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Abstract

Current language model post-training pipelines rely heavily on pairwise preference rankings or fully
written target responses, both of which are expensive to collect from human annotators. In this project,
we study a cheaper and more natural supervision source: natural-language critiques. We propose a
geometric framework that learns a response encoder e(x, y) and a critique encoder g(z, y, ¢), where
the critique vector is trained to represent a direction from a response toward the ideal reference
response. This formulation allows critiques to serve as structured supervision without requiring
explicit pairwise rankings or gold rewritten answers. Empirically, our critique-based method achieves
a test ranking accuracy of 0.738 when using critique norm as a quality proxy, outperforming a simple
RLHF reward-model baseline that achieves 0.67. These results suggest that critiques contain rich
and scalable alignment signal, and that critique-based supervision can be a promising alternative or
complement to standard preference-based reward learning.
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2 Introduction

Large language models are typically post-trained with two main forms of human supervision. In supervised fine-tuning
(SFT), annotators are asked to write high-quality target responses for a prompt. In reinforcement learning from human
feedback (RLHF), annotators are instead asked to compare two responses and indicate which one is better. Both
forms of supervision are expensive. Writing an ideal answer requires substantial expertise and time, especially for
open-ended or technical prompts. Pairwise preference annotation is often cheaper, but it is still labor-intensive, and in
practice annotators may not read both responses carefully or may provide only weak and noisy signal. By contrast,
natural-language critiques are abundant in everyday interactions and are often much easier for humans to provide:
instead of writing the best answer from scratch or comparing two long responses side by side, a user can simply say
what is missing, unclear, or incorrect.

This project studies whether such critiques can be turned into a useful learning signal for language model alignment.
The core idea is geometric. Let e(z, y) denote an embedding of response y under prompt z, and let g(z, y, ¢) denote
an embedding of a critique ¢ applied to response y. We would like g(x, y, ¢) to behave like an improvement vector:
if a critique correctly describes how a response should be improved, then a better response ¢’ should lie closer to the
critique-implied target point e(x, y) + g(z, y, ¢). This gives critiques both directional meaning, by indicating how a
response should change, and magnitude meaning, by indicating how far the response may be from an improved or ideal
answer. In our setup, a local critique describes why the losing response is worse than the winning one and therefore
captures the edit from loser to winner, while a global critique evaluates a single response against a broader notion of
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what an ideal answer should look like. The training objective therefore combines three pieces: a local edit term that
aligns a local critique with the observed winner-minus-loser displacement, a geometric consistency term that couples
local and global critiques, and a magnitude-gap term that calibrates critique norms using human preference strength.

To evaluate this idea, we use HelpSteer2 preference data augmented with local and global critiques, and train two
encoders: a response encoder e(-) and a critique encoder ¢(-). In the final implementation, we use the Qwen3-
Embedding-0.6B backbone with LoRA on the query and value projections, together with separate MLP heads for
responses and critiques. The training pipeline constructs five text objects per example—winning and losing responses,
a local critique of the loser, and global critiques of both winner and loser—and optimizes the critique-conditioned
geometric objective over train, validation, and test splits.

Empirically, the learned critique geometry is informative. On the test set, the norm of the inferred global critique vector
is a useful proxy for response quality: responses with shorter critique norms are more likely to be preferred. This
suggests that critiques can encode not only qualitative feedback but also a meaningful notion of distance to improvement.
More broadly, the contribution of this project is not merely a new scalar reward model, but a framework for converting
short natural-language critiques into structured supervision for alignment. If successful, such a framework could reduce
reliance on pairwise rankings and fully written target responses, making post-training more scalable and less costly for
human experts.

3 Related Work

Our work is related to several neighboring lines of research in language model alignment and learning from feedback,
but it differs from each of them in both supervision format and modeling objective.

The dominant paradigm for post-training large language models is supervised fine-tuning (SFT) followed by preference-
based alignment. InstructGPT (Ouyang et al.|[2022] established the now-standard pipeline of training on human-written
demonstrations, fitting a reward model from pairwise comparisons, and then optimizing the policy against that reward
model using RLHF. More broadly, recent surveys characterize RLHF (Kaufmann et al.|[2024]) as a framework built
around scalar preference modeling from chosen—rejected pairs. These methods have been highly successful, but they
rely on costly supervision: SFT requires annotators to write high-quality target responses, while RLHF requires humans
to compare multiple responses carefully, often for long and nuanced prompts.

A closely related line of work tries to reduce the dependence on human preference labels by replacing them with Al
feedback. Constitutional Al (Bai et al.| [2022]) uses natural-language principles to generate critiques and revisions,
and then uses this feedback to train safer assistants, effectively showing that critique-like natural-language supervision
can substitute for some human preference judgments. RLAIF (Lee et al.| [2023]]) further explores replacing human
comparisons with Al-generated feedback at scale. These works share our belief that richer and cheaper natural-language
feedback can be useful for alignment, but their primary goal remains to improve a standard scalar reward or policy-
training pipeline. In contrast, our method does not begin by assuming a scalar reward model r(z, y); instead, it learns a
critique-conditioned geometric representation in which critiques act as improvement directions in response space.

Another relevant thread studies critique-and-revise procedures at inference time. Self-Refine (Madaan et al.| [2023]])
shows that an LLM can generate feedback on its own output and iteratively improve it, without additional task-specific
training. This is conceptually close to our motivation: a critique contains information about how an answer should
change. However, Self-Refine is primarily an iterative generation-time procedure, whereas our goal is to learn a reusable
representation from critique data itself. Rather than using critiques only to revise one output at a time, we try to encode
them as structured signals that can supervise representation learning across many examples.

The nearest technical neighbors are recent methods that augment reward models with critiques. Critique-out-Loud
(CLoud) reward models (Ankner et al. [2024])) first generate a natural-language critique and then use it to improve
scalar reward prediction. Improving Reward Models with Synthetic Critiques (Ye et al.| [2025]]) and Critic-RM (Yu
et al.|[2025]]) similarly show that synthetic or self-generated critiques can improve reward-model accuracy and data
efficiency. These papers are important because they support the general claim that critiques carry richer signal than
binary preferences alone. However, they still use critiques mainly as auxiliary evidence for predicting a scalar reward.
Our work differs in the object being learned: instead of treating a critique as textual rationale for a score, we train a
critique encoder g(z, y, ¢) so that a critique behaves like a vector pointing from a response toward a better one. In other
words, prior critique-augmented reward models remain fundamentally scalar, whereas our formulation is explicitly
geometric.

Our work is also related in spirit to process supervision and process reward models, which argue that richer intermediate
feedback can be more informative than final outcome labels alone. For example, process-supervised reward models for
mathematical reasoning (Lightman et al.|[2023]]) show that supervising intermediate reasoning steps can yield better



reward estimates than outcome-only supervision. Although that literature focuses on reasoning trajectories rather than
natural-language critiques of responses, it shares our broader motivation: scalar end labels may discard useful structure,
and richer feedback can provide a better learning signal. Our contribution can be seen as extending this idea from
process annotations to critique annotations.

Finally, our work is motivated by scalable feedback collection. Existing alignment pipelines usually rely on pairwise
rankings or full target rewrites. We instead study critiques as a supervision interface and ask a different modeling
question: not how to use critiques to better predict a scalar reward, but how to represent them as structured improvement
directions in response space. In that sense, our project lies between preference-based alignment and critique-guided
refinement.

4 Approach

Our goal is to learn from natural-language critiques without requiring either pairwise preference labels alone or fully
written gold responses. We formalize each training example around three objects: a prompt x, a response ¥, and a
critique c. Intuitively, the response embedding should encode where the current answer lies in latent response space,
while the critique embedding should encode how that answer should move in order to improve.

4.1 Setup

For a prompt x, suppose we observe two candidate responses y,, and y,, where y,, is preferred to y,. We also observe
three critiques:

* alocal critique cjo,, which explains why the losing response y, is worse than the winning response y,,;

* a global critique c,,, which evaluates the winning response relative to an ideal answer;
* a global critique c,, which evaluates the losing response relative to an ideal answer.

We learn two encoders:

e(x,y) eRY, g(z,y,¢) € RE
Here, e(x, y) is the embedding of response y under prompt x, and g(z, y, ¢) is the embedding of critique ¢ applied to
response y. We interpret g(x, y, ¢) as an improvement vector: it should point from the current response toward a better
one.

This induces the following geometric picture. If a critique correctly describes how a response should change, then the
corrected point

e(z,y) +9(z,y,0)
should move closer to an improved, and ideally near-optimal, response for prompt z. In this view, the direction of g
captures how the response should change, while its norm captures how far the response is from a better answer.

For notational convenience, define

ew = e(T, Yw), eo = e(x,yp),
Grocal = 9(Z, Ye, Crocal), Gw = 9(Z, Yw, Cw)> ge := g(x,ye, ).

4.2 Geometric Training Objective

We train the response and critique encoders by combining three losses:
L= )\localﬁlocal + )\geomﬁgeom + )\magﬁmag-
Each term enforces a different aspect of the intended geometry.

4.2.1 Local edit loss

The local critique compares the losing response directly against the winning one, so it should approximate the
displacement from loser to winner:

2
Ligcal = Hglocal - (ew - GZ)HQ :
The intuition is straightforward: if the local critique says what is wrong with y, relative to v,,, then its embedding

should match the edit needed to move from the losing response toward the winning response. This is the most direct
supervision signal in the model.
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Figure 1: The geometric structure of responses and critiques

4.2.2 Geometric consistency loss

The global critiques of the winner and loser should both point toward roughly the same latent ideal answer. Therefore,
after applying the corresponding critique vectors, the two corrected responses should land near one another:

Egeom = ||(€w +gw) - (eg + gé)Hg

This term does not require us to observe the true ideal response y*. Instead, it uses the weaker but practical assumption
that if both critiques are meaningful and are from the same commentator, then they should move the winner and loser
toward a shared high-quality region of response space.

4.2.3 Magnitude calibration loss

In addition to direction, we want critique vectors to carry magnitude information. A worse response should generally
require a larger correction than a better one. Let » > 0 denote the observed preference strength between the winner and
loser. We impose the constraint
2 2
lgellz = llgwllz ~ ar,

with « being a tunable hyperparameter. It leads to the loss
2
Laag = (lell3 = llgwll3 — ar)
The role of this term is to weakly calibrate critique norms. If the losing response is much worse than the winning

response, then its critique should have larger norm, reflecting a greater distance to improvement. The scalar a controls
how preference strength maps into a target gap in squared norms.

4.3 Why this objective is useful

The three losses play complementary roles. Ljoca1 anchors local critiques to observed winner-minus-loser edits, Lgoom
uses global critiques to define a shared high-quality region without observing an explicit ideal answer, and L.
calibrates critique norms so they can serve as a quality proxy at test time.

S Experiments

5.1 Data

We use the preference subset of HelpSteer2, a human-feedback dataset containing paired responses and prefer-
ence annotations for assistant promptsE] In particular, we use the fields prompt, response_1, response_2, and
preference_strength. Each example contains two candidate responses to the same prompt together with a discrete
preference-strength label indicating how strongly one response is preferreﬂ From the full preference subset, we use

"https://huggingface.co/datasets/nvidia/HelpSteer2
pref erence_strength takes the range from -3 to 3, where -3 means response 1 is strongly preferred than response 2.
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approximately 7,000 query-level examples, split into 5,602 training examples, 700 validation examples, and 701 test
examples. The test set is held out until the final evaluation.

This dataset is a good fit for our setting because it provides both an observed winner—loser relation and a preference-
strength signal. The winner—loser relation is used to supervise local geometric edits, while preference strength is used
to weakly calibrate the radial gap between critique vectors.

5.2 Generating critique supervision

HelpSteer?2 itself provides pairwise preferences, but not the local and global critiques required by our training objective.
To construct these additional supervision signals, we prompt a stronger external language model to generate three
critiques for each preference pair. The first is a local critique, which explains why the losing response is worse than
the winning one and therefore describes a local edit from loser to winner. The second and third are global critiques,
which separately evaluate the winning and losing responses against a broader notion of an latent ideal answer, without
revealing which one is the preferred response.

Concretely, for each prompt = with winning response ¥, and losing response y,, we generate Ciocal, Cw, C¢, Where ciocal
is an edit-style critique of the loser relative to the winner, and ¢, and ¢, are defect-to-ideal critiques of the winner and
loser, respectively. In practice, the prompting template asks the stronger model to identify what is missing, unclear, or
incorrect in a response, rather than to rewrite the answer fully from scratch (see Appendix for the detailed prompts).

Using Al-generated critiques is reasonable for two reasons. First, these critiques are generally high quality and provide
substantially richer signal than a binary pairwise label. Second, our method does not require critiques to be perfect
reconstructions of a human gold answer. The global critiques serve mainly as geometric scaffolding: they only need to
be informative enough to shape the latent response space so that better responses lie closer to their critique-implied
targets.

5.3 Models and baselines

Our embedding backbone is Qwen3-Embedding-0.6B, a decoder-only Transformer with 28 layers, hidden size 1024,
and 16 attention heads. For each input, we use the last-token hidden state as the pooled representation. On top of this
backbone, we train a response encoder e(z, y) and a critique encoder g(z, y, ), each implemented as a 3-layer MLP:

1024 — 512 — 512 — 1024.
‘We compare three models.

RLHF reward-model baseline. We train a scalar reward model r(x, y) on winner—loser pairs using the frozen Qwen
embedding followed by a 3-layer MLP
1024 — 512 — 512 — 1,

optimized with the standard pairwise logistic loss. This model has 787,969 trainable parameters.

Head-only critique geometry baseline. We freeze the Qwen backbone and train only the response and critique heads.
This tests whether the geometric objective is useful even with a fixed backbone. The model has 2,625,536 trainable
parameters.

Full critique geometry model with LoRA. We keep the same heads and additionally fine-tune the Qwen backbone
with LoRA on the query and value projections in every Transformer layer. We use LoRA rank » = 8, a = 16, and
dropout 0.05. The full model has 3,772,416 trainable parameters.

The baselines answer different questions. The RLHF model learns a scalar reward directly from pairwise rankings,
whereas the critique-based models learn a critique-conditioned geometry. At test time, we rank a pair by comparing
global-critique norms:

19(@, Y cw)ll < [lg(z; ye, co) -
If this inequality holds, the model predicts that the winner is closer to an improved answer.

5.4 Results

Table [5.4] reports the main test-set ranking results. The standard RLHF baseline achieves an accuracy of 0.6205.
Training only the response and critique MLP heads on top of a frozen Qwen backbone already improves this to 0.6419,



Table 1: Test-set ranking accuracy. For the critique-based models, accuracy is the fraction of examples for which the
winning response has a shorter inferred global-critique norm than the losing response.

Method Trainable Parameters  Test Accuracy
RLHF reward model 787,969 0.6205
Head-only critique geometry 2,625,536 0.6419
Full critique geometry + LoRA 3,772,416 0.7389

suggesting that the critique-based geometric objective carries useful signal even without updating the backbone. The
full model, which fine-tunes the Qwen backbone with LoRA in addition to the two heads, achieves 0.7389, substantially
outperforming both baselines.

These results support the main claim of the project: critique supervision can be converted into a strong geometric
signal for response quality. Importantly, this gain is achieved without requiring human-written gold rewrites, and with a
supervision format that may be cheaper and more natural to collect than exhaustive pairwise rankings.

6 Analysis

Table [5.4] shows that the learned critique geometry carries substantial ranking information. Intuitively, this happens
because the model is trained so that critiques point toward a latent improved answer. For a prompt = and response y, the
corrected point

e(z,y) +9(z,y,c)
is intended to move the response embedding toward a higher-quality region of the latent space. If a response is already

good, then the global critique needed to improve it should be relatively small; if a response is poor, the required
correction should be larger. This gives a natural ranking signal:

Tgeom(waya C) = 7Hg(xa y,0)||g

A higher value of this score means that the response lies closer to the latent ideal response implied by the critique. Our
test-set results indicate that this geometric distance is informative enough to distinguish better from worse responses,
even though the model was not explicitly trained as a standard scalar reward model.

More broadly, the value of this method is not exhausted by the ranking numbers in Table[5.4] A standard RLHF reward
model only learns an ordering between responses, typically from chosen—rejected pairs. By contrast, our method tries
to shape the entire latent response space. The response encoder e(z, y) represents where a response currently lies,
while the critique encoder g(x, y, ¢) represents how that response should move in order to improve. This means the
supervision is richer than a binary preference label: a critique provides both directional information, describing how the
response should change, and magnitude information, describing how far the response may be from a better answer. In
this sense, the method is not merely another way to produce a scalar reward, but a way to learn structured improvement
signals from natural-language feedback.

This distinction matters in practice because critiques are often cheaper and more natural to obtain than the supervision
used in standard post-training pipelines. In supervised fine-tuning, human experts are asked to write full target responses,
which is expensive and time-consuming. In preference-based RLHF, annotators are asked to compare multiple long
responses, which can also be costly and noisy. By contrast, a short critique such as “this answer ignores the causal
mechanism” or “the response is correct but too vague” is often much easier to write. Our framework suggests that such
critique data can be converted into usable supervision without requiring the annotator to produce the full ideal answer
or carefully rank many alternatives.

One practical use case is critique-based post-training from everyday user interactions. Many real deployment settings
already generate large amounts of free-form feedback: users say that an answer is unclear, incomplete, overly verbose,
or misses the point. Such feedback is usually too unstructured to fit directly into standard RLHF pipelines, but it fits
naturally into our framework. If the model can learn a stable geometry in which critiques correspond to improvement
directions, then these conversational critiques can become a scalable source of supervision for alignment.

A second use case is reducing the burden of expert annotation in SFT. Instead of asking a domain expert to write a
complete ideal response y*, one could ask for a short critique of an imperfect answer. This is particularly attractive
in domains where writing a perfect response is difficult, but identifying what is wrong is much easier. Under our
framework, these critiques still provide a meaningful training signal because they define a direction toward improvement
even when the exact ideal answer is not written down explicitly.



Finally, the geometric view may be useful beyond ranking itself. Because the learned representation is intended
to encode directions of improvement, it may support downstream procedures such as response revision, critique-
conditioned reranking, or distillation into a standard critique-free reward model. We do not fully solve these extensions
in this project, but the results suggest that critiques contain enough structure to make such directions plausible. This is,
in our view, the broader contribution of the work: not simply a better reward score on one benchmark, but a framework
for turning natural-language critiques into scalable and structured supervision for language model improvement.

7 Conclusion

This project explores critiques as an alternative supervision format for language model post-training. Instead of relying
only on pairwise rankings or fully written target responses, we propose a geometric framework that learns a response
encoder e(x, y) and a critique encoder g(x, y, ¢), where critiques act as vectors pointing toward improved responses.
Empirically, the learned geometry provides a strong ranking signal on held-out data and outperforms a simple RLHF
reward-model baseline in our experiments.

More importantly, the contribution of this work is not only a new ranking method, but a new way to think about
supervision for alignment. Natural-language critiques are abundant, cheaper to provide than full rewrites, and richer
than binary preference labels. Our results suggest that such critiques can be converted into structured signals for
language model improvement. We hope this project can serve as a step toward more scalable and flexible post-training
methods that learn not just which response is better, but how a response should improve.
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Appendix: Critique Generation with gemini-2.5-flash

To construct the additional supervision required by our training objective, we use a gemini-2.5-flash model to
generate critiques for each HelpSteer2 preference pair. For a prompt = with winning response ¥, and losing response ¥y,
we generate three critiques Ciocar, Cuw, Co- Here, ciocql 18 a local critique of the losing response relative to the winning one,
while ¢,, and ¢, are global critiques of the winning and losing responses, respectively. The local critique is designed to
capture the main edit needed to move the loser toward the better response. The global critiques are designed to compare
each response independently against an ideal answer, without explicitly comparing the two responses to each other.

We use gemini-2.5-flash because it provides short, coherent, and actionable critiques at relatively low cost and
latency. Importantly, our method does not require these critiques to be perfect gold explanations. The geometric
objective only requires critiques to contain useful directional information about improvement, so Al-generated critiques
can serve as effective structured supervision even if they are somewhat noisy.

A key design choice is that the model is asked to compare each response against an implicit ideal answer to the user
query, rather than against a scoring rubric alone. This framing helps the critiques focus on substantive gaps such as
missing information, incorrect emphasis, weak organization, or unnecessary detail. For local critiques, the model is
prompted to describe the main ways the weaker response falls short relative to the stronger one, in natural feedback
language rather than explicit edit instructions.

For global critiques, we explicitly require each response to be judged independently. The prompt forbids the model
from mentioning the other response, leaking comparative information, or revealing which response is better. This is
important because the global critique is intended to reflect how far a single response is from an ideal answer, not how it
compares to its paired alternative. We also instruct the model not to sound like a rubric or a grader, but instead like a
realistic human expert giving brief, direct feedback.

Table [2] and Table [3] show the exact prompt templates used to generate the global and local critiques with
gemini-2.5-flash.



Table 2: Prompt template for generating global critiques with gemini-2.5-flash.

You are simulating a realistic human user giving brief feedback on two LLM responses.

You are given a user question and two responses. Do not assume either response is better. For
each response, compare it independently to what an ideal answer to the question should do.

Write one short critique for Response 1 and one short critique for Response 2.

Requirements:

- Critique each response independently. Do not mention, compare to, or imply the existence of
any other response.

- Sound like natural human feedback, not like a formal rubric.

- Mention only the most important one or two issues for each response.
- Be concise, natural, and actionable.

- Do not write the ideal answer.

- Do not compare the two responses explicitly.

- Use plain English.

- Write in third person.

- Maximum 50 words per critique.

- Output exactly in this format:

Critique 1: <critique for Response 1>
Critique 2: <critique for Response 2>

User question:
{question}

Response 1:
{response_1}

Response 2:
{response_2}
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Table 3: Prompt template for generating local critiques with gemini-2.5-flash.

You are simulating a realistic human user giving brief feedback on a suboptimal LLM response.

You will be shown:

1. a user question,

2. a weaker response,

3. a stronger response,

4. optional human preference notes explaining why the weaker response was not preferred.

Treat the stronger response as if it were the ideal local reference, but do not mention it
explicitly.

Write one short critique of the weaker response only.

Requirements:

- Sound like natural human feedback, not like a formal evaluation rubric.
- Mention only the most important one or two issues.

- Make the critique natural, concise, and actionable.

- If the weaker response is still mostly good, keep the criticism mild.
- Do not compare explicitly to the stronger response.

- Do not mention score, ranking, or preference.

- Do not copy the human notes verbatim.

- Use the human notes only as background context.

- Do not quote large parts of the response.

- Use plain English.

- Write in third person.

- Maximum 50 words.

- Output only the critique text.

User question:
{question}

Weaker response:
{loser}

Stronger response:
{winner}

Optional human preference notes:
Statement: {statement}
Elaboration: {elaboration}

11
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