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1 Project proposal

This is a broader proposal that would need more resources than those which are
requested in the grant. This grant will be used to kick start this line of research

Long context processing is a critical capability in large language models be-
cause it enables them to operate effectively on real-world tasks that involve large,
complex, and interdependent information. Many practical applications, such as
analyzing legal contracts, understanding entire codebases, or performing deep
research, require reasoning across documents that far exceed traditional context
limits. With longer context windows, models can capture relationships between
distant pieces of information, maintain coherence over extended interactions,
and reduce the need for external retrieval systems that may miss relevant de-
tails. This improves both the accuracy and faithfulness of model outputs, as
the model can ground its responses in a more complete view of the available
data rather than relying on partial inputs. Additionally, long context processing
aligns more closely with human workflows, where individuals naturally consider
entire documents or histories when making decisions. It also supports long-
form generation tasks such as writing detailed reports, drafting comprehensive
articles, or generating extended narratives that remain coherent and consistent
throughout. Overall, long context transforms language models from tools that
process isolated fragments into systems capable of holistic understanding and
deeper reasoning.

Another related (long context) problem is video generation, where models
must produce temporally consistent sequences over many frames rather than iso-
lated outputs. Unlike static image generation, video generation requires main-
taining coherence in motion, object identity, lighting, and scene dynamics across
time, effectively making it a long-context reasoning task. This capability is im-
portant for applications such as content creation, film and animation, simulation
and gaming, virtual reality, autonomous systems training, and education, where
it can be used to create interactive lessons, visual explanations, and immersive
learning experiences. By leveraging long context, video generation models can
ensure continuity and realism, enabling the synthesis of high-quality, structured
visual narratives instead of disjointed clips.
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Processing long contexts requires us to solve challenges on many fronts. I
discuss them briefly below,

1. Computational cost in prefill : The prefill workload is when a sequence
of tokens are processed for the first time. In auto regressive models, this
populates the KV cache, or intermediate embeddings of tokens. In diffu-
sion models used in diffusion LLMs and video generation, every diffusion
step corresponds to a prefill workload. This workload is computationally
heavy, primarily due to the O(n2) computational complexity of attention.

A variety of approaches have been proposed to reduce the computational
complexity of attention. Broadly, these include designing alternative ar-
chitectures that replace standard attention mechanisms [1, 2]. However,
to the best of my knowledge, even state of the art hybrid models still
rely on at least a few full attention layers. Another line of work focuses on
training models with sparse attention from the outset [3, 4, 5]. By restrict-
ing attention to a subset of tokens, these methods reduce the complexity
to O(nk), where each token attends to only k others. Complementary
approaches apply sparsity at inference time to models originally trained
with full attention [6, 7, 8]. Related ideas have also been explored in the
context of video generation, where sparsity patterns tailored to spatiotem-
poral structure are used to accelerate prefill workloads [9, 10].

2. Memory Movement in decode The decode step is specific to auto-
regressive LLMs, where the model leverages the previously generated KV
cache to predict the next token. This step has O(n) computational com-
plexity and is typically memory bound on modern hardware, as it requires
transferring the entire KV cache from high bandwidth memory (or system
RAM, if offloaded) to the compute units.

To mitigate this bottleneck, several approaches have been proposed. Sparse
attention methods restrict computation to a subset of tokens, thereby re-
ducing memory traffic and improving decode latency [11, 12, 13, 14]. An-
other line of work focuses on compressing the KV cache itself, for exam-
ple, through quantization, which lowers memory bandwidth requirements
while preserving model performance [15].

3. KV Cache compression Closely related to the challenge of memory-
bound decoding is the rapid growth in the memory footprint of the KV
cache. As context length increases, the KV cache consumes a substantial
fraction of available HBM, constraining the batch size during prompt pro-
cessing and thereby reducing overall throughput. For example, in LLaMA-
3.1-8B, a relatively small model, the KV cache footprint per token is ap-
proximately 0.25 MB. Consequently, long contexts can quickly exceed the
memory capacity even of high-end GPUs.

This has made KV cache compression a critical area of research. Most
existing approaches rely on heuristic strategies to selectively retain or
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compress key-value pairs, balancing memory savings against impact on
model quality [16, 17, 18, 19, 20].

4. context window extension No matter how long a context a model is
trained on, real-world applications consistently demand longer horizons.
For example, frontier coding platforms often need to summarize prior in-
teractions to continue supporting extended user sessions. This underscores
the importance of extending the effective context length beyond what the
model was exposed to during training. However, preserving model quality
under such extensions remains a significant challenge.

Preliminary work in this area has explored techniques such as context
repositioning [21] and sparsity-based methods [22]. While these approaches
offer some promise, they often introduce substantial degradation in model
quality, which cannot be overlooked. This highlights the need for more
principled and robust solutions.

While each of the aforementioned problems has been studied to varying
extents in the literature, existing approaches remain far from providing effective
and reliable solutions. Below, I outline the key limitations of prior work and
how our approach seeks to address them.

• Over-reliance on heuristics: A large fraction of existing methods are
driven by heuristics or empirical observations. This lack of principled
grounding not only leads to inconsistent gains / quality degradation across
tasks and workloads, but also limits reliability and hinders real-world de-
ployment. In contrast, my recent work has focused on developing verified
approaches to efficiency [23, 24], where approximations are accompanied
by explicit guarantees on the induced error. Building on this founda-
tion, we will pursue verification-driven methodologies across all problem
settings, ensuring both efficiency gains and robustness.

• Narrow focus on conventional paradigms: Prior research on effi-
ciency has largely centered around sparsity and quantization, with some
extensions to low-rank methods. While these approaches have achieved
moderate success, they do not fully capture the design space of efficient
computation. My previous work has demonstrated that fundamentally
new paradigms can significantly shift the quality–efficiency trade-off fron-
tier [25, 26, 27, 28]. Accordingly, we will not only refine existing techniques
but also explore novel paradigms that are better aligned with the demands
of these problems.

• Fragmentation of evaluation and reproducibility: The rapid growth
of AI research has made it increasingly difficult to maintain a consistent
and up-to-date understanding of the state of the art. This fragmenta-
tion leads to redundant efforts and the loss of insights that should prop-
agate across works. As a result, progress on efficiency has often appeared
“stalled” despite a large volume of published research.
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To address this, we propose the development of a public leaderboard sup-
ported by centralized, modular codebases. This platform will implement
state-of-the-art methods on standardized datasets under unified experi-
mental protocols, enabling fair comparison, accelerating dissemination of
results, and reducing the overhead required for rigorous evaluation.

• Emergence of AI-driven research systems: With the rise of AI-
driven research (ADRS) [29] and automated discovery tools, the research
process itself is undergoing a transformation. We plan to systematically
explore ADRS methodologies across all problem domains considered in
this proposal, leveraging them as copilots to accelerate hypothesis gener-
ation, experimentation, and analysis.

2 What is expected from the applicants

Following the skill rubric in Table 1(I have used examples from probability
statistics / CUDA programming.), the candidate should be strong in atleast
one of the following and fair at another

1. Probability and Statistics

2. Machine learning via pytorch / high level libraries

3. CUDA programming.
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