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Overview

| am interested in understanding how language models can self-improve through reinforcement learning
in an aligned manner on open-ended tasks. As we approach harder open domains where training signals
are scarce, | believe it is crucial to understand how to extrapolate the capabilities of current models. |
started pursuing this direction at CMU with Dr. Aviral Kumar, Dr. Aditi Raghunathan, and Dr. Maarten
Sap by examining the robustness of fine-tuning, alignment, and reasoning for safety, leading to first-author
publications at NeurlPS 2024/2025 and ACL Findings. During my PhD, | aim to (1) extend my work to
broader open-ended reasoning and (2) build a multi-agent training framework for non-verifiable tasks while

keeping models aligned.

Research Experience

Robustness. My first project on robustness with Dr. Aditi Raghunathan addresses a fundamental ques-
tion in real-world deployment: how do we estimate out-of-distribution (OOD) performance of founda-
tion models without labels? Since models lose accuracy on OOD tasks, it is important to anticipate per-
formance loss. | studied Agreement-on-the-Line (AGL) [1], a phenomenon that predicts OOD accuracy
from inter-model agreement. My NeurlPS 2024 paper [2] extends AGL to foundation models, where heavy
pre-training could hurt model diversity, making agreement less predictive of accuracy. | trained over 200
models across three fine-tuning strategies (BitFit/IA3/LoRA), three tasks (extractive QA/generative QA/text
classification), and six model families and found that randomly initializing the last layer during fine-tuning
recovers the diversity lost during pre-training. This helped me reduce the error of model estimation to
1.64% (SOTA: 2.8% [3]), giving practitioners a way to assess model robustness before deployment.

Safety/Alignment. Since fine-tuning could overcome pre-training, | next tried to understand how well fine-
tuning aligns models. | created a benchmark called The Purple Problem (NeurlPS 2024 Safe GenAl [4]) to
test if preference-tuning can prevent models from generating the simplest output—a single word “purple”.
| stress-tested defenses (e.g., DPO/PPO) by iteratively fine-tuning models to avoid generating “purple” and
attacking them to produce it, finding that all defenses fail (fail rate: 98.3%). My ACL Findings 2025 paper
[5] with Dr. Maarten Sap further shows that fine-tuning to mitigate bias on a system of models (RAG) fails
under distribution shift, demonstrating the brittleness of alignment. These work highlight that fine-tuning
cannot ensure alignment, even on the simplest task.

Reasoning for Safety. If fine-tuning cannot achieve safety, does reasoning improve safety? While most
work focuses on verifiable math [6], | studied RL for open-ended reasoning in safety with Dr. Aviral Kumar.
My NeurlPS 2025 paper [7] develops an RL recipe to solve over-refusal, where safety-trained models refuse
to benign prompts. | identified that large open answer spaces in safety make models reward-hack and lose
reasoning capabilities, degenerating into refusals. To fix this, | created an RL training recipe called TARS by
adding an auxiliary task-completion reward on a general task to encourage reasoning, so that the improved
reasoning capabilities transfer back to the main safety task. Throughout this project, | became able to



run reinforcement learning for over 1000 steps without losing stability. | successfully trained a Qwen2.5-
1.5B with TARS to be safer than larger 7B models and SOTA defenses such as deliberative alignment [8],
demonstrating that reasoning can improve adaptive safety.

Beyond Safety. Although my work has focused on safety, | aim to extend my work on language models

to broader open-ended domains such as long-form math, scientific discovery, and even apply them to

embodied agents. My experience with reasoning degeneration, a form of reward hacking in large answer

spaces, has prepared me to tackle similar problems in other open-ended tasks. Motivated by this, my re-
cent work extends TARS to creating process rewards, directly shaping reasoning for better alignment and
less reward hacking, a different paradigm than using outcome rewards in verifiable math.

During my PhD (Research Proposal: https://danielkty.github.io/pdfs/research.pdf)
Throughout my work, | realized that reinforcement learning relies on a more capable model to provide
rewards or reference solutions. This means our current paradigm of training will fail on difficult open-ended

tasks where models lack the capability to verify generations or even generate correct answers. | would

like to build a new training paradigm with Dr. Dylan Hadfield-Menell, Dr. Marzyeh Ghassemi, Dr. Jacob
Andreas, and Dr. Yoon Kim that focuses on two interrelated research questions when only low-capable
models are available without external supervision: (1) how do we induce generation capabilities and (2)
how do we induce verification capabilities? They are interrelated because without a verifier, there is no
reward, and even with a verifier, training is ineffective if the generation capability is so poor that rewards

are near zero.

To answer these questions, | plan to build a multi-agent training framework that bootstraps low-capability

models to be both a generator and verifier that mutually improve each other. The main challenge that

such self-improvement frameworks [9, 10, 11, 12] fail to address is the no free lunch (NFL) problem and
misalignment; it is unclear how a system of models can improve capabilities and remain aligned without
external supervision. My work on TARS [7] provides a starting point. It shows that mixing in a verifiable task
can help recover lost capabilities on another task. In a broader sense, this suggests that capabilities can flow
from verifiable tasks to non-verifiable tasks because skills or abilities (e.g., sub-proofs, theorems, safety
constraints) used for easier problems will transfer over to harder ones, addressing NFL and misalignment. |
hope to further explore the dynamics of how capability transfers, for example, by finding a sample efficient
way to interleave easier verifiable math problems when training for difficult non-verifiable math problems.

After my PhD
| plan to stay in academia and make language models improve on open domains by leveraging the capa-

bilities of existing models. A PhD at MIT would help me connect my experience to large-scale multi-agent
training. | hope to establish a new training paradigm with MIT’s support that relies less on stronger models.


https://danielkty.github.io/pdfs/research.pdf
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