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I work towards a future where high performance computing systems are broadly accessible, where non-experts can
easily leverage high performance computers for data analytics, scientific computing and machine learning, and computing
experts can quickly translate new optimizations into fast code. Modern computing systems are rapidly growing in
complexity in both the architecture of individual processors to their aggregation as distributed systems. These multiple
fronts of increasing complexity result in challenges in both developing applications that run on individual compute
elements and scaling those applications onto distributed clusters. As a result, most programmers are either unable to
target modern high performance systems, or achieve only a small fraction of these systems’ promised capabilities.

I build efficient and productive programming systems for high-performance computing, enabling
experts and non-experts alike to leverage modern distributed and heterogeneous machines. We have
built a multi-layered software stack that enables non-expert users to compose high performance components and expert
users to productively build efficient implementations of those components. We have developed programming models |1,
2] and optimizations [3}, 4] for distributed runtime systems that allow for independently written distributed libraries
to compose with high performance. This work has been implemented within NVIDIA’s Legate system, which has
enabled, for the first time, an ecosystem of high-level libraries from different domains that users can mix and match to
efficiently target distributed machines. We implemented kernels for Legate libraries with the DISTAL [5, |6] compiler,
which generates distributed and accelerated dense and sparse tensor algebra computations from a compact, high-level
language. My latest research targets kernel development for modern accelerators, which are rapidly changing to meet the
computational demands of artificial intelligence. We proposed Cypress [7], a language for programming the asynchronous
accelerators in modern GPUs without exposing concurrency and data movement, enabling optimization and eliminating
entire classes of bugs.

As a professor, I aim to tackle the key problems of portability and productivity in programming high performance
computing systems. High performance computers continue to scale up and specialize further, consistently requiring
bespoke software tuned for each new hardware vendor and architectural generation. I am interested in developing
programming systems that allow programmers to develop correct, maintainable software for these complicated machines
that does not need to be rewritten for every new architectural jump. I envision the core of these programming systems
to be abstractions that enable reasoning over complex architectural features, and the combination of compilers and
runtime systems to manage different layers of the hierarchical hardware stack.

Composing Distributed and Heterogeneous Software

My first line of work focuses on programming modern supercomputers, which are distributed (multiple nodes) and
heterogeneous (each node has multiple kinds of processors, such as CPUs and GPUs). Programming supercomputers
today is an especially difficult task because it requires broad expertise of both low-level kernels that run on individual
accelerators to high-level algorithms that minimize and overlap communication across a hierarchical network.
Problem. Computer scientists hide complexity through abstraction and composition of modular software; experts
develop complex implementations and expose simple interfaces for non-experts. While distributed libraries exist for
specific domains [8] |9} |10} [11], composing multiple independent distributed libraries while maintaining correctness and
high performance is onerous. The burden of achieving both goals falls on the (likely non-expert) end user performing
the composition. The root of this difficulty is the lack of proper abstractions for distributed data and computation;
without them, distributed libraries make independent decisions (losing performance opportunities) and require users to
negotiate distributed data at library boundaries. Without efficient composition, an extensible ecosystem of compatible,
but domain-specific, libraries cannot exist, siloing high performance computing into narrow and isolated domains.
Approach. Our approach to distributed composition is a combination of compilers and runtime systems that
coordinate and co-optimize across library boundaries. We develop abstractions for distributed data [1] and distributed
computation [2] that allow libraries to flexibly define distributed computations and partitions of distributed data needed
by those computations. At the core of these abstractions sit task-based programs with a distributed data model to reason
about computations running on individual accelerators and the data those accelerators require. These abstractions allow
our runtime systems and compilers to ensure correctness (by understanding how distributed data flows across library
boundaries) and optimize performance (by selecting strategies that are efficient within the context a library is used).
Our work enables developers to write independent libraries that when composed, automatically overlap computation and
communication, fuse dependent computations, and minimize data movement, all across library boundaries. Our strategy
centers around late-binding performance-critical decisions (what distributed data layout to use, which computational
kernels to run) and just-in-time (JIT) analysis and code generation; therefore, controlling the overheads imposed by
these strategies is performance-critical. We therefore architect our runtime systems like JIT compilers that automatically
identify repeatedly executed traces through the application (that may span multiple libraries) and memoize analysis
for these traces [3]. Finally, we developed techniques to execute task-based programs with overheads comparable to
bare-metal systems like MPI, through a deep connection between actor-based and task-based programming models [4].
Taken all together, our work provides an end-to-end framework for building high-level, independent distributed libraries,
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and then running programs built from these libraries as fast as codes tuned directly for the target machine and workload.

Impact. Our work has become an integral part of NVIDIA’s recent Legate ecosystem, which is a production runtime
system for building compositional distributed and heterogeneous libraries. I developed Legate Sparse [1], a distributed
drop-in replacement for SciPy Sparse, which is one of the many Legate libraries available today as NVIDIA products;
this set includes cuPyNumeric [12], a distributed NumPy library, as well as gradient boosting, dataframe and ML
libraries. Other components of this research are either implemented directly in production Legate and its underlying
system Legion [13], or are road-map features for the NVIDIA engineering team. Legate is already being used by different
groups across academia and industry to scale workloads to clusters of GPUs and enable new science.

Domain-Specific Languages for Distributed Tensor Computations

Legate proposes several general-purpose techniques for composing computations on supercomputers. This line of work
instead focuses on the specific problem of mapping dense and sparse tensor computations to distributed machines, which
is an important class of workloads in scientific computing and artificial intelligence.

Problem. Developing high performance distributed tensor algebra computations intertwines choices of data and
compute partitioning, communication strategy, data structures and low-level compute kernels. While an expert may have
different strategies for a target computation, implementing and optimizing each one can require hundreds or thousands
of lines of low-level code. Additionally, due to the interleaving of the many decisions described above, many existing
libraries support only a subset of the space of tensor algebra expressions, data structures and distribution strategies.
When a user requires a computation not present in the library, or has distributed data in an unsupported orientation,
they must either write new kernels or pay significant overhead to fit their use case into what the library supports.

Approach. We developed DISTAL |5} 6], a DSL for dense and sparse tensor algebra that targets distributed and
heterogeneous machines. The key insight of DISTAL is the separation of the tangled components involved in developing
distributed tensor algebra programs: users independently specify the target tensor computation, data structures, dis-
tributed computation strategy and distributed data layout. DISTAL then weaves these independent specifications into
an efficient distributed implementation. We show that many existing algorithms for distributed dense and sparse tensor
computations can be expressed concisely through the composition of specifications for computation distribution, data
distribution and data layout within DISTAL. Similarly to Legate, the analysis required to realize DISTAL programs is
made possible through a combination of compilers and runtime systems, dispatching different portions of the analyses to
the component with the right information. For example, DISTAL leverages a hybrid static-dynamic analysis for sparse
tensor computations, where DISTAL statically generates code according to the shapes of sparse data structures in the
computation and dynamically resolves the data-dependent indirections of the sparse data structures themselves.

Impact. DISTAL enables rapid exploration of the design space of distributed tensor computations through compact
and logically separate languages for functional specification and optimization. DISTAL was used to implement the
performance-critical set of kernels in Legate Sparse |1], enabling the library to be developed more quickly than if every
kernel had been written by hand. Intellectually, DISTAL’s scheduling and data distribution languages exposed the
underlying structure in describing and optimizing distributed tensor computations.

Programming Systems For Emerging Hardware

My recent focus is on programming emerging accelerator architectures, which are growing increasingly powerful to keep
pace with the compute demands of artificial intelligence. These accelerators come with increasingly complex interfaces
and semantics, which makes each new generation more difficult to program than the previous. A concrete example is
NVIDIA Hopper and Blackwell GPUs; these GPUs have transitioned to exposing asynchronous matrix multiplication
and data movement units that must be managed by software to achieve peak performance.

Problem. Asynchronous compute and data movement operations add a new kind of difficulty to the already complex
task of developing high performance linear algebra computations on GPUs. To utilize these asynchronous units, kernel
implementations transition from a classic bulk-synchronous style to a task-parallel style, where asynchronous pipelines
negotiate through shared queues and concurrent communication mechanisms. Achieving both correctness and high
performance for these concurrent programs is extremely difficult even for experts. High-level languages like Triton [14]
attempt to shield programmers from this complexity, but restrict control over low-level optimization decisions. As a
result, programmers have no recourse to improve the often suboptimal decisions made by compilers.

Approach. We developed Cypress [7], a DSL and compiler that enables high performance linear algebra compu-
tations for modern GPUs to be expressed with sequential semantics. Cypress programs are organized as a collection
of tasks that describe the data they read from and write to. Tasks may recursively launch other tasks, and appear to
the programmer as executing sequentially. Optimization decisions for Cypress programs are expressed through a sepa-
rate mapping specification that externalizes choices like tile shapes and memory placement for program data. Cypress
combines the task-based functional specification with the mapping to generate code with asynchronous computation
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and data movement, and automatically overlaps independent computations and communication. Cypress automatically
constructs asynchronous pipelines and extracts parallelism from the sequentially specified source program, removing
these burdens from the programmer and eliminating entire classes of bugs. At the same time, Cypress enables precise
control over important optimization decisions, such as the decomposition of data and computation, which allows Cypress
programs to achieve performance competitive with codes hand-tuned by professional engineers.

Impact. Cypress showed that new complexity in accelerators can be alleviated by advances in programming models,
and that pushing the burden of asynchrony and concurrency onto the programmer is not necessary for peak performance.
Cypress also demonstrates how a compiler for linear algebra on GPUs that treats asynchrony as a first-class principle
might be organized, instead of as a concept bolted on to the side of an existing compilation stack.

Where To Next?

I plan to develop programming models, compilers and runtime systems for the explosion of new architectures being
developed by academia and industry; advances in program representation and analysis will be required to keep up and
unlock new architectures’ promised capabilities. I am also interested in collaborations with application domains such as
scientific computing and machine learning, as co-design of algorithms and systems brings out the best in both.

Programming Systems for Emerging Hardware. I am currently exploring and am interested in pursuing
further the problem of portability of high performance programs onto new and diverse architectures. As architecture
becomes more powerful, new algorithms must be discovered and software must be re-optimized to take advantage of new
architectural capabilities. A concrete example is the year long gap between Flash Attention 2 [15] and Flash Attention
3 |16] — Flash Attention 3 is a version of Flash Attention optimized to take advantage of software-exposed asynchrony in
the NVIDIA Hopper GPU. Why didn’t our compilers automatically generate this new algorithm? 1 believe our current
programming systems can be good at optimization within a fixed set of axes, but are often unable to adapt when
hardware evolves to expose new axes (like Hopper’s software-exposed asynchrony). Solving this problem will require
us to both build compilers in a way that the existing axes are general enough to capture changes in hardware, and to
potentially build compiler-generators that can discover optimizations for new axes when they arrive.

The physical constraints of latency and energy will require hardware to continue reaching for specialization, asyn-
chrony and hierarchy to increase performance. Designs in these directions can be seen in recent dataflow [17], distributed-
memory [18] and fine-grained parallel [19] architectures. I believe future programming systems will need to adapt to
match the shape of programs closer to the structure of these specialized architectures. Additionally, future programming
systems will need to have declarative control over core operations like data movement and synchronization (like shown
in the Legate and Cypress programming models) so that compilers have enough freedom to optimize for new hardware.

Optimization Across the Software and Hardware Stack. To continue improving performance on modern
clusters, optimizations that cross several boundaries of the stack (from high-level algorithmic choices to low-level kernel
implementations) are becoming increasingly common. For example, distributed matrix-multiplication kernels used in
large language model serving fuse collective communication within the inner multiply-accumulate loop of GEMM kernels,
taking advantage of new networking capabilities. Developing applications of this level of complexity teeters at the edge
of our cognitive abilities and is currently limited to the tiny subset of developers with the requisite knowledge. I
believe that programming systems for the productive expression of programs that cross many layers of the stack in this
manner require hierarchical abstractions that can separately describe the requisite optimizations at different layers of the
machine. A hierarchical description allows programmers to encapsulate logically separated layers of the computation,
and enables programming systems to perform holistic analyses that can optimize multiple layers simultaneously. An
example of such a model was proposed in DISTAL, where computations could be scheduled hierarchically, using different
distributed algorithms at the cluster-level than across the multiple GPUs within a node. Alternatively, a model like
Cypress that decomposes computations from the GPU as a whole down to individual threads could be extended upwards,
where computations are first broken down across clusters of GPUs.

Blurring the Lines Between Compilers, Runtime Systems and Architecture. A key approach of my re-
search so far is a collaboration between compilers and runtime systems for both optimization and the tractability of
analysis. As computer architecture continues to evolve, the standard delineations between the domain of the compiler
and the runtime system are increasingly blurred. When components of architecture get more specialized, compilers are
increasingly responsible for decisions like parallelism extraction and scheduling. At the same time, increased sophistica-
tion in the architecture can provide new capabilities exploitable by runtime systems and obviate the need for complex
static analyses. I am interested in exploring these changing boundaries and revisiting system designs that we take for
granted today; moving transformations across these boundaries opens the door to previously unattainable performance
or the description of previously inexpressible computations. An example of such a system could be a hybrid model
between the distributed Legate programming model and Cypress; this unified system could leverage runtime analysis
for flexible scheduling and communication at the multi-node level like Legate, but drop into a static analysis for kernels
within a single GPU like Cypress, where overheads are unacceptable.
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