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This chapter explores the links between legal reasoning and the post-train‍

ing regimes of aligned large language models (LLMs). Reinforcement learn‍

ing from human feedback (RLHF), which optimizes model outputs to match 

graded human preference rankings, leads to LLMs that perform value-

weighted interpolations across task-response pairs. Reinforcement learning 

with verifiable rewards (RLVR), which rewards outputs that pass objective 

external checks, produces LLMs that faithfully follow structured reason‍

ing paths. The RLHF approach parallels the analogical, precedent-based 

reasoning characteristic of common-law systems, while RLVR mirrors the 

deterministic code-based reasoning associated with civil law. These analo‍

gies inform the design of multi-agent legal AI systems, which should deploy 

RLVR-based LLMs for compliance with bright-line rules, while deploying 

RLHF-based systems to apply more subtle standards.

A. Introduction

Legal systems and machine-learning systems share a central design prob‍
lem: aligning individual reasoning with collective standards. In both do‍
mains, outcomes depend on how reasoning processes internalize shared 
norms and translate them into consistent decisions. In the law, two broad 
forms of reasoning address this task. Case-based reasoning derives con‍
clusions by analogy to prior decisions, weighting precedent by relevance 
and authority. Code-based reasoning applies determinate rules to spec‍
ified conditions, aiming for predictability and uniformity. Legal institu‍
tions balance these approaches to minimize error and promote legitimacy.

An analogous division in reasoning modes defines the latest gen‍
eration of large language models (LLMs) – and more specifically, the 
two families of algorithms that are applied to align LLMs with human 
aims. Through reinforcement learning from human feedback (RLHF), 
models are tuned to reflect human evaluative patterns, internalizing so‍
cial preferences much like courts internalize precedent (Stiennon et al. 
2020; Ouyang et al. 2022). Through reinforcement learning with verifi‍
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able rewards (RLVR), models are constrained by formal verification, and 
then learn to follow explicit reasoning paths (Lambert et al. 2024). These 
training architectures reproduce the same institutional trade-off that le‍
gal systems face, with RLHF better suited to case-based reasoning based 
on previous examples, and RLVR better suited to code-based reasoning 
following deterministic rules.

This chapter explores this parallel and its implications for the de‍
sign of legal AI. Section 2 starts with a review of how LLMs are built. 
Modern models are trained first by next-token prediction on vast cor‍
pora. Transformers make this scalable by attending to long-range context, 
which helps models represent syntax and semantics and supports gen‍
eralization across domains (Vaswani et al. 2017). Instruction fine-tuning 
(IFT) teaches models to follow prompts, while RLHF steers model outputs 
to match human preference rankings (Stiennon et al. 2020; Ouyang et al. 
2022). As a result, RLHF-aligned LLMs generate responses by performing 
an interpolation over the training and instruction corpora, weighted by 
their scores on the reward model.

Recent LLMs adopt a new approach: RLVR, which moves from 
graded human scores to objective checks (Lambert et al. 2024). The model 
proposes incremental steps of reasoning, which are then externally ver‍
ified for validity and consistency. RLVR encourages explicit chains of 
thought and stepwise correctness, which is why it shines on logic, math, 
and code (Lightman et al. 2024; Lambert et al. 2024). In short, RLHF tunes 
for context-sensitive judgment; RLVR trains for structured logical reason‍
ing.

I continue in Section 3 by connecting these ideas from LLMs with 
analogous ideas from the law. Case-based reasoning in the common law 
aggregates and weights prior decisions by relevance and authority. It is 
an inductive, analogical process, well captured by classic work in AI and 
law on case comparison and argument patterns (Ashley 1992; Rissland, 
Ashley, and Branting 2005). That makes it a natural match for RLHF, 
which aggregates graded human judgments across many contexts. Rule 
application and statutory reasoning, by contrast, often turn on element 
satisfaction and nested conditions. This is closer to RLVR’s logic: correct‍
ness is defined outside the decision maker, and the task is to check whether 
the elements are met.

This connection extends to the classic legal distinction between rules 
and standards (Kaplow 1992). RLHF aligns with context-sensitive stan‍
dards; RLVR aligns with bright-line rules. Taking a step further, insti‍
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tutional form matters too, in particular around comparative legal ori‍
gins (Mattei 1997; La Porta et al. 2008). Common-law systems, evolving 
through precedent and analogical development, are well-aligned with an 
RLHF-based approach to reasoning. Civil-law systems, grounded in com‍
prehensive codes and deductions from statutory text, are best-suited to 
RLVR LLM systems.

There are clear implications for the design of legal AI systems, as ex‍
plored in Section 4. It is unlikely that there is a one-size-fits-all legal agent. 
Instead, we should develop coordinated multi-agent systems that route 
sub-tasks to different models. Determinate statutory checks should go 
first to an RLVR-trained reasoner that can verify element satisfaction step 
by step. Ambiguous issues that hinge on community standards and fact 
sensitivity should go to an RLHF-trained reasoner that aggregates across 
analogous precedents. The system mirrors how human judging already 
mixes verification with evaluation, while making explicit the normative 
choices behind model training and task assignment. The architecture of 
AI is linked directly with the architecture of law.

B. How Large Language Models Are Trained

This section outlines how large language models are trained and aligned 
through successive stages that shape their linguistic and reasoning capac‍
ities. The base model learns statistical patterns in text, while post-training 
stages progressively align it with human instructions, preferences, and 
formal correctness. Specific attention is paid to the two main approaches 
for post-training – RLHF and RLVR – and the tasks they are designed to 
perform.

I. Sequence Models, Embeddings, and Transformers

Modern LLMs grow out of sequence modeling in language. The core task 
is language modeling – estimating the conditional probability of the next 
token given a context. Early systems used n-gram counts with smooth‍
ing (Shannon 1951; Jurafsky and Martin 2023). Neural language models 
replaced counts with distributed representations that support general‍
ization across contexts (Bengio et al. 2003), including word embeddings 
mapping discrete tokens to context-sensitive vectors (Mikolov et al. 2013).
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The early neural language models were recurrent neural networks 
(RNNs; Hochreiter and Schmidhuber 1997; Sutskever, Vinyals, and Le 
2014). RNNs process sequences token by token, which limits long-range 
context and parallel processing. An architectural innovation called the 
attention mechanism, introduced by Bahdanau, Cho, and Bengio (2015), 
lets models weight relevant parts of the input directly. The transformer 
architecture is founded around attention – it removes recurrence, uses 
multi-head self-attention and feed-forward layers plus positional encod‍
ings, and models dependencies over long contexts in parallel (Vaswani 
et al. 2017). Encoder-only models such as BERT support representa‍
tion learning and classification (Devlin et al. 2019), while autoregressive 
(decoder-only) language models such as GPT support open-ended gen‍
eration (Radford et al. 2019). Scaling of training data, parameters, and 
context windows have improved downstream performance across tasks 
(Kaplan et al. 2020; Brown et al. 2020).

Autoregressive models like GPT have led the way in the recent 
rapid development in AI. They are large attention-based neural networks 
trained on language modeling – to predict the next token in a sequence – 
following a massive corpus of text. With enough data and trainable pa‍
rameters, autoregressive LLMs begin to exhibit features of generalized 
intelligence, and to solve a broad variety of tasks (Brown et al. 2020).

Large scale pretraining works to equip the model with broad knowl‍
edge and the ability to fluently continue text. Base LLMs predict sequences 
based on the large training corpus. They can generate creative sequences, 
unseen in the training data, by interpolating across those corpora. This 
allows, for example, base LLMs to “guess” unobserved facts through analo‍
gizing between observed facts.

II. Preference Alignment: IFT and RLHF

Pre-trained base LLMs are powerful language interpolators. While this 
interpolation of new sequences often works well, it also often goes side‍
ways. Strange and incorrect claims will often come from base models – 
a phenomenon referred to as hallucination. More generally, a downside 
of pre-trained base models is that they are not well-aligned with human 
intentions. For example, if I ask a question, a base model might respond 
with another question, rather than responding with an answer. The next 
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steps of “post-training” are designed to address this issue – to align LLMs 
with human preferences.

Instruction fine-tuning (IFT) is a stage of post-training that shifts 
a language model from simply predicting the next word in a sequence 
to actively following user prompts. In IFT, token prediction training is 
undertaken on special corpora: collections of prompt–response pairs that 
teach the model how to carry out specific tasks and produce outputs in 
desired formats (Chung et al. 2022). By exposing the model to a wide and 
diverse set of instructions, researchers enable it to generalize better to new 
prompts, improving its zero-shot and few-shot performance (Wei et al. 
2022).

The next step in LLM alignment is RLHF – Reinforcement Learn‍
ing from Human Feedback. The goal is to improve upon IFT in aligning 
outputs with user preferences (Stiennon et al. 2020; Ouyang et al. 2022). 
RLHF starts with a dataset of pairwise comparisons – user prompts, with 
at least two different responses, ranked by their usefulness to humans. The 
system designer trains a reward model based on these comparisons to pre‍
dict which output humans would tend to prefer. The trained reward model 
can then provide scores to texts based on their tendency to be preferred to 
baseline statements. RLHF then optimizes the text generator to increase 
that score while staying close to the IFT model’s generations. In practice, 
that means better tone, structure, and reason-giving, for example in legal 
advice.

LLMs that have been aligned with IFT and RLHF provide more use‍
ful generations. IFT model generations are interpretable as interpolations 
across a weighted average of the pre-training and instruction-following 
corpus. After RLHF, the interpretation is a little more complex. It is an 
interpolation across the pre-training corpus, IFT corpus, and reward pairs 
corpus, weighted by the predicted usefulness of the generation.

III. Alignment for Structured Reasoning: RLVR

Reinforcement Learning with Verifiable Rewards (RLVR) extends the 
logic of alignment by replacing human judgment with automatic checking 
(Lambert et al. 2024). Instead of asking people which answer they prefer, 
the system rewards the model only when its output passes an objective 
test. The idea is simple but powerful: for any task where correctness can 
be defined in advance, the model learns to generate outputs that a verifier 
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accepts as true. The verifier can be a program that executes code, a mathe‍
matical solver that confirms an answer, or any other function that returns 
a pass or fail signal.

The training setup mirrors other RL post-training pipelines: the 
model proposes candidate answers; a checker scores them automatically; 
updates push the policy toward higher verified success while staying close 
to the base model to preserve fluency and breadth. A critical feature of 
this approach is to break down complex problems into a series of simple 
steps, which can then be solved and verified one-by-one (Lightman et al. 
2024). This keeps the focus on correctness and avoids brittle format-chas‍
ing. RLVR reduces reliance on costly labels and guards against reward-
model gaming, but it is only as broad as the verifiers available. Because 
checkers can be brittle, designers often add light smoothing or combine 
RLVR with instruction-following or preference objectives to keep learning 
signals robust (e.g. DeepSeek-AI et al. 2025).

RLVR-based training is a key ingredient in the recent breakthroughs 
by “reasoning”-based LLMs, such as o1 and DeepSeek-R1, on math and 
coding tasks (OpenAI 2024; DeepSeek-AI et al. 2025). The other main in‍
gredient is the introduction of internally observed thinking tokens, which 
allow the model to perform a lengthy chain of thought that is not (by de‍
fault) revealed to the user. Alongside that, a large corpus of lengthy high-
quality reasoning traces is observed by the model during the IFT phase, in 
particular to break down complex problems into simple, verifiable steps. 
Thus the LLM learns the style and structure of long-form reasoning.

Because the reward is tied to external correctness, RLVR reduces de‍
pendence on noisy, biased, or subjective human evaluations. It is therefore 
well suited to structured reasoning tasks such as mathematics, code gener‍
ation, or logical proofs, where success can be defined as the satisfaction of 
formal conditions. Relative to IFT and RLHF models, which are well-de‍
signed to interpolate among preference-weighted examples, RLVR trains 
models to follow discrete lines of reasoning that take logically correct 
paths at each juncture.

IV. Discussion of Post-Training Algorithms

To analogize to classical machine learning algorithms, IFT and RLHF can 
be seen as akin to K-nearest-neighbors algorithms, where similar prompts 
are identified in the training corpus by their embeddings, and then the 
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associated responses are weighted based on their predicted user utility 
and averaged to produce a response. Meanwhile, RLVR is more akin to 
a decision tree, where the nodes are verifiable reasoning junctures and the 
branches are the potential set of answers at that juncture. RLVR teaches 
the LLM to follow the correct branches and eventually to terminate at an 
overall satisfactory answer.

Can LLMs trained with IFT / RLHF or RLVR extrapolate to new ques‍
tions or tasks that are outside the training data? This is an active area of 
research (Chung et al. 2022; Ouyang et al. 2022; Lambert et al. 2024). A 
limited “yes” answer to this question is the phenomenon of in-context 
learning: if new documents are provided with the necessary information 
to answer questions, then an LLM can answer factual questions about 
those documents even if they did not appear in the training. If a task 
requires new value judgments, however, it is unclear how an LLM extrap‍
olates to make such judgments. RLVR, meanwhile, enables an important 
form of extrapolation – that which involves following verifiable reasoning 
paths. In principle, RLVR models can extrapolate to new logic, math, or 
code problems by solving them step-by-step.

So far, I have depicted RLHF and RLVR as separable algorithms defin‍
ing different LLMs. But in practice, they are not cleanly separated. RLHF 
datasets have many examples of math and code, where the “correct” an‍
swer is annotated as that preferred by users. And RLVR datasets with sets 
of “correct” labels presumably correspond to what users would pick. The 
main difference is that the RLHF datasets also contain many subjective 
comparisons, such as the quality of writing, judgments on levels of senti‍
ment or toxicity, or political or moral judgments, all of which reflect hu‍
man social and cultural norms rather than objective correctness. Further, 
the performant RLVR models, such as DeepSeek-R1, are trained on both 
RLVR and RLHF objectives during the post-training phase (DeepSeek-AI 
et al. 2025). This means that, potentially, such models can still perform the 
subjective, interpolative tasks for which RLHF is well-designed. However, 
Ni et al. (2025) show that RLVR models perform worse than RLHF models 
in modeling subjective decisions (e.g. toxicity detection), suggesting that 
RLVR training interferes with the LLM’s ability to represent distributed 
preference sets.
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C. LLM Alignment and the Law

This section explores legal reasoning and legal institutions in light of 
the architectures of large language models. Both domains confront the 
problem of aligning inference with normative standards – deciding when 
reasoning should follow explicit rules, rely on experiential judgment, or 
combine the two. I trace parallels between legal reasoning and model 
training, focusing on how RLHF corresponds to case-based reasoning, 
and RLVR corresponds to code-based reasoning.

I. LLM Reasoning and Legal Reasoning

The structure of legal reasoning can be illuminated by comparing it to the 
successive stages of large language model training. Law, like generative 
AI, develops through processes of exposure, refinement, feedback, and 
verification. The steps in legal thought and procedure find parallels in 
how models are trained to reason – from the absorption of precedent, to 
doctrinal synthesis, to analogical judgment, to formal rule application.

Legal understanding begins with immersion in precedent and cus‍
tom, much as models begin with pretraining. Judges, lawyers, and stu‍
dents internalize the language and logic of past decisions by reading 
widely and repeatedly. Over time, they develop a sense of what arguments 
sound plausible and what outcomes cohere with established norms (Lam‍
ond 2014). This process is not deductive but associative: legal actors, like 
pretrained models, form a broad intuitive map of patterns and meanings 
before any explicit rules are applied.

Doctrinal reasoning resembles instruction fine-tuning. From the dif‍
fuse materials of experience, jurists extract structured formulations that 
can guide future decisions. Take in particular the development of legal 
commentaries or restatements of the law. These materials are developed 
to interpret facts through settled principles, to follow procedural instruc‍
tions, and to translate broad concepts into determinate tests. Just as IFT 
teaches a model to respond coherently to prompts, doctrinal reasoning 
teaches lawyers to connect precedent to principle through organized, rule-
like reasoning.

What about reinforcement learning from human feedback? That el‍
ement of LLM training can be analogized to the analogical and equitable 
dimensions of legal reasoning. Judges do not simply execute fixed rules – 
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they reason by analogy, drawing on previous judgments to decide whether 
an outcome is contextually justified. Each precedent can be seen as anal‍
ogous to a pairwise comparison in an RLHF dataset: it features a set of 
facts (a prompt), two sets of legal arguments from the petitioner and 
respondent (the two responses for comparison), and a judgment saying 
which of the two arguments wins (the feedback label). The appeals process 
acts as an additional subjective feedback system, leading future judges 
to upweight precedents that have been endorsed by higher courts, and 
downweight precedents that have been reversed. In addition, the citation 
network among judges creates a third set of human feedback signals, in 
which future judges are likely to follow precedents that have been exam‍
ined and cited by peer judges in the interim. For any given decision, judges 
collect and aggregate these feedback labels when shaping their arguments 
and judgments.

Finally, the application of determinate legal rules parallels reinforce‍
ment learning with verifiable rewards. When statutes define clear condi‍
tions and consequences, the role of the judge is largely to verify whether 
the elements are satisfied. The process is procedural and externally check‍
able, not interpretive or analogical. RLVR captures this same mode of 
code-based reasoning – rule application under an objective verifier, where 
correctness is determined by a standard outside the decision-maker’s dis‍
cretion.

Seen through this lens, legal reasoning embodies the same layered 
architecture that defines modern model training. Precedent provides the 
base of intuitive understanding, doctrine structures that knowledge into 
usable form, case-based reasoning approximates learning from feedback, 
and rule application enforces verifiable correctness. Law, like model align‍
ment, thus operates by assembling a variety of learning systems.

II. LLMs and Legal Design

There are corresponding parallels in how LLMs are designed and how 
legal procedures should be organized. This subsection elaborates on the 
connection to rules and standards, and law as data versus law as code. 
Institutionally, there is an informative distinction between common-law 
and civil-law jurisdictions.

The long-standing distinction between rules and standards turns on 
when legal content is specified and how determinate it is (e.g. Kaplow 
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1992). Rules fix content ex ante, inviting relatively mechanical applica‍
tion. Standards defer content to ex post adjudication and invite balanc‍
ing. This distinction maps directly onto the difference between RLVR 
and RLHF. RLVR systems, trained to satisfy externally verifiable criteria, 
perform best when legal content is rule-like – when conditions and con‍
sequences can be specified in advance. RLHF systems, trained to approxi‍
mate context-specific human judgment, are better suited to standard-like 
reasoning, where outcomes depend on contextual evaluation. Applying a 
standard involves identifying relevant analogies, weighting them by their 
persuasiveness and proximity, and then averaging across them to reach a 
balanced conclusion. This process mirrors the graded preference learning 
that defines RLHF.

The fit between legal form and model architecture also parallels the 
emerging distinction between law as data and law as code (Livermore and 
Rockmore 2019). Law as data treats legal materials – opinions, briefs, 
statutes – as empirical sources for retrieval and synthesis. It focuses on 
understanding how legal actors reason and predict how they will decide. 
Law as code, by contrast, seeks to formalize statutes and procedures into 
executable logic, converting legal rules into programmable conditions. 
The analogy is straightforward. Law as data corresponds to instruction 
fine-tuning and RLHF: the signal is graded, context-sensitive, and ori‍
ented toward interpolation across precedents. Law as code corresponds to 
RLVR: the signal is discrete, oracle-tied, and based on objective verifica‍
tion. Together, these approaches suggest that legal AI systems will evolve 
along both trajectories – one oriented toward interpretive reasoning from 
data, and the other toward executable reasoning from rules.

The two dominant varieties of legal systems – common law and civil 
law – reflect a deep structural divide between case-based and code-based 
reasoning (Zweigert and Kötz 1998; La Porta et al. 2008). Common law 
systems evolve through precedent: courts decide individual disputes and 
justify outcomes by reference to earlier decisions (Gennaioli and Shleifer 
2007). Legal doctrine develops inductively, as patterns of reasoning are 
inferred from case to case. Civil law systems, by contrast, begin with a 
comprehensive code that specifies legal rules and their conditions of ap‍
plication. Judicial reasoning proceeds deductively, applying the relevant 
statutory provisions to the facts at hand.

This common law mode of reasoning aligns closely with reinforce‍
ment learning from human feedback. RLHF systems learn through graded 
evaluation, aggregating many examples of preferred outcomes to approxi‍
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mate the judgments of a community of evaluators. Similarly, common law 
reasoning proceeds by analogy to previous cases, weighting prior deci‍
sions by their relevance, authority, and coherence with general principles. 
The inductive and value-sensitive nature of both processes makes RLHF 
especially well suited to assist judges in common law settings, where legiti‍
macy depends on responsiveness to evolving norms and shared intuitions 
of fairness.

Civil law reasoning, by contrast, corresponds more directly to rein‍
forcement learning with verifiable rewards. RLVR systems operate under 
explicit verification criteria: outputs are accepted only when they satisfy 
an external test of correctness. This mirrors the logic of statutory adjudi‍
cation, in which a judge determines whether the legal elements are met 
and then applies the rule mechanically. Because RLVR systems can man‍
age highly structured and nested rule sets, their adoption could support 
the drafting of more precise and internally consistent codes. Over time, 
such systems may help civil law jurisdictions move closer to the “law as 
code” ideal, enhancing transparency and reliability in rule application. 
This trajectory is already visible in code-based systems such as China’s, 
where judicial practice discourages citation of precedent. China has had 
early, large-scale adoption of LLM-based decision support tools (e.g. Liu 
and Li, 2024).

D. Implications for Legal AI

The parallels between how models are trained and how legal systems work 
have implications for how AI should be used in the legal system. The 
architectures of RLHF and RLVR do not just resemble different legal rea‍
soning styles; they also suggest how AI systems might align with different 
legal tasks, doctrines, and institutional forms. In thinking about the inte‍
gration of AI into law, it is therefore useful to ask which aspects of legal 
decision-making are best handled by systems trained on preference-based 
rewards and which by systems trained on verifiable ones.

RLHF-based systems are naturally suited to tasks that require inter‍
pretive or evaluative judgment. Because these models learn from graded, 
context-sensitive feedback, they can interpolate across a range of factual 
situations and moral intuitions. Many legal standards – such as “rea‍
sonableness,” “good faith,” or “due care” – operate precisely in this way. 
Deciding whether conduct was negligent or an offer was made in good 

535 

https://doi.org/10.5771/9783748947257-525 https://www.inlibra.com/de/agb - Open Access - 

https://doi.org/10.5771%2F9783748947257-525
https://www.inlibra.com/de/agb
https://creativecommons.org/licenses/by/4.0/


Elliott Ash 

faith depends on the aggregation of many contextual features, as well as 
on sensitivity to community expectations. An RLHF-based model, trained 
on extensive corpora of judicial reasoning and fact patterns, could approx‍
imate this inductive process by identifying clusters of analogous cases and 
synthesizing their logic. In effect, RLHF offers a scalable mechanism for 
producing judgments that reflect the continuous and socially grounded 
nature of standard-based adjudication.

RLVR systems, by contrast, are better aligned with rule application. 
These models operate under explicit verification criteria, rewarding out‍
puts only when they satisfy external correctness conditions. This makes 
them well suited to legal domains where compliance can be defined 
with precision – taxation, regulatory compliance, contract validation, and 
other areas governed by intricate statutes and administrative rules. RLVR 
can encode and execute arbitrarily complex legal frameworks, checking 
whether each factual element or computational step satisfies the relevant 
conditions. A legal reasoning engine built around verifiable rewards could 
thus perform the functional equivalent of statutory interpretation and 
rule enforcement, translating legal code into executable code and ensuring 
consistency and precision in outcomes.

In practice, however, there is no clean division between subjective 
and objective tasks, nor between case-based and code-based reasoning. 
Legal decision-making typically involves a combination of the two. Even 
in highly codified domains such as tax law, subjective judgments often 
play a decisive role – for example, in determining whether an expense was 
incurred for personal or business reasons (Goldin et al. 2024). Similarly, 
areas traditionally governed by standards still rely on statutory definitions 
and procedural rules. Just as RLHF and RLVR operate in tandem during 
model training, human legal reasoning mixes evaluation and verification, 
weighing analogical arguments against fixed legal criteria.

This hybrid character of law points toward an analogous architecture 
for legal AI. Effective systems will need to integrate multiple reason‍
ing modes, drawing on both RLHF and RLVR models. An outline for a 
plausible design is a multi-agent system in which different components 
specialize in different tasks and route questions accordingly. Determinate 
rule-following could be handled first by an RLVR model, which checks 
the applicable statutes or procedural rules. Ambiguous or threshold-based 
issues could then be referred to an RLHF model, which aggregates reason‍
ing across similar cases to approximate equitable judgment. This layered 
design echoes recent work in AI on routing among specialized models to 
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enhance performance and efficiency (Chen et al. 2023; Wang et al. 2024; 
Ong et al. 2024).

The parallels between AI alignment and legal reasoning are more 
than conceptual – they offer a framework for designing systems that can 
think with law, not merely about it. The next step is empirical. Hybrid ar‍
chitectures that combine RLHF’s preference-based reasoning with RLVR’s 
verifiable reasoning should be tested systematically on legal AI bench‍
marks, such as LEXGLUE, LegalBench, and Lexam (Chalkidis et al. 2022; 
Guha et al. 2023; Fan et al. 2025). Such evaluations can help determine 
whether the hypothesized match – RLHF with case-based reasoning and 
RLVR with code-based reasoning – holds in practice, and may motivate 
new benchmarks that more clearly distinguish the two.

Beyond benchmarking, legal AI systems must be tested in the field. 
Liu and Li (2024) show that judges using chatbots often render decisions 
first and then use AI to rationalize them after the fact. Future systems 
should instead support reasoning itself – helping judges deliberate, struc‍
ture arguments, and reach better-grounded outcomes. Doing so requires 
attention not only to logic but also to psychology and institutions, as 
judges respond to framing, workload, and norms (Engel and Glöckner 
2013; Engel 2022). Aligning legal AI with these behavioral realities will 
ensure that technology complements, rather than substitutes for, human 
judgment. The ultimate goal is not to mechanize justice, but to build 
systems that model and enhance the structure of human legal reasoning. 
The right approach will join the verifiability of rules with the sensitivity 
of standards, and the precision of code with the adaptability of human 
thought.
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