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Abstract 

From expert AI systems of the 1970s to self-supervised sys-
tems of the 2020s, the pendulum of AI development has 
swung from heavy reliance on human feedback to no or min-
imal reliance in the last 50 years. Self-supervised approaches 
have contributed significantly to the success and scalable de-
velopment of AI. However, today we are at a tipping point 
where the future of AI, and whether society ends up benefit-
ing from this technology in the long run, depends critically 
on the subsequent AI development aligning with human goals 
and values. Realizing this, there has been ramping up of ef-
forts to align AI models with human expectations and values. 
Human feedback, however, remains limited and difficult to 
elicit. Thus, a key question lingers – how can we scale up 
alignment of AI systems with individual expectations and so-
cietal norms? This paper provides an overview and perspec-
tive on efforts at answering this question.  

Introduction  
Over the last 50 years, we have witnessed a paradigm shift 
in AI development with respect to its reliance on human in-
put - from expert systems of the 1970s ([Felgenbaum 1977) 
when experts were heavily engaged in the design of AI sys-
tems to craft rules that were hard-coded into a knowledge 
base that was then queried with an inference engine, to the 
purely self-supervised AI systems of the 2020s (Meta 2021) 
where machine learning systems are trained by being asked 
to predict held out data (parts of an image or subsequent 
words in text). While the latter approach has multiplied 
amount of data available for training machine learning mod-
els by several orders of magnitude and enabled scalable 
training of AI systems on large amounts of data, the result-
ing systems are often found to be disconnected from human 
goals and values. For example, deployment of unsupervised 
AI systems has led to biases and unfair treatment (Reuters 
2018, Haider 2024), financial losses (CNN 2021, TechHQ 
2024), loss of privacy (HRD 2025), harmful (The Register 
2022, APNews 2020) and unethical (APNews 2022) deci-
sions, ultimately leading to AI adoption failure. Thus, we 
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are at a tipping point where the future of AI, and whether 
society ends up benefiting from this technology in the long 
run, depends critically on the subsequent AI development 
aligning with societal goals and values.  
 
Consequently, in the last few years, there is increasing effort 
in the research community to develop human-centered AI. 
In this paper, we take a broad view on alignment which we 
define as the design of AI models, agents, and systems that 
contribute to the attainment of human goals and values, both 
at individual and societal level. This includes both perspec-
tives where AI system outputs should adhere to and directly 
optimize for individual expectations and societal norms, but 
also where AI systems should complement and/or assist a 
human to improve the value or performance on a goal set by 
the human individual or society. 
 
We begin the paper by summarizing some of the key ap-
proaches proposed in recent literature for achieving align-
ment of AI models with human goals and values. Then, we 
focus on a key shortcoming – the need of human feedback 
for AI alignment, which is limited. Finally, we investigate 
the question of how to scale up alignment of AI models? 

Recent Approaches to AI Alignment 
While attempts at incorporating human feedback in AI mod-
els have existed for several years, AI alignment has been in-
vestigated recently mostly in the context of Generative AI 
systems, and particularly focusing on Large Language Mod-
els. Earlier attempts beyond supervised and active learning 
using human labels, included preference-based learning and 
optimization (Xu 2017, Xu 2020, Yue 2012, Wirth 2017), 
feature feedback (Raghavan 2006, Attenberg 2010), imita-
tion learning or behavioral cloning (Hussein 2018), etc. that 
incorporated human feedback or behavior while training AI 
models, and which are often still the method of choice in 
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embodied robotic systems. However, almost all current at-
tempts at aligning Generative AI systems focus on post-
training alignment, mainly due to the efficacy of self-super-
vised systems that are trained on vast amounts of unlabeled 
data in a scalable manner. Key attempts in this direction in-
clude: 

1. Guardrails – are hand-crafted rules that are de-
ployed to filter an AI model’s inputs and outputs 
(Dong 2024b). This is perhaps the simplest ap-
proach which can be implemented via prompting 
in AI systems such as Large Language Models. 
However, this requires significant, domain-specific 
expert input and guardrails are often violated, a 
phenomena known as jailbreaking (Deng 2024). 

2. Red teaming – refers to the practice of setting up 
a team of ethical hackers to evaluate an AI model 
in a controlled setting by attempting to elicit misa-
ligned information from it (Feffer 2024). This also 
requires significant effort and understanding of AI 
failure modes to craft intelligent hacks that can re-
veal the weaknesses of an AI system. 

3. Retrieval augmented generation (RAG) – refers 
to requiring an AI model to retrieve evidence from 
a vetted corpus of data, typically text, at inference 
time to support its response (Lewis 2020). This re-
quires expert knowledge to identify data sources 
that are considered trustworthy to include in the 
RAG knowledge base of vetted information.  

4. Alignment using human preference datasets – is 
done by using an explicit or implicit reward model 
gleaned from fixed datasets that capture human 
feedback. This includes RLHF (Reinforcement 
Learning from Human Feedback) which explicitly 
learns a reward model using pairwise comparisons 
from humans and then fine-tunes the pre-trained 
policy using it (Stiennon 2020, Ouyang 2022), as 
well as approaches such as Direct Preference Opti-
mization (DPO) (Rafailov 2023), IPO (Gheshlaghi 
2024), GRPO (Shao 2024), etc. that implicitly use 
a reparametrized reward to directly update the pol-
icy. These methods also have extensions to online 
preference tuning to account for dynamic prefer-
ences (Dong 2024), multi-objective and multi-
group settings to account for the diversity of pref-
erences from multiple stakeholder groups (Xiong 
2025), as well as multi-agent setting where AI col-
laborates with a human that is providing prefer-
ences on the desired behavior of an AI teammate 
(Vanshika 2024).   

The Scalability Question 
All these approaches to AI alignment described above criti-
cally depend on human feedback - in the case of safeguards, 
human feedback is in the form of hand-crafted rules, red-
teaming requires carefully designed hacks, RAG pipelines 
require vetting information, and RLHF, DPO etc. require 
datasets of preference comparisons and ratings. All these 
forms of human feedback are limited and not very scalable. 
Thus, there is a dire need to consider alternate ways to scale 
up human feedback in a reliable manner.  
 
We believe answering the scalability question requires con-
fluence of ideas from diverse disciplines particularly social 
& decision sciences and AI to identify 1) what form of hu-
man feedback is easy to elicit and scale up?, and 2) can we 
use computational models as proxies of humans? These 
questions have been explored over decades of social & de-
cision science research, and this is a call for AI researchers 
to leverage those insights towards finding a scalable solution 
to AI alignment.  

Potential Directions 
In this section, we sketch some directions that are either 
starting to be explored or can be explored to scale up AI 
alignment by exploring the two questions of nature of hu-
man feedback that is more amenable to scaling up, and the 
use of computational proxies.  
 
First, consider the question of what form of human feedback 
is easy to obtain? The use of comparisons over ratings or 
direct evaluations in existing alignment work was inspired 
by the fact that it is sometimes easier for humans to compare 
options rather than choose one (Thurstone 1927). However, 
it still requires a lot of direct concerted effort. Unsolicited 
human feedback in the form of demonstrations, instructions 
or discussions of good and bad behavior is another form of 
feedback that has been explored somewhat for use in train-
ing AI agent, such as via behavior cloning and imitation 
learning (Hussein 2018), but is less explored for AI align-
ment and complementing humans. Another approach that is 
being explored is to elicit rubrics as another form of human 
feedback and holds great promise due to its high scalability 
for evaluation and alignment. While eliciting rubrics is not 
easy, it can improve over scalability of alignment ap-
proaches that try to explicitly or implicitly learn (Stiennon 
2020, Ouyang 2022, Rafailov 2023, Gheshlaghi 2024, Shao 
2024) rather than elicit a rubric/reward model. Success in 
eliciting rubrics also paves the way for use of surrogate eval-
uators such as AI models and LLM judges (Zheng 2023) that 
can be used to auto-grade and guide the alignment of AI 
models.  
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This brings us to the second question of computational prox-
ies. Since learning an AI model to mimic humans tends to 
be expensive, there are increasing number of attempts to use 
Generative models and LLMs as surrogates for humans by 
prompting them to adopt a persona at test time (Tseng 2024, 
Park 2023). While an LLM persona or LLM guided by hu-
man rubrics may be able to act as a human proxy, more re-
search needs to be done to validate if such AI models can 
indeed mimic human preferences and decision making (Ba-
varesco 2025). There are also more direct approaches to 
modeling human decision making via cognitive models 
based on decades of social & decision science research that 
can be considered. Some of these computational models 
such as cognitive architectures ACT-R (Polk 2002), iBL 
(Gonzalez 2023) etc. are often developed in a data-free man-
ner or require only a few datapoints to calibrate some model 
parameters. Such a computational model of human decision 
making can act as a scalable source of synthetic, and often 
even dynamic, human preferences that can be queried in an 
on-demand fashion. On the social sciences side, extension 
of these cognitive models to group, population, or societal 
behavior rather than individual preferences and rewards 
would be informative to align AI with societal norms. The 
use of such cognitive computational models of human deci-
sions for AI alignment has not been explored and can hold 
much potential.  
  
We end this paper with a call to AI researchers and social & 
decision scientists to work closely together to identify scal-
able solutions for human alignment of AI models. It is by 
leveraging this interdisciplinary expertise that we can ensure 
subsequent AI development aligns with societal goals and 
values, and that the society ends up benefiting from AI tech-
nology in the long run. 
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