeline. This
further enables just-in-time reduction, facilitating waiting-
free and localized state reduction via asynchronous commu-
nication. Second, to handle workload dynamism, we propose
a decoupled execution model. Developers declaratively de-
fine computation logic, while the hardware mapping and
inter-SM cooperation are deferred to runtime and adapted
to input shapes. Meld accelerates critical workloads like de-
coding attention by 1.3X on average over the best solutions.
Meld shifts GPU execution from a BSP-centric model toward
fine-grained, dataflow-driven execution.
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computing methodologies; - Computer systems orga-
nization — Parallel architectures; - Software and its
engineering — Compilers.
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1 Introduction

The explosive growth of GPU workloads, particularly LLMs [1-
5], imposes immense pressure on the efficiency of GPU ker-
nels. Consequently, substantial efforts have been devoted to
hand-crafted kernels [6-15] (e.g., FlashAttention (FA) [16-
20]) and compiler frameworks [21-39] (e.g., Triton [40]).

Traditionally, with the premise of uniform and relatively
static inputs (e.g., pre-training), efforts have focused on intra-
Streaming Multiprocessor (SM) (i.e., intra-thread-block) opti-
mizations, e.g., pipelining [18, 22, 26], parallelization [41, 42],
and fusion [17, 23-25], while treating SMs as independent
parallel instances. For example, early FlashAttention [16]
dedicates a thread block to each head of each sequence. How-
ever, today’s shift in models and high-level systems renders
kernel inputs highly dynamic (and irregular). For instance,
continuous batching [43] forces attention kernels to process
sequences of wildly varying lengths and batch sizes, with
reasoning models further exacerbating intra-batch length
skewness; and Mixture-of-Experts (MoE) [44] introduces
skewed, dynamic expert routing. Under rigid mapping, dy-
namic workloads translate into a massive long tail, where a
few SMs toil on heavy tasks (Fig.1 (a)).

To mitigate the challenges of dynamic inputs, the latest
efforts unlock inter-SM parallelism by partitioning the tasks!
into multiple execution phases, with each phase comprising
multiple sub-tasks executed in parallel across SMs (Fig.1 (b)).
For example, FlashDecoding [6] divides each sequence into
multiple sub-sequences to compute local attention results
(“split-KV” phase), then merges them into final output (“com-
bine” phase). This multi-phase execution enhances paral-
lelism and mitigates the long tail. It is widely adopted across
programs with dynamic inputs (Table.1), e.g., NSA [45], MoE
forward, etc. Some expert-tuned implementations [7-9] fur-
ther introduce specialized schedulers to balance “Split-KV”

n this paper, a task is a unit within a batch, e.g., a sequence for attention;
a sub-task is a partition of a task, e.g., attention of a sub-sequence.
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Figure 1. Execution paradigms for dynamic workloads.

workload across SMs. However, such heavily optimized op-
erators still exhibit striking SM underutilization, e.g., in real-
world workloads, FlashMLA yields only 67% SM occupancy.?

The inefficiency is rooted in the dynamic, cross-SM data
dependencies across phases, e.g., a combine subtask relies
on the results of various split-KV subtasks. Traditionally, the
only mechanism to enforce these dependencies is kernel-
level synchronization: by executing phases as distinct ker-
nels, kernel boundaries ensure all thread blocks of a preced-
ing phase complete before the next begins (BSP-style [47]).
Besides the kernel launch and termination costs, this also
leads to three issues. (1) Intra-phase imbalance. Current cou-
pled programming of computation logic and hardware map-
ping restricts general frameworks (e.g., Triton [48, 49]) and
most hand-written kernels [6, 50] to pre-defined, static paral-
lelization schemes (e.g., fixed split-K), causing load imbalance
across SMs. (2) Low-utilization reduction phase. Hampered
by low parallelism and the long tail, it emerges as a non-
negligible bottleneck (Fig. 1 (b)). (3) Memory traffic. Kernel
boundaries force massive intermediate results to be repeat-
edly stored to and reloaded from the slow off-chip memory.
While existing kernel fusion fuses operators within intra-SM
scope, it cannot address dependencies that span across SMs.

We advocate cross-SM kernel fusion via dynamic SM-
level cooperation. By fusing distinct kernels, it eliminates
workload imbalance and mitigates off-chip memory traffic.

There are two insights. First, disentangling dependency via
SM cooperation. Modern GPUs introduce SM-to-SM intercon-
nects, enabling direct shared memory access between SMs.
Their sufficient bandwidth and fine-grained synchronization
unlock fine-grained SM cooperation, which turns isolated
SMs into collaborators that flexibly exchange states. With SM
cooperation, we can decompose the coarse-grained, kernel-
level dependencies into fine-grained, sub-task-level ones,
transforming traditional sequential kernels into a fluid, sub-
task-level pipeline. Furthermore, we propose just-in-time re-
duction. Leveraging hardware-offloaded asynchronous trans-

?DeepSeek-V3.2, ShareGPT [46] trace, H100 GPU, batch size = 16 (Table.4).
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mission, a remote SM’s intermediate states arrive at the local
shared memory before they are needed for reduction (i.e.,
just-in-time). This enables waiting-free reduction to be per-
formed directly within local SRAM, as Fig.1 (c) shows.

Second, dynamic coordination via decoupled execution. Cur-
rent programming models fail to adapt to the dynamic work-
loads due to the coupling of computation logic and hardware
mapping. With decoupled programming and execution, de-
velopers only define the logic declaratively, whereas the
actual hardware mapping and cooperation are deferred to
runtime and adapted to the dynamic input shapes.

Guided by these insights, we present MeldKernel (Meld
for short), a compiler for dynamic workloads. We address
the following challenges.

Challenge-1. Programming cooperation: coupled ab-
straction buries cooperation semantics. Existing pro-
gramming abstractions treat thread blocks as self-contained
units. Their expressiveness is confined to intra-block compu-
tation, data movement, and work partitioning, which buries
cross-SM parallelization logic and data dependencies beneath
fragmented, low-level details (e.g., hardcoded global mem-
ory accesses). Consequently, the system is deprived of the
semantic visibility to identify SM cooperation opportunities.

Challenge-2. Coordinating cooperation: non-uniform
interconnect impedes coordination. Our characterization
reveals that GPUs’ interconnect topology is highly heteroge-
neous and localized. Therefore, existing hardware-oblivious
primitives (e.g., CUDA cluster®) result in severe SM fragmen-
tation and idling; and the SM cooperation has to rely on hy-
brid communication paths (HBM-proxied and on-chip links).
Furthermore, it requires meticulous scheduling to reduce
off-chip memory traffic while maintaining global balance.

Challenge-3. Executing cooperation: decoupled execu-
tion challenges efficiency. Decoupled execution shatters
monolithic kernels into fine-grained, dynamically scheduled
units, which clashes with traditional GPU execution models.
The GPU’s opaque scheduler hinders precise mapping of exe-
cution plans onto the on-chip topology. Besides, fine-grained
units fragment continuous intra-SM hardware pipelines, in-
troducing stalls and bubbles. And dynamic scheduling incurs
GPU idling, negating the benefits of dynamic coordination.
To address the challenges, we propose the following de-
signs. First, we propose the operator-based declarative ab-
stractions. Unlike prior abstractions centered on intra-thread-
block computation/pipeline [21-24] (e.g., Triton), Meld ele-
vates inter-SM cooperation to first-class abstractions. Meld
declaratively expresses DNN computation logic and inter-
SM cooperation semantics by defining and composing a set
of operators (e.g., Map, Iter, Reduce). Furthermore, Meld es-
tablishes batch-level global views to enable holistic optimiza-
tions. It proposes cooperative loading to absorb redundant
memory traffic across SMs (e.g., shared KV cache prefix).

3A cluster is a group of localized SMs with SM-to-SM interconnects.



Second, we propose the hybrid cluster primitives and hier-
archical scheduling. To tame the heterogeneous interconnect,
instead of relying on a uniform cluster abstraction, Meld
transparently mixes diverse cluster settings based on the spe-
cific topology. We also design the communication primitives
leveraging hybrid communication paths, enabling whole-
GPU SM cooperation. We propose hierarchical scheduling.
It first dispatches tasks across clusters with a hybrid cut
of batch- and task-level traffic graphs, minimizing off-chip
memory traffic, and then, within each cluster, it utilizes stage
fusion and just-in-time reduction to orchestrate cross-SM
fused pipelines.

Third, we propose Meld runtime. Instead of generating
static kernels, Meld compiles operators into fine-grained
handlers, paired with a wrapper kernel, which invokes han-
dlers and communication primitives based on schedule plans.
For topology-aware mapping, Meld bypasses the GPU sched-
uler through software-managed per-SM instruction queues.
Leveraging the shared warp specializations across handlers,
it fuses intra-SM pipelines across sub-tasks. Meld removes
scheduling overhead from the critical path with async sched-
uling and plan cache, and coordinates with tiling strategies.

We implement a wide range of DNN programs with Meld,
including MLA, GQA, MoE Forward, NSA Indexer, RMSNorm,
etc., and evaluate them across various GPU architectures.
Under real-world workloads, Meld outperforms the best base-
line by 1.3x on average (up to 2.04x). These improvements
result in end-to-end inference acceleration by up to 1.4x.

In short, Meld brings the dataflow programming and
execution model to SIMT GPUs, shifting GPU execution
from a BSP-centric model toward fine-grained, dataflow-
driven execution. Meld is open-sourced at https://github.
com/he-jingkai/tilelang.dataflow.

2 Revisiting GPU Execution for Dynamism
2.1 GPU Primer: Computing and Memory Hierarchy

As a SIMT processor, the GPU comprises numerous Stream-
ing Multiprocessors (SMs), each containing a cluster of CUDA
cores and Tensor cores. From a computing perspective, as
Fig.2 (a) shows, the GPU presents a hierarchical abstraction
of thread - warp - thread block - grid [51]. A thread is a logical
execution unit on a CUDA core. A warp comprises 32 consec-
utive threads executing in lockstep. A thread block consists
of multiple warps scheduled onto the same SM. Multiple
blocks form a grid for parallel computation across SMs.
From a memory perspective, GPU features a four-level
structure, including register files (thread-private), L1 cache
and shared memory (shared within a thread block), L2 cache
(shared across SMs), and off-chip global memory (HBM or
GDDR). The L1/L2 caches accelerate access transparently
(hardware-managed), while the register file, shared mem-
ory, and global memory are explicitly managed. Starting
from Hopper [52] architecture, Tensor Memory Accelerator
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(TMA) [53] facilitates high-bandwidth, asynchronous data
transfer between global memory and shared memory.

2.2 Dynamic Tasks Challenge GPU Kernel Efficiency

Traditional hand-optimized kernels [6-14] and compilers [21-
34] have extensively explored intra-block (i.e., intra-SM) op-
timizations. In these approaches, blocks (SMs) are treated
as independent parallel instances for horizontal scaling, and
tasks are linearly mapped to blocks. For example, FlashAt-
tention [16-19] dedicates each block to a single attention
head of one sequence. This paradigm performs well when
workloads are uniform and static (e.g., pre-training).

However, today’s models and frameworks make a wide
range of kernels’ input shapes highly dynamic (and irreg-
ular), as Table. 1 lists. For instance, MoE [44] dynamically
activates experts, continuous batching [43] dynamically com-
poses sequences of varying lengths, and schedulers [54-57]
vary the batch sizes. The dynamic inputs and scaling GPU
SM counts make traditional linear mapping suffer from long-
tail effects (e.g., long sequences for attention, hot experts for
MokE forward) and SM underutilization, as Fig.3 (a) shows.

Therefore, the latest solutions extend parallelization strate-
gies. They partition the tasks into multiple execution phases,
with each phase comprising multiple sub-tasks executed in
parallel. For example, FlashDecoding [6] splits each sequence
into several sub-sequences to compute local attention in par-
allel (Fig.3 (b), split-KV phase), then merges the intermediate
results to produce final output (combine phase). MoE for-
ward comprises three phases. Phase-1 performs GEMM-1
and activation on input hidden states. Phase-2 uses phase-1’s
outputs for GEMM-2, while phase-3 (optional) performs a
weighted sum of the expert outputs for each token. Sub-tasks
in phase-1/2 are partitioned by token chunks.

Dynamic cross-SM data dependencies. Although the multi-
phase strategies enhance parallelism and mitigate the long
tail by splitting monolithic tasks into finer-grained sub-tasks,
we find they still exhibit significant inefficiencies, e.g., Flash-
MLA vyields only 67% SM occupancy*?, and vLLM’s PagedAt-
tention suffers from 39% SM idleness (Fig.4). The root cause
is the dynamic, cross-SM data dependencies across phases, e.g.,
in attention, a thread block in the “combine” phase depends
on the results of multiple blocks in the “split-KV” phase.

4These metrics use ShareGPT [46] trace, batch size = 16, H100 GPU (Table.4).


https://github.com/he-jingkai/tilelang.dataflow
https://github.com/he-jingkai/tilelang.dataflow

(b) Static split (FlashDecoding; Compilers,

SMOc
. > camm———
0

]
e kernel

SM5¢ I lau
(c) Intra-phase balance (Flashinfer,

[} D

nch
FlashMLA)

SMOc

C L%

.8

[¢ - e

o
&3 attn sub-tasks
) \:L'_': ~®®., combine sub-tasks

— e
SM5 ane

(d) Fine-grained SM cooperation (fully fused and balanced)
Figure 3. Execution paradigms for decoding attention.

Traditionally, the only mechanism to enforce the dynamic
cross-SM ordering is kernel-level synchronization: by execut-
ing phases as sequential kernels, kernel boundaries ensure
all thread blocks of a preceding phase complete before the
next begins. Specifically, besides kernel launch/termination
overhead, this paradigm suffers from the following issues.

I-1: Intra-phase imbalance. This stems from the static par-
allelization strategies and uniform kernel implementations.
First, despite the dynamic inputs, programs usually can only
pre-define sub-task partitioning schemes statically. For exam-
ple, FlashDecoding and Triton kernels in vLLM/SGLang [48,
49] rely on static split-K, splitting sequences into a fixed num-
ber of chunks; vLLM’s PagedAttention [50] uses fixed 512-
token chunks. Under dynamic workloads, this rigid partition-
ing usually results in severe workload imbalance across SMs.
Due to the kernel barriers between phases, fast-finishing
SMs must sit idle until the last block completes. GPU’s run-
to-completion scheduling further amplifies this tail, as the
final dispatch wave often occupies only a fraction of SMs.

Second, while some expert-optimized implementations,
e.g., FlashMLA/FlashInfer, integrate customized schedulers
(Fig.3 (c)), their tile size, which determines the minimum unit
of work, is statically fixed at implementation time, leading
to padding and SM underutilization under varying sub-task
shapes. FA-3 [18] (the basis of FlashInfer) suffers perfor-
mance degradation for “short” sequences, e.g., 2x degrada-
tion at length 512 (vs. a compiler-tuned tile [21]).

1-2: Additional “combine” phase with low utilization.
The split-based parallelization introduces “combine” phases
(kernels) to merge intermediate results. As SM counts scale,
their overhead becomes non-negligible. Under real-world
workloads, vLLM GQA’s combine phase accounts for 25% of
the time (Fig.4). Similarly, the combine phases in FlashMLA
and NSA [45] occupy 37% and 51% of the time. This phase
suffers from low parallelism and a long tail. Its parallelism
degree is bounded by batch size (much less than SM counts),
and each sub-task’s time depends on the number of partitions
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(which is also skewed). E.g., the combine phases in FlashMLA
and NSA only have an SM occupancy of 10.3% and 9.4%.

I-3: Memory traffic overhead. Restricted by kernel barri-
ers, intermediate results generated in each phase must be
written to and subsequently read from global memory, which
incurs significant traffic. The intermediate state in FlashMLA
amounts to 32 KB (TP = 4) per sub-task; in MoE forward, in-
termediate result traffic accounts for 20% of the total traffic.’

This multi-kernel execution paradigm and resulting issues
are prevalent across programs with dynamic inputs (Table.1).

2.3 Dynamic Workloads Need Cross-SM Fusion

To address the issues, we propose cross-SM kernel fusion,
which fuses distinct phases into a single kernel. Unlike prior
methods constrained by kernel-level dependencies, it decom-
poses dependencies into sub-task-level ones, and balances
loads across SMs through flexible sub-task partitioning.
Taking decoding attention as an example, cross-SM kernel
fusion fuses distinct stages into a sub-task-level pipeline,
as Fig.3 (d) shows. Leveraging the variability in sequence
lengths within a batch, it overlaps the stages across sequences
to achieve global balance. Specifically, upon finishing a split-
KV sub-task, the producer SM “persists” the intermediate
result and proceeds to the next sub-task. The consumer SM,
after finishing its split-KV, executes the “combine” sub-task,
and may further move on to other subtasks. In this pipeline,
long tasks are collaboratively processed by multiple SMs, and
combine operations are distributed via cascaded/tree-based
reduction, while short tasks fill the pipeline bubbles. En-
abled by the flexible partitioning of sub-tasks, it can achieve
fine-grained load balancing and bubble-free execution.
However, actualizing cross-SM fusion presents significant
challenges for both hand-written kernels and compilers. First,
from a hardware perspective, cross-SM fusion necessitates
fine-grained SM synchronization, which is not natively sup-
ported by classic GPUs. Second, from a programming per-
spective, fine-grained pipelining and balancing for dynamic
inputs need dynamic partitioning and scheduling. Yet, as
§2.2 proves, all compilers and most hand-written kernels can
only rely on pre-defined static (and coarse-grained) hard-
ware mapping strategies. Third, from a cost perspective, fine-
grained pipelining demands fine-grained partitioning, which
significantly increases memory traffic for intermediate re-
sults, diminishing the benefits or even leading to degradation.

2.4 Hardware Opportunity of On-Chip Interconnect

Starting with Hopper GPUs, SM-to-SM links are introduced,
enabling one SM to directly access another’s shared mem-
ory [63-65]. As Fig.2 (b) shows, compared to HBM-proxied
transfer, the links reduce latency by 7x and provide 4x band-
width [66, 67]. CUDA introduces mbarrier-based hardware
synchronization, where one SM can signal another’s barrier

SQwen3-30B-A3B, FlashInfer CUTLASS FusedMoE [62], 64 tokens/expert.



GPU kernel |(Scenario Description Dynamism |Execution phases
Attention (MHA, Inference Batched attention in inference | Batch size and |Partial: attention of subsequences;
GQA, MLA [58]) (decoding) sequence lengths | Reduce: merge intermediate results (rescale, accumulate, normalize).
R | o a— Partial-1/2: each expert’s FEN computations (grouped execution of

MoE forward & train

reduction to save bandwidth

each expert’s load

multiple tokens); Partial-1: GEMM-1 and activation; Partial-2: GEMM-2;

DeepSeek NSA [45]| Infer. & | Choose top-K relative tokens

Batch size and

Reduce: (optional) weighted accumulation of each token’s expert outputs.
Partial: score and sort within the subsequence;

lightning indexer | train from the whole sequence sequence lengths | Reduce: sort the intermediate top-K results to get the final top-K.
Cross-entropy loss Training| Calculate per-sequence loss Batch size and |Partial: calculate the mean loss of each subsequence;
Py (SFT/RL) using per-token loss sequence lengths | Reduce: merging intermediate results with normalization.
Top-K and top-P Infer. Sample top-K/top-P tokens Batch size Partial: sort and select top-K/top-P tokens from local subsequence;
sampling & train from vocabulary Reduce: merge intermediate results to get final top-K/top-P.
. . . Partial-1: subsequence processing;
LayerNorm & Infe%'. Normalize the input before Batch size and Reduce: accumulated inverse RMS calculation or Welford [60, 61] merge;
RMSNorm [59] | &train each layer sequence lengths . . . . 5
Partial-2: normalizing subsequences using reduction results in parallel.
Cluster probin Vector Each query probes several Batch size and |Partial: traverse the data points in each cluster;
P & | search |clusters and traverses the points|each cluster’s size| Reduce: sort and merge local top-K results to get the k-nearest neighbors.
Table 1. DNN programs with dynamic workloads, and their execution stages.
2 200 This unlocks fine-grained SM cooperation: by decomposing
3 150 coarse-grained, kernel-level dependencies into sub-task-level
2 100 ones, it transforms traditional multi-kernel execution into
g flexible, sub-task-level pipelines. It also enables absorption
R Total GPU idle: 39% - : -
=R F of redundant memory traffic with cooperative loading.
0 18 36 54 72 This SM cooperation further unlocks just-in-time reduc-

Time (GPU cycles/K)
Figure 4. GPU utilization for decoding attention under real
workloads (VLLM). Each green band shows a split-KV attention
block, with each blue band indicating the combine of a sequence.

in shared memory, enabling fine-grained cross-SM synchro-
nization. Furthermore, with TMA (§2.1), the interconnect-
based data transfer and status signaling can be made asyn-
chronous and offloaded to hardware. To expose this capability,
the thread block cluster abstraction is introduced. Each ker-
nel specifies a single, uniform cluster size®, and blocks within
each cluster can utilize the interconnect.

However, the underlying interconnect topology remains
undisclosed, precluding its effective utilization by software
systems. Its practical adoption is hindered by two issues.
First, strict locality. The maximum cluster size is limited to
16, restricting the interconnect to only a small group of ad-
jacent SMs. Second, SM underutilization and fragmentation.
For instance, on H100 GPUs, configuring a cluster size of
10-16 renders 62-20 SMs incapable of hosting thread blocks,
leaving them idle. Full SM utilization is achievable only when
cluster size is restricted to 2, leaving the interconnect frag-
mented. Consequently, it remains overlooked by mainstream
hand-optimized kernels and all compilers.

3 Overview
3.1 Observations and Insights

Meld is motivated by two insights. First, disentangling de-
pendency via SM-level cooperation. Modern GPUs’ on-chip
interconnects provide sufficient bandwidth and fine-grained
synchronization, transforming the GPU into a cooperative
system with highly flexible state exchange across the SMs.

®Blackwell relaxes this with a fallback size, but constraints persist (§4.2).
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tion. Leveraging hardware-offloaded asynchronous trans-
mission and signaling (§2.4), the intermediate states can be
asynchronously delivered to the target SM’s shared memory,
ready before they are needed for reduction (i.e., just-in-time).
Once the target SM finishes its sub-task, it performs the re-
duction directly within its local SRAM in a wait-free manner,
thereby further enhancing pipeline efficiency.

Second, dynamic coordination via decoupled execution.
Existing programming frameworks fail to adapt to dynamic
workloads due to the coupling of computation logic and hard-
ware mapping. This inherent coupling constrains general-
purpose frameworks (e.g., Triton) to static parallelism (e.g.,
split-K), while restricting expert-optimized kernels to uni-
form tiling strategies. With decoupled programming and
execution, developers declaratively define the computation
logic, while the runtime dynamically determines paralleliza-
tion and cooperation strategies according to input shapes.

Together, these two insights enable cross-SM kernel fusion
for GPU programs with dynamic workloads. As Fig. 3 (d)
shows, after finishing a split-KV sub-task, instead of mate-
rializing the intermediate results, the producer SM (asyn-
chronously) forwards them to the consumer SM’s shared
memory and proceeds to the next sub-task, while the con-
sumer SM performs reduction directly. The hardware barri-
ers (mbarrier) ensure pipeline correctness. With decoupled
execution, the runtime dynamically adapts the parallelization
and cooperation plan to input shapes. This dynamic coop-
eration further enables adaptive copy absorption. In many
cases, multiple SMs load identical data, e.g., many sequences
share a prefix in attention [68—-71], and multiple SMs load
the same hidden states (GEMM-1) and intermediate states
(GEMM-2) in MoE forward. Via on-chip interconnects, we
use one SM to load data and broadcast it to others.
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Figure 5. Overview of the Meld compiler system.

3.2 Design Overview

We design Meld, a compiler framework featuring dynamic
SM-level cooperation. Fig.5 shows the overview of Meld.

Programming cooperation (§4.1). We propose operator-

based declarative programming, which abstracts DNNs through

the composition of operators. Developers only need to ex-
press computation logic by defining and composing the op-
erators, while leaving the hardware mapping and adaptive
coordination strategies dynamically adapted to input shapes
at runtime. To expose semantics for SM-level cooperation,
Meld elevates cross-SM cooperation to first-class abstrac-
tions, chaining the workflow through the transfer and trans-
formation of intermediate states, as Fig.5 shows.
Scheduling cooperation (§4.2, §4.3). Leveraging the co-
operation semantics exposed by operator-based program-
ming, Meld dynamically coordinates SM cooperation. We
reverse-engineer the on-chip interconnect topology of main-
stream GPUs. To tame the heterogeneous and localized in-
terconnects, we design communication primitives over hy-
brid paths (on-chip links and HBM-proxied), and the hybrid
cluster dispatching mechanism to resolve SM fragmentation
and idling. We propose hierarchical scheduling: inter-cluster
scheduling uses hybrid cuts of batch-level and task-level
traffic graphs to minimize off-chip traffic, while intra-cluster
scheduling employs stage fusion and just-in-time reduction
to arrange the fine-grained sub-task-level pipelines.
Executing cooperation (§ 4.4). To carry out scheduling
plans, we propose Meld runtime, bridging static compilation
and dynamic coordination. Meld compiles a program into
two components: the handlers derived from operators, and
a wrapper kernel that serves as the on-GPU executor. To
bypass GPU’s black-box scheduler, Meld runtime employs
per-SM instruction queues for topology-aware task map-
ping. Guided by the instructions, the wrapper block on each

1075

SM invokes the handlers and communication primitives ac-
cordingly, forming fine-grained, whole-GPU SM cooperation.
Meld runtime further fuses intra-SM pipelines across sub-
tasks, proactively generates handlers tailored to different
sub-task shapes for adaptive dispatch, and employs async
scheduling with plan cache to maximize execution efficiency.

Putting these pieces together, a Meld program proceeds
through three stages: compilation, scheduling, and execution.
Compilation is performed only once. It lowers the program’s
operators into handlers and generates a wrapper kernel. Each
input then undergoes scheduling and execution. On the CPU,
the scheduler partitions the input workload into sub-tasks
and maps them onto the SMs. It writes the resulting per-SM
execution plans into the per-SM instruction queues in GPU
memory. Scheduling is typically performed asynchronously,
and cached plans are reused whenever possible. Kernel execu-
tion takes place on the GPU, where the wrapper thread block
on each SM drains its instruction queue and executes the
sequence of sub-tasks by calling the corresponding handlers.

Meld builds its intra-SM programming and handler code
generation on its intra-SM compiler backend (TileLang [21]).

4 Meld Design
4.1 Programming with Declarative Abstraction

Traditional compilers [21-24, 26-30, 39] treat computation
as Y = F(X), where the shape of X is known at compilation
time or deduced through symbolic shape. This paradigm
suffers from fundamental challenges for dynamic workloads.

Challenges. The traditional coupled programming paradigm
of computation logic and hardware mapping constrains dy-
namic and flexible coordination (§ 2.2). Besides, the intra-
block-centric model results in the SM cooperation semantics
being obscured within fragmented, implementation-specific
details (e.g., hardcoded global memory access). And the single-
task-centric model hinders holistic optimization opportuni-
ties, e.g., absorbing redundant loading with interconnects.

Therefore, we propose the declarative programming para-
digm to take cross-SM cooperation as first-class abstractions.
Observation. Despite the vast diversity in the computa-
tional semantics of DNN programs, we observe that those
necessitating SM-level cooperation share a highly stylized
workflow. We formalize it as the partial-reduce execution
model, where the partial stage generates intermediate states
in parallel, and the reduce stage aggregates these interme-
diate states. For instance, in decoding attention (§2.2), the
Split-KV operations correspond to the partial phase, whereas
the combine operations act as the reduce phase. Furthermore,
the partial and reduce operations can be flexibly composed
into various execution patterns. As Table.1 shows, the MoE
forward conforms to a partial-partial-reduce topology, while
the RMSNorm follows a partial-reduce-partial pattern.

Operator-based declarative programming. Inspired by
classic systems such as Spark [72, 73], we propose a declara-
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def decoding_attn (Q, K, V, NUM_HEAD, batch):

@Intermediate
class attnInter: lse: float; o: Tensor(O_shape)
@Iter(range=(start, end), affinity = shared_prefix_range)
def attnSplitKV(seq, head, Q, K, V) -> attnInter:
acc_o, lse = @, -inf # The implementation is simplified
Copy(Q[Lseq, head], Q_shared)
for idx in Pipelined(start, end): #load&compute pipeline
Copy(K[seq, idx, head], K_shared, absorbable = True)
Copy(V[seq, idx, head], V_shared, absorbable = True)
GEMM(Q_shared, K_shared, acc_s)
Softmax(acc_s, acc_s_cast, lse, scores_scale, ...)
GEMM(acc_s_cast, V_shared, acc_o)
return attnInter(lse=1lse, o=acc_o)
@Reduce
def attnCombine(iList: [attnInter]) -> attnInter:
1_max, l_norm = -inf, 0.0
acc = alloc_shared(init=0.0, shape=0_shape)

for i in ilist:

weightedAccumAndNorm(i.lse, i.0, 1_max, 1_norm, acc)
return attnInter(lse=1_max + log2(l_norm), o=acc)
@Finalize
def attnFinalize(inter: attnInter, seq, head, Output):
Copy(inter.o / exp2(inter.lse), Outputl[seq, headl)

with ParallelTasks(NUM_HEAD, batch) as (head, seq):

partial(attnSplitKV(seq, head, Q, K, V))
.reduce(attnCombine())
.finalize(attnFinalize(seq, head, Output))

»MoE forward, with the function implementations omitted
with ParallelTasks(NUM_EXPERT) as (expert):
map (FFN1(expert, tokens)).reshard(reshardInterm())
.map(FFN2(expert)).gather (by=tokenID)
.reduce(weightedSum())
.finalize(MoEFinalize (Output))

Figure 6. Decoding attention and MoE forward with Meld.
Notably, the chaining syntax (e.g., partial().reduce()) only declares
dataflow semantics; the actual sub-task partitioning and reduction
orchestration are determined at runtime.

tive programming model. In contrast to traditional coupled
programming paradigms, Meld enables developers to de-
fine the generic computation logic through operators, while
leaving the specific parallelization/cooperation strategies dy-
namically tailored by the runtime according to input shapes.

Meld’s programming model is operator-centric. As Table.2
shows, developers express computation logic by defining and
composing operators. The iter and map operators are both
partial operators that compute over an arbitrary range along
an input dimension. But iter produces fixed-size intermedi-
ate results regardless of range length (e.g., attention), while
map’s output size scales with the range (e.g., MoE forward).
The reduce operator specifies the logic for merging interme-
diate results, and finalize dictates how the final reduction
output is handled. The operators support parallel execution
across multiple SMs via the Parallel primitive. Fig.6 shows
the code for decoding attention and MoE forward.

Meld specifies the intermediate states with the intermediate
abstraction. It serves as the connection between the oper-
ators. Through this abstraction, Meld decouples the man-
agement of intermediate results from the computation logic.
Programmers are relieved from managing the placement and
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Op. |Description
» A partial operator. An Iter subtask generates an intermediate
result from inputs within a designated range.

» The affinity accepts a user-defined function to specify the

Iter |range eligible for copy absorption between two tasks. absorbable
flag of .copy annotates data loads eligible for absorption.

» It can exploit multiple blocks with Parallel primitive, e.g.,
with Parallel(ceildiv(dexpert, block_dexpert), 1) as (bx, by) :
A partial operator, generates an interm. result for each element.
It aggregates two or more intermediate results. The output is
also an interm. result to facilitate cascaded/tree-based reduction.
Redistribute interm. results between two partial operators; e.g.,
Reshard|between MoE forward’s two partial stages, the interm. results
are re-sharded across SMs (facilitated by on-chip interconnect).
It collects per-element interm. results produced by Map across
Gather |tasks and regroups them by element identity, enabling cross-task
Reduce; e.g., in MOE, it gathers each token’s expert outputs.
Finalize |[Execute following the final reduce (e.g., materializing results).

Table 2. Operators in Meld. Meld operator set is extensible.

Map

Reduce

transmission details, which are coupled to specific schedul-
ing strategies, and dynamically orchestrated by the runtime.

Holistic optimization with copy absorption. SM coopera-
tion unlocks a new optimization we call copy absorption [74],
which eliminates redundant data fetches from global memory
by broadcasting the shared data across SMs with on-chip in-
terconnects. Meld introduces the affinity abstraction, which
accepts a user-defined function that identifies the ranges
eligible for copy absorption between two partial tasks (e.g.,
with shared prefix KV cache). Within Meld, data copies are
facilitated by the Copy primitive, where developers can anno-
tate the copies that are eligible for absorption. With affinity
abstraction, Meld constructs a global view for batch-level
optimization, which guides runtime’s orchestration (§4.3).

4.2 Taming On-Chip Links with Hybrid Primitives

Although the on-chip interconnects have been introduced in
mainstream (NVIDIA Hopper/Blackwell) GPUs, their under-
lying topology remains opaque. Furthermore, relying on the
high-level CUDA interfaces causes severe SM underutiliza-
tion (§2.4), which often negates the performance benefits.

Dissecting the on-chip heterogeneity. Our reverse engi-
neering’ finds that, distinct from chip-wide interconnects in
wafer-scale chips [75-88], GPU on-chip interconnects adopt
a group-based topology. Specifically, SMs are (physically)
partitioned into multiple groups (GPCs, Graphics Process-
ing Clusters). As Fig.7 (b) shows, SMs within a group enjoy
all-to-all connectivity, but no direct interconnect exists be-
tween SMs across groups. The interconnect provides highly
efficient data transfer, with 4 X the bandwidth and 1/7 the
latency of HBM-proxied transfer. However, as Fig.7 (a, c) il-
lustrates, it is spatially localized and highly heterogeneous;
on a single GPU, the GPC sizes range from 2 to 20.

"Method detailed in Appendix A. The combination of some SMs (e.g., the
1x8-SM and 4 x 2-SM in H100) is considered a special logical GPC (without
full on-chip interconnect) in some documents.
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GPUs Topology
H100 2x (18 SM GPC), 5 x (16 SM), 1 x (8 SM), 4 x (2 SM)
H20 1x (12 SM GPC), 2 x (10 SM), 4 x (8 SM), 7 x (2 SM)
B200/B300 |3 x (20 SM GPC), 4 x (18 SM), 1x (10 SM), 3 x (2 SM)
GB200/GB300 |5 x (20 SM GPC), 2 x (18 SM), 1x (12 SM), 2 x (2 SM)

(c) Interconnect topology for other GPUs
Figure 7. GPU on-chip topology. We report bidirectional band-
width. The SM-to-SM bandwidth drops to 84% for clusters with > 8 SMs,
indicating more complex hardware mechanisms. As far as we know,
this is the first work to characterize GPUs’ on-chip cluster topology.

Challenges. The unique topology of GPU interconnects
introduces two dimensions of heterogeneity, which impede
efficient SM-level cooperation. First, the locality of inter-
connects dictates that SM-level cooperation has to rely on
heterogeneous communication paths (i.e., HBM-proxied and
link-based), necessitating specialized communication primi-
tives. Second, cluster heterogeneity dictates that relying solely
on CUDA’s native cluster abstraction leads to SM fragmen-
tation, demanding novel cluster dispatching mechanisms.
Hybrid primitives for heterogeneous links. Due to the
spatial locality of on-chip interconnects, practical SM-level
cooperation must rely on hybrid communication paths, com-
bining high-speed on-chip links and global HBM. Meld de-
signs a set of primitives based on the hybrid model.

As Table.3 shows, the send/recv primitives leverage TMA-
based async copy (between SMs’ shared memory) and double
buffering (async mode) to achieve high-performance transfer,
while employing hardware mbarriers for synchronization.
When cross-cluster communication is required, they fall back
to HBM-proxied transfer, with polling-based synchroniza-
tion. The broadcast facilitates copy absorption (i.e., coopera-
tive loading). The allGather and allReduce primitives adopt
a two-phase strategy. They first communicate (in parallel)
within each cluster, followed by a data exchange via global
memory. To maximize efficiency, Meld scheduler (§4.3) pri-
oritizes the use of async send/recv for communication, and
attempts to use allGather/allReduce within a single cluster.

Hybrid dispatching for heterogeneous clusters. CUDA
introduces the cluster abstraction, enabling a kernel to spec-
ify its cluster size. But the mismatch between the hardware-
oblivious abstraction and heterogeneous hardware clusters
leads to severe SM fragmentation (e.g., a cluster size of 10-16
on H100 leaves 20-62 SMs idle). While Blackwell introduces
a fallback cluster size®, the alignment constraints restrict

8cudaLaunchAttributePreferredClusterDimension.
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Primitives |Design and implementation

Intra-cluster: Async transfer with TMA, and mbarrier for
synchronization.

Inter-cluster: TMA-based store and load to/from HBM,
polling an HBM synchronization variable for synchroniza-
tion. Device-scope fences enforce memory ordering.

The program specifies a group of SMs within a cluster with
amask. A designated SM issues (TMA) copies and multicasts
to the others, while the others synchronize via mbarriers.
Phase 1: Intra-cluster. Ring allGather/allReduce.

Phase 2: Inter-cluster. Global memory-based data ex-
change and flag-based synchronization.

send/recv
broadcast
(load)

allGather
allReduce

Table 3. Hybrid communication primitives. Meld can adopt
other inter-cluster allGather/allReduce algorithms [89, 90].

this fallback to 2 for full SM utilization, underutilizing on-
chip interconnects; e.g., on B40 GPUs, optimal interconnect
efficiency requires a layout with 10 16-SM and two 14-SM
clusters, but currently only a 2-SM fallback is supported.
Therefore, Meld proposes heterogeneity-aware cluster dis-
patching. For each GPU, guided by its topology, Meld de-
termines a mix of 2-3 cluster sizes, to maximize on-chip
interconnect utilization while ensuring full SM occupancy.
Specifically, starting from the largest feasible cluster size, it
progressively matches GPCs and falls back to smaller sizes
for remaining SMs. To execute a program with different clus-
ter sizes, Meld transparently launches concurrent kernels’
with distinct cluster configurations (via multiple streams).
GPU’s unified global memory address space enables the clus-
ters in concurrent kernels to still synchronize and commu-
nicate via the HBM-based primitives. Meld virtualizes clus-
ter/block ranks across the concurrent kernels. On Blackwell,
it hybridizes concurrent kernel dispatching with native fall-
back cluster size. Meld scheduler (§4.3) orchestrates tasks
across the clusters, which remain transparent to developers.

4.3 Hierarchical Coordination with Stage Fusion

Empowered by decoupled execution and Meld abstraction,
Meld dynamically dictates hardware mapping and collabora-
tion strategies based on input shapes with Meld scheduler.

Challenges. Unlike wafer-scale chips [77, 78] that support
fabric-wide data flows, a GPU’s on-chip interconnects are
strictly confined within SM clusters. This architectural con-
straint introduces a fundamental tension: coarse-grained task
allocation fails to achieve GPU-wide load balance, whereas
fine-grained assignment incurs prohibitive transmission and
synchronization overheads via off-chip memory.

Hierarchical scheduling. To align with this hardware topol-
ogy, Meld introduces a two-tiered scheduler. Tier-1 governs
inter-cluster task allocation to minimize cross-cluster data
traffic, while Tier-2 manages intra-cluster orchestration to
establish a bubble-free, sub-task-level execution pipeline.

Kernels on different streams run concurrently when their SM/cluster re-
quirements do not conflict. Meld chooses non-overlapping cluster/grid
configurations to enable co-residency, and assigns different priorities to the
streams (so that kernels with larger cluster sizes are launched first).
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Figure 8. Hierarchical scheduling in Meld scheduler.

Inter-cluster scheduling with hybrid graph. To preserve
global load balance without exacerbating communication
costs, Meld first calculates a workload budget for each clus-
ter. It then constructs a two-level traffic graph to guide task
allocation (Fig.8 (a)). Specifically, at batch level, the graph
captures inter-task traffic, e.g., for attention, its edges denote
the reducible data loading from copy absorption across se-
quences; for MoE forward, its edges denote the intermediate
state transfers incurred by the gather operator across ex-
perts. At task level, the graph captures the dataflow between
operators (e.g., partial = reduce), where the edge weights,
representing intermediate state transfer costs, are parame-
terized by the degree of partitioning of partial operators.

Based on this hybrid graph, Meld clusters nodes into task
groups and maps them to hardware clusters using a largest-
first heuristic. If a group exceeds a cluster’s budget, Meld
applies a hybrid cutting strategy that blends group-level and
task-level partitioning to minimize the overall increase in
off-chip memory traffic, as Fig.8 (b) shows.

Intra-cluster orchestration with stage fusion. Within
each cluster, Meld schedules sub-tasks using stage fusion. By
leveraging fine-grained synchronization and high-speed on-
chip data transfers, stage fusion transforms traditional phase-
by-phase execution into a fluid, sub-task-level pipeline.
Specifically, as Fig.8 (c) shows, when the available shared
memory suffices for a communication buffer (e.g., most Iter
tasks like attention), Meld prioritizes asynchronous trans-
mission with just-in-time reduction. It first schedules co-
operatively loaded segments, then arranges the tasks (e.g.,
sequences) in longest-first order, and finally adjusts the plan
by interleaving short tasks into the SMs filled by long ones,
forming a fluid asynchronous pipeline. Conversely, when
shared memory is constrained (e.g., Map tasks like MoE for-
ward), Meld falls back to synchronous communication while
still sustaining the sub-task-level pipeline. The scheduling
is constrained by the per-SM workload budget to ensure
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Instr. queue handler: iter, handler: reduce, handler:
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Figure 9. Execution paradigm of Meld. When multiple thread
blocks are needed to saturate an SM, the instruction queue is per-block.

workload balance across SMs. After intra-cluster orchestra-
tion, Meld inserts cross-cluster communication primitives to
integrate intra-cluster pipelines into GPU-wide cooperation.
Developers can also integrate custom schedulers.

4.4 Execution with Executable-Runtime Decoupling

Traditional compilers [22-24, 26] conceptualize compilation
as lowering high-level abstractions into fixed programs. How-
ever, dynamic inputs necessitate adaptive scheduling, and
the resulting schedules must be adaptively mapped onto the
non-uniform topology, which challenges this static model.

Execution with decoupling. Meld abandons the static
model, and decouples the output program into two distinct
components: static executables and a dynamic runtime. The
executables consist of pre-optimized operators wrapped as
handlers. The runtime comprises a scheduler for orchestra-
tion and a GPU kernel (called wrapper) that executes the
scheduler’s directives. During execution, the scheduler first
generates the execution plan based on specific input shapes.
Subsequently, the GPU wrapper carries out the plan by invok-
ing the appropriate handlers and communication primitives.

Challenges. While decoupled execution enables adaptabil-
ity, building an efficient runtime introduces three challenges.
First, the opaque, black-box GPU hardware scheduler pre-
vents the precise mapping of our execution plans onto the
heterogeneous SM topology. Second, fine-grained, dynamic
task partitioning can easily disrupt and stall the highly opti-
mized intra-SM hardware pipelines. Third, the overhead of
dynamic scheduling may incur undesirable GPU stalls.

Task mapping with instruction queue. Traditional ap-
proaches that rely on the hardware GPU scheduler [21, 22]
cannot achieve precise task mapping onto the heterogeneous
topology. To overcome this, Meld bypasses the GPU sched-
uler entirely. At compile time, Meld derives a unified thread
block configuration (e.g., shared memory size, thread count)
for each DNN program based on its operators. At runtime, it
launches a wrapper kernel to fully saturate the GPU. Each
wrapper block fetches sub-tasks from an SM-specific instruc-
tion queue populated by the Meld scheduler. Each instruction
in the queue specifies a handler, its parameters, and the com-
munication primitives to invoke upon handler completion
(Fig.9 (a)). This OS-like approach decouples hardware threads



from software tasks, enabling topology-aware mapping and
highly flexible SM cooperation.

Stall-less intra-SM pipeline. Modern GPUs rely on intra-
SM pipelines across hardware units to maximize efficiency [22].
This is typically realized through warp specialization [18, 41],
where warp groups are assigned distinct roles (e.g., usually
one warp group for async load/store via TMA [53], and sev-
eral groups for computation). However, in Meld, executing
instructions at the granularity of thread blocks introduces
pipeline stalls between consecutive instructions, degrading
overall efficiency. To resolve this, Meld leverages the consis-
tent role distribution across handlers to construct a stall-free
pipeline. It prefetches the instructions and fuses the intra-SM
pipelines across handlers. As Fig.9 (b) shows, data loading
for the subsequent instruction is proactively executed while
the current instruction’s computation is still in progress.
Coordination with tiling strategies. Traditional approaches
rely on uniform kernel implementations, which compromise
efficiency of fine-grained SM cooperation. Meld not only dy-
namically determines the execution plan but also adaptively
tailors the tiling strategy for each sub-task. Specifically, at
compile time, Meld generates handlers with different tiling
strategies for different sub-task shape ranges. At runtime, it
dispatches the appropriate handler to each sub-task.

Async scheduling and plan cache. Although Meld sched-
uler is efficient, it may still lead to GPU idling and impede
the full effectiveness of CUDA graphs [91]. We observe that
within high-level frameworks [43, 54, 92-96], time windows
typically exist between determination of input shapes and
actual kernel invocation, creating an async scheduling op-
portunity. For instance, inference frameworks employ async
task scheduling [97, 98], overlapping task scheduling for the
next decoding step with the execution of the current one.
Similarly, in expert parallelism [99, 100], token-to-expert
routing metadata is available before the actual token arrives.

Therefore, Meld schedules asynchronously, allowing frame-
works to pre-schedule and persist the results (i.e., instruc-
tion queues) in GPU memory. Furthermore, Meld proposes a
plan cache to reuse the scheduling plans. For example, dur-
ing inference, the plans for attention can be shared across
all the transformer layers within a step. And because Meld
schedules at the granularity of KV cache blocks, consecutive
decoding steps can usually also share the plans.

5 Implementation

Meld is built on TileLang [21, 27] and TVM [28], with ~ 60K
lines of CUDA/Python modifications.

Tile selection and resource provisioning. At compile
time, for each operator, Meld generates multiple handlers
for different sub-task size ranges (e.g., sub-sequence-length
ranges for attention), potentially using a different tiling strat-
egy for each handler. The wrapper uses the maximum thread
count required by the handlers. A handler requiring fewer
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threads activates only the corresponding subset of threads
or warps. The wrapper’s per-thread register allocation is
likewise fixed at compile time based on the handler set.
When handlers use different numbers of active warp groups,
Meld optionally emits setmaxnreg.dec and setmaxnreg.inc
instructions to redistribute registers among warp groups.

Shared-memory allocation. Within the available shared-
memory budget, Meld follows a compute-first allocation pol-
icy. It first reserves the memory required by the handler’s
computation tiles and assigns the remaining capacity to com-
munication slots. Async just-in-time reduction requires one
additional intermediate-sized buffer. If the compiler finds
the remaining shared memory insufficient for communica-
tion slots, the scheduler selects synchronous communication,
which reuses the computation tiles for communication.

Cross-SM synchronization. Each communication slot is as-
sociated with a hardware-managed mbarrier. Before issuing
a transfer, the producer ensures that the destination slot is
reusable and initializes the barrier with the expected number
of bytes (mbarrier.arrive.expect_tx). It then issues an asyn-
chronous TMA copy directly into the consumer SM’s slot.
TMA hardware updates the barrier as bytes arrive, and the
consumer accesses the slot only after the barrier reports com-
pletion (mbarrier.try_wait.parity). The barrier also guards
the lifetime of the source slot: the producer cannot reuse the
source slot or exit while the communication is still live. For
cross-cluster communication, where direct shared-memory
transfer is unavailable, Meld instead uses HBM-resident ex-
change buffers, atomic synchronization variables, and device-
scope fences to enforce visibility and ordering.

Integration with CUDA Graph. Kernels generated by Meld
can be integrated into CUDA Graphs as before (i.e., capture
once and then replay) because their launch metadata re-
mains fixed across inputs, e.g., kernel arguments, pointer
addresses, and grid/block configuration. For dynamic inputs,
Meld scheduler only updates the contents of per-SM instruc-
tion queues before graph replay via CPU-GPU copy.

6 Evaluation

Kernels and hardware. We evaluate Meld using kernels
critical to LLM inference/training with dynamic workloads,
as Table.4 details. We mainly evaluate on Hopper (H100) and
Blackwell (GB200) GPUs, which represent the mainstream
hardware in industrial data centers. We also validate on RTX
5090, a representative consumer-grade GPU.

Workloads. For kernel-level performance benchmarks (§6.1),
we replay representative real-world traces (Table.4) to cap-

19Much evidence suggests that, on GPUs based on GB202 chipsets, e.g., RTX
5090 and B40 (SM120), the cluster functionality is emulated in software
using synchronization variables and buffers in global memory, rather than
implemented through hardware on-chip interconnects. Meld uses cluster
functionality for fine-grained inter-SM synchronization, but avoids using its
multicast functionality, which would cause severe performance degradation.



Kernels GPUs Settings
Attention (GQA) RTX 5090 Qwen3-1.7B [3], TP=1
Attention (GQA)  H100/GB200 Qwen3-30B-A3B, TP=2
Attention (MLA)  H100/GB200 DeepSeek-V3.2 [2], TP=4
Qwen3-30B-A3B and
MoE forward H100/GB200 DeepSeek-V3.2, EP=4, EPLB [101]
MoE forward RTX 5090 GPT-0SS-20B, EP=1 [101]
NSA indexer H100/GB200 DeepSeek-V3.2, FP8
RMSNorm H100/GB200 Dim of 32K-80K
Cross-entropy loss H100/GB200  RL/SFT [102-104] for math/code
Scenarios Traces air);o;znslﬁl }::gs.l:;?ts(;
Chat w/ think Dolphin-r1 [105] 138 & 325 3259 & 3497
Fast chat ShareGPT [46] 929 & 1264 466 & 652
Math OpenR1-Math [106] 87 & 66 11311 & 7401
Code OpenThoughts-Code [107] 405 &234 7650 & 5641

Table 4. Kernels and workload traces used for evaluation.

ture batch-level load distributions. For sequence-length-depen-
dent kernels (e.g., attention, NSA), we record per-batch length
distributions across batch sizes for every forward pass and
apply quantile normalization to derive average distributions.
For MoE, we record per-token expert routing to compute
average activation distributions. For serving benchmarks
(§6.4), we use the traces directly as the input requests.

Metrics. We use latency as the primary metric for kernel
performance, and report the average latency across 100 iter-
ations following 50 warm-up runs. We also assess the end-
to-end performance within a fully integrated serving system,
with throughput as the metric, measured in tokens/s.

Baselines. We compare with 6 baselines, including expert-
optimized kernels [6-8, 10], i.e., FlashInfer (v0.6.0), FlashMLA
(48c6dc4), FlashDecoding (a5856bf), DeepGEMM (477618),
and widely adopted compilers, i.e., TileLang (v0.1.8), Triton
(v3.5.0). The TileLang/Triton operator implementations are
from TileOps [108], official examples [109], and production
implementations within vLLM/SGLang [43, 54].

6.1 Performance of GPU Programs

Attention (GQA, MLA). For the GQA kernel, Meld out-
performs FlashDecoding, FlashInfer, TileLang, and Triton
by 1.24-3.68%, 1.02-1.53%, 1.10-2.45X, and 1.35-3.00X. For
the MLA kernel, Meld outperforms FlashMLA, FlashInfer,
TileLang, and Triton by 0.98-1.65%, 1.01-2.78X, 1.12-2.03X,
and 1.46-2.59%. As detailed in §2.2 and Fig.3, FlashDecod-
ing, TileLang, and the Triton kernel (from vLLM) all employ
the Split-KV strategy. Although FlashInfer and FlashMLA
incorporate customized scheduling, fundamental inefficien-
cies persist, e.g., SM underutilization during the “combine”
phase, memory traffic for intermediate results, and uniform
tiling strategies. Furthermore, FlashDecoding incurs internal
memory allocation overhead for intermediate results, which
severely degrades its performance at small batch sizes. We
utilize randomly generated KV here. With shared prefixes,
Meld achieves an additional speedup of 1.04-1.71x (Fig.11).
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DeepSeek NSA indexer uses compressed and quantized
Queries and Keys to compute scores for each token chunk
and select the top-k chunks for sparse attention. Meld out-
performs DeepGEMM, TileLang, and Triton by 1.12-2.06X,
1.12-3.06%, and 1.39-3.58%. The baselines execute with two
kernels. The first computes logits for every chunk; the sec-
ond sorts and selects the top-k chunks. In contrast, Meld
employs a fused partial (Iter)-reduce execution. An Iter sub-
task finds the top-k chunks within its local sub-sequence,
and outputs the local top-k chunks, their scores, and the Log-
Sum-Exp (LSE) (for normalization) as intermediate states. A
Reduce sub-task normalizes the scores and applies a merge
sort to yield the merged top-k results. Meld bypasses the
global memory traffic incurred by intermediate logits, and
avoids the long tail and SM idling of the top-k phase.

MOoE forward follows a partial (Map)-partial (Map)-reduce
paradigm (§2.2). Meld outperforms the baselines (FlashInfer,
TileLang, Triton) by 1.06-2.92%, 1.34-1.96X, and 1.53-3.76X,
primarily because: (1) By leveraging fine-grained sub-task-
level dependencies, Meld fuses all phases into a single kernel,
eliminating the overhead of repeated kernel launches and
terminations, as well as the low utilization caused by long-
tail execution in each phase (heavy experts or the underfilled
tail-wave). (2) Through SM cooperation, Meld enables direct
intermediate state transfer across phases without incurring
expensive HBM traffic. (3) Copy absorption further reduces
the overhead of repeatedly loading hidden states in GEMM-1.

RMSNorm normalizes hidden states via two stages: travers-
ing elements to compute Root Mean Square and applying it to
normalize elements. FlashInfer and Triton restrict each hid-
den state’s RMSNorm to a single SM. For large dimensions,
they employ redundant chunked loading. TileLang’s Split-K
uses three stages, i.e., parallel local RMS computing, RMS
merging, and parallel normalizing, but incurs HBM overhead
for intermediate results and redundant hidden state loading.
Meld adopts a fused partial (Iter)-reduce-partial (Map) par-
adigm: multiple SMs compute local RMS in parallel, merge
values via the on-chip interconnects, and directly normalize
the hidden state that is already resident in shared memory.
This cross-SM fused execution avoids HBM traffic and redun-
dant loading. Meld outperforms FlashInfer, TileLang, and
Triton by 1.05-1.61%, 1.02-1.49X, and 1.09-1.80X.

Cross-entropy loss (CE) is commonly employed in Rein-
forcement Learning (RL) and Supervised Fine-Tuning (SFT)
to aggregate per-token losses and derive the final per-sequence
loss. Meld adopts a partial (Iter)-reduce paradigm. In con-
trast to baselines that rely on static Split-K strategies, Meld
achieves more effective global workload balancing and low-
overhead intermediate transmission. It outperforms TileLang
and Triton by 1.22-1.52X and 1.27-1.56X.

Copy absorption for attention. During inference, requests
often share common prefixes, e.g., system prompts and agent
tool/skill descriptions. For instance, Claude prepends a 13K-
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Figure 10. Performance of various kernels, under various traces.
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fixes of 1K-8K tokens, Meld achieves 1.04-1.71X additional E ’ 1K 2K 4K 8K 1K 2K 4K 8K

speedup in MLA over Meld without copy absorption.
Summary. Meld outperforms hand-optimized and compiler-
based solutions, because: (1) It dynamically balances work-
loads across SMs, minimizing SM idling. (2) With stage fusion,
it mitigates HBM traffic for intermediate states, and circum-
vents SM underutilization in “reduction” phases. (3) It gener-
ates customized handlers (with customized tiling strategies)
tailored to varying sub-task shapes, and uses the optimal vari-
ant flexibly at runtime. (4) With copy absorption, it reduces
redundant data loading, e.g., attention and MoE forward.
While some hand-optimized kernels use customized sched-
ulers for “partial computing” phases, they fail to address the
systemic challenges in (2)-(4) without SM-level cooperation.

Prefix length (tokens)

Figure 11. MLA performance with different prefix lengths.
H100 (SXM5) GPU, BS = batch size. The relative uplift diminishes at
batch size 128 as the proportion of prefix tokens decreases.

6.2 Ablation Study

We further break down the improvements. As Fig.12 shows,
“decouple” means dynamic orchestration with decoupled exe-
cution, i.e., with persistent scheduling and fine-grained load
balancing, but using HBM-based communication instead
of the on-chip interconnects; “+cooperate” means on-chip
interconnect-based communication, i.e., just-in-time reduc-
tion; and “+absorb” means copy absorption (i.e., full Meld).
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Take attention and MoE as examples. For fused-MoE ker-
nels, the gains primarily come from decoupling and coop-
eration. Decoupling introduces fine-grained dependencies,
enabling GEMM-1 and GEMM-2 to be fused and eliminat-
ing the long tails caused by heavy experts. Cooperation en-
ables GEMM-1’s intermediate to be resharded directly among
SMs through the SM-to-SM interconnect, avoiding additional
HBM traffic and device-scope fences. Copy absorption is used
only to accelerate hidden-state loading in GEMM-1 and pro-
vides a modest improvement (1.04X for DeepSeek).

For attention kernels, fine-grained load balancing enabled
by decoupling contributes significantly at small batch sizes,
where the long tails and workload imbalance in the Split-
KV and Combine phases are more severe. Copy absorption
contributes substantially at large batch sizes but provides
modest benefits at small batch sizes. Cooperation delivers
performance benefits at both large and small batch sizes.

6.3 Comparison with MegaKernels

Meld and recent MegaKernels [115-117] share some sources
of speedup, such as reducing kernel-launch overhead through
extensive fusion. However, even fully fused MegaKernels
can still suffer from low utilization under dynamic and irreg-
ular workloads, which usually have complex and dynamic
cross-SM dependencies across execution phases. For exam-
ple, MPK [115] relies on a static partition method for de-
coding attention (i.e., a pre-defined max chunk length), and
the reduction for a long sequence starts only after all of its
partial (i.e., split-KV) tasks have completed, which can create
tails for the long sequences within the batch (and leave SMs
waiting on the event counter before entering MoE Grouped
GEMM). Meld’s key contribution is that it proposes a gen-
eral and efficient solution for dynamic cross-SM dependen-
cies, i.e., fine-grained dependencies enabled by SM cooperation,
which enables balanced execution and high SM utilization.
In workloads with relatively simple and static cross-SM de-
pendencies, such as MoE forward, recent MegaKernels (e.g.,
MegaMoE [116, 118]*!) achieve load balance using special-
ized schedulers and implement fine-grained communication
through MoE-specific HBM-resident buffers. Compared with
them, Meld expresses these mechanisms through a general
DSL and runtime, and further leverages on-chip SM cooper-
ation to optimize synchronization and data movement.

MegaMoE was released after this paper’s submission.
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Figure 13. MoE forward performance. H100 GPU, Math trace.

As Fig. 13 shows, compared with MegaMoE, the fused-
MoE kernels generated by Meld achieve comparable perfor-
mance (up to 1.34 X) and perform better at small token counts
(DeepSeek) or small expert sizes (Qwen). This improvement
primarily comes from Meld’s on-chip-interconnect-based
SM cooperation, which is more efficient than inter-SM data
transfer through global-memory buffers.

Meld can be further integrated with MegaKernel meth-
ods [115, 119] and the communication—-computation fusion
techniques [120, 121] to enable broader fusion while main-
taining efficient and load-balanced execution.

6.4 End-to-End Performance

We integrate Meld into Mini-SGLang [122], which is SGLang’s
official compact implementation with equivalent performance.
Mini-SGLang uses FlashInfer, TensorRT-LLM [123] kernels,
and hand-written SGLang kernels [124]. We allow the in-
ference system to automatically adjust batch size and intra-
batch composition. As Fig.14 shows, under real-world work-
loads, Meld achieves up to a 1.39x throughput improvement.
The improvement of Meld on GB200 is more significant
than on H100, because GB200 has more SMs, which amplifies
the workload imbalance among SMs, makes SM underuti-
lization during reduce phases more severe, and increases
the overhead of repeatedly storing and loading intermediate
results (as tasks are partitioned into more sub-tasks).

6.5 Extended Studies

6.5.1 Development Efforts. To use Meld, developers typ-
ically only need to rearrange existing computation logic into
operators (§4.1). As Table.5 shows, MLA on H100 with Meld
requires 27 lines of additional code.

6.5.2 Hardware utilization. From the perspective of hard-
ware utilization, Meld accelerates kernels for two main rea-
sons. (1) Fine-grained dependencies and balance eliminate
the low-utilization tail of the phases, improving compute and
memory-bandwidth utilization. (2) SM cooperation avoids
expensive round trips through global memory, which reduces
end-to-end time. Theoretical effective-bandwidth estimates
show that Meld achieves 2,688 GB/s HBM bandwidth (H100,
128 tokens, DeepSeek-Math), which is 2.5% that of FlashInfer
CUTLASS fusedMokE (1,070 GB/s). This improvement primar-
ily results from (1). Compared with MegaMoE (2,781 GB/s),
Meld achieves 97% of its effective bandwidth. Its lower la-
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tency relative to MegaMoE is because of (2).

6.5.3 Scheduling and Compiling Time. As Table.5 shows,
Meld’s scheduling takes < 2 ms, which can be overlapped via
async scheduling. Its compilation takes 1.5-2.2X as long as
TileLang’s, as it generates handlers for different sub-task
shapes. This is acceptable because only an initial compila-
tion is needed for dynamic workloads.

6.6 Discussion

Generality. Meld achieves full functionality on GPUs with
on-chip links (Hopper, Blackwell, Rubin). For GPUs with-
out them, it falls back to global memory-based communi-
cation and flag-based synchronization, but still yields im-
provements, as Fig. 12 (+decouple) confirms. Meld is also
implemented on Ascend NPUs, proving its generality.

Limitations and scope. Meld runtime is designed for dy-
namic workloads that require SM cooperation and precise
mapping onto the heterogeneous SM topology. For homo-
geneous, static workloads, e.g., GEMM, relying on the GPU
hardware scheduler and CLC [125] to dispatch thread blocks
is typically simpler and more efficient.

Deterministic execution. Deterministic, batch-invariant
kernel execution is important for training and debugging, but
is often undermined by nondeterministic block scheduling
and accumulation order. With the runtime that bypasses GPU
scheduler and just-in-time reduction, Meld kernels provide
deterministic execution. We have verified that Meld achieves
bitwise determinism for the evaluated kernels.

7 Related Work

Dataflow processors. While dataflow processors [75-85]
have on-chip links, they diverge fundamentally from GPUs.
They statically map operators onto PUs, with compile-time-
fixed communication patterns; e.g., Graphcore/Groq IPUs
enforce chip-wide alternating compute and exchange phases.
In contrast, GPU’s SIMT model temporally multiplexes SMs,
enabling computation and communication to be flexibly in-
terleaved, which underpins Meld’s flexible SM cooperation.
Besides, dataflow processors employ homogeneous meshes,
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Kernels Meld LoC vs. TileLang sched. time comp. time
MLA +27 1.71ms 21.75(1.8%)
GQA +31 1.66 ms 23.7s (2.1%)
MOoE forward +26 1.04 ms 16.9s (1.3%)
NSA indexer +25 1.56 ms 36.3s (2.2X)
RMSNorm +37 0.44ms 1.34s (1.8%)

CE loss +19 1.65 ms 7.45s (1.5%)

Table 5. Development efforts and compiling/scheduling time.
Sched. time reported for the last setting (Fig. 10, H100) per program.

and rely on a flat SRAM hierarchy. GPUs utilize heteroge-
neous interconnects (§4.2) and a pyramidal hierarchy (§2.1).
Kitsune [126] enables the dataflow execution model on GPUs
by introducing L2-resident inter-CTA queues and a CUDA
spatial pipeline API. Meld exploits commodity GPUs, which
dominate data centers.

Specialized utilization of on-chip interconnect. Clus-
terFusion [127] manually fuses QKV projection, attention,
and output projection via interconnects, but adheres to a
“phase-by-phase” model. Its rigid static mapping (one cluster
per head per sequence) aggravates SM underutilization un-
der dynamic workloads, and fails to address cluster-induced
SM idling. FA-4[19] exploits 2-CTA interconnects with 2-
CTA UMMA in backward attention. QuUACK [128] exchanges
states with interconnects for kernels but does not support
dynamism, e.g., batches with various lengths. Unlike the
specialized techniques, Meld is a systematic framework for
general DNNGs. It provides multi-level interconnect abstrac-
tions; e.g., DNNs can embed a FA-4-style 2-CTA strategy in
Iter, while relying on Meld for flexible SM cooperation.
Compiler for dynamic NNs. Brainstorm [129] and PIT [130]
optimize systems for dynamic DNNs, which feature dynamic
network structures, instead of dynamic workloads. Tempo [131]
proposes symbolic dependence graphs for DNNs with tem-
poral dependencies; it is orthogonal to Meld.

8 Conclusion

We present Meld, a DNN compiler framework for dynamic
workloads. With dynamic SM-level cooperation, decoupled
execution, and just-in-time reduction, Meld fuses kernels
across SMs, with critical improvements over SOTA solutions.
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A Characterization of GPU Topology'?

We provide the reverse-engineered cluster topologies of
mainstream Hopper and Blackwell GPUs to facilitate future
research (Fig.7). We also provide the reverse-engineering
methodology, which allows one to obtain the GPU intercon-
nect topology by running the program, without physical
access to the hardware. The reverse engineering method
is highly portable and automated. It is software-only, and
completes in seconds. Therefore, it is integrated into Meld
to automatically characterize unknown GPU architectures
or updated GPU firmware at compilation time.

Clarification of the “GPC” term. Some documentation
mentions that H100/(G)B200/(G)B300 contain 8 GPCs. This
is because the SM combination of (1 x 8-SM, 4 x 2-SM) is con-
sidered a special logical GPC on H100, and so is the SM
combination of (1 x 10-SM, 3 x 2-SM) on B200/B300. For ease
of understanding, in this paper, we define a group of in-
terconnected SMs as a “GPC”. Notably, (G)B200/300 GPUs
consist of two dies with the same SM count, but they have
different GPC topologies. The cluster heterogeneity stems
from unavoidable defects during the GPU chip’s manufactur-
ing process. But our extensive testing across GPU clusters
reveals that, despite varying manufacturing defects across
individual GPUs, NVIDIA uses the firmware to mask the
topologies of GPUs of the same model so that they appear
identical.

Reverse engineering method. We provide a detailed de-
scription of the method to characterize GPC topologies.

Step-1: Probing the architecture. The first step involves a
systematic probing mechanism to determine the underlying
hardware topology characteristics. We define S as the set of
available software cluster sizes:

seS= {1, 2,3,. --ssmax} (Smax = 16) (1)

For each cluster size s, we launch a probing kernel with
sufficient thread blocks (each thread block occupies the full
shared memory capacity of a single SM, i.e., exactly one
thread block per SM) to obtain the maximum number of con-
current active thread blocks (by analyzing the timestamps).
We denote this observed maximum capacity as Nj.

Through this profiling, we obtain an observation vector,
which encapsulates the hardware’s constraints across differ-
ent (uniform) cluster sizes:

N=[N,Ny,...,Ns |7 2)

Step-2: Topology reconstruction. Based on the probing re-

sults, we can mathematically reconstruct the exact topology
of the on-chip interconnect.

12The appendix was not peer-reviewed.
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Let C be the set of possible hardware cluster sizes (in
number of cores). Since hardware clusters are typically com-
posed of even numbers of cores (i.e., hardware clusters are
composed of TPCs, with 2 SMs per TPC), we define

ceC={2,46,...,Cnax} (3)

Let x. represent the unknown number of hardware in-

terconnect groups of size c. Our goal is to determine the
vector

X = X9, %4 ..., %0, |7 4)
For a given hardware group of size c, the number of com-
pletely independent software clusters of size s it can accom-
modate is given by the floor division | |. Therefore, the
total number of active software clusters of size s across the
entire system must equal the sum of the contributions from
all hardware groups. This relationship yields the following
linear constraint for each s:

ZHxC:Ns, Vses
S

ceC
This can be expressed as a system of linear equations in
matrix form, Ax = N, where the coefficient matrix As. = [ ]:

®)

L2] H [E"{JJ x2 N
L%J L%J [%J Xl I\.fz ©
sz ls—] 22 )| (%] [NSpmar

Because the hardware configuration must consist of dis-
crete, non-negative quantities of groups, we formulate this as
a Mixed-Integer Linear Programming (MILP) problem.
The objective is to minimize the total number of hardware
groups, thereby finding the least fragmented architectural
configuration that perfectly satisfies all empirical observa-
tions. The optimization model is formulated as follows:

minixrnize Z = Z Xc
ceC
subject to Z [EJ xe=N;, Vse{l.. Suuxt
s
ceC
Xc € Zsg, VceC

By solving this MILP using standard optimization solvers
(e.g., Gurobi, SciPy), we obtain the exact distribution of hard-
ware cluster sizes (x.), successfully reverse-engineering the
hidden interconnect topology.
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