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DISSERTATION RESEARCH IMPACT

Adapting large pretrained models has become central to machine learning in lan-
guage, vision, and multimodal settings. A single model is trained once and then
adjusted for many tasks, such as text understanding, question answering, image
classification, and video understanding, which support applications like search, rec-
ommendation, and digital assistants. Progress in this area has been driven by these
pretrained models and by methods that fine-tune only a small part of them. Howev-
er, these methods are mostly found by trial and error, and the field still lacks a clear
reason for why such small changes are enough, where in the model the useful signal
sits, or how much of a model a task really needs to change. A further problem is
cost: even efficient methods can use a large amount of memory and time.

This dissertation shows that a pretrained model already holds far more useful infor-
mation than any adaptation uses, and that this information sits in certain parts of the
model rather than spread evenly. We first introduce a way to measure how much
task-useful information each layer carries, and show that more of it means better
performance. We then show that a model can be adapted by training only a small
slice of its existing weights, with no new parameters. We extend this to models with
many experts, replacing heavy per-expert parts and routers with lightweight pieces.
Finally, we show that the training signal sits in only a few token positions, so gradi-
ents can pass through just those to save memory while keeping accuracy.
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DISSERTATION

FROM INFORMATION STRUCTURE TO EFFICIENT ADAPTATION: PRINCI-
PLED FOUNDATIONS FOR PRETRAINED MODELS

Large pretrained models are now the starting point for most work in language, vision,
and multimodal learning, and the main cost has shifted from training a model to adapting
it to many tasks. Methods that fine-tune only a small part of a model make this cheaper
and work well, but the field still lacks a clear reason for why such small changes are
enough, where in the model the useful signal sits, or how much a task really needs to
change. This dissertation argues that a pretrained model already holds far more task-
useful information than any adaptation uses, and that this information is concentrated in
certain parts of the model rather than spread evenly. Building on this idea, we present
methods that find where the useful signal sits and change only that, across four parts of a
model: its layers, its weights, its experts, and its token positions.

Our first contribution is FlowNIB, a method that measures how much task-useful infor-
mation each layer of a model carries about both the input and the task. Unlike earlier
approaches, which measure these quantities separately and on scales that cannot be com-
pared, FlowNIB places them on a single, comparable path, and shows that layers carry-
ing more task-useful information lead to better performance. It also explains a long-
standing observation: why models that read text in both directions understand context
better than those that read in one. FlowNIB gives the lens that the rest of the dissertation
uses.

While FlowNIB shows that the useful signal is already present and concentrated, it does
not by itself change how we adapt a model. Next, we introduce SliceFine, which adapts a
model by training only a small slice of its existing weights while freezing the rest, adding
no new parameters. We show that almost any slice works, because the pretrained weights
are balanced and the backbone already carries the task-useful signal, so a small slice is
enough to match much heavier methods while using less memory and time.

SliceFine adapts along the weights, but it applies the same change to every input, which
is wasteful when the data is diverse, as in multimodal multi-task settings. Next, we pro-
pose LiME, which gives different inputs different treatment without the usual cost. In-
stead of copying a full adapter for each expert and adding a learned router, LIME shares
one small module, adjusts it with lightweight per-expert vectors, and routes inputs using
information the model has already computed. This matches or beats heavier mixture-of-
experts methods while training several times fewer parameters.

The methods above reduce how many parameters we train, but they still pass gradients
through every token, so memory grows with the length of the input. Finally, we present
the Token Hypothesis, which shows that the training signal is carried by only a few to-
ken positions. Running a full forward pass but passing gradients through just those posi-
tions matches full training across many tasks and models while cutting memory, and it
works on top of parameter-efficient methods. Together, these contributions give one
simple account of efficient adaptation: find where the useful information sits, and change
only that.



5 = x Lo
i = B 2-(319)
k o T el finy27,€2000F
5o 3 penl) Lo N
g ot ! )

&)

"

A QIWI/

& ibi=cicl V*#
Trn 2 =C.Ca “
1@[ ‘l|=VQ2'~Q i g

S 4 o
R e\; A

R g L

sfnéuy)tsmx Osytoosx m:y

AL ] ~0,y=1,22
¥

3

Md Kowsher
1995 Born in Chattogram, Bangladesh
2015-2019 B.Sc, Noakhali Sc. & Tech. University, Bangladesh
2019-2020 Al Engineer Intern, NKSoft, Dhaka, Bangladesh
2020-2021 Al Engineer, Hishab Ltd, Dhaka, Bangladesh
2022-2022 Applied Scientist Intern, Amazon, Seattle, WA
2022-2023 Alexa Prize Researcher, Amazon, USA
2021-2023 M.Sc., Stevens Institute of Technology, NJ
2024-2024 Math & Algo. Intern (LLM), Nokia Bell Labs, NJ
2025-2025 ML Intern, Meta, Menlo Park, CA
2026-2026 Al/ ML Intern, Apple Inc., Cupertino, CA
2024 Ph.D., University of Central Florida, FL

2026 Research Scientist, Meta, Menlo Park, CA



