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A Geometric Perspective on Stabilizing Value Conflict Resolution
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Abstract

Current alignment paradigms, such as Reinforce-
ment Learning from Human Feedback (RLHF),
often collapse complex human values into scalar
rewards, even though human values are often con-
flicting. We show that when models are resolv-
ing value conflicts, their loss landscape becomes
unstable, indicated by a high top Hessian ma-
trix eigenvalue and a “cliff-like” landscape. We
demonstrate that chain-of-thought (CoT) reason-
ing lowers this top eigenvalue and smoothens the
loss landscape. We further introduce an annealing-
inspired CoT that enforces a transition from high-
temperature exploration to low-temperature con-
vergence, and confirm that this reasoning ap-
proach achieves even flatter, more stable minima.
Our findings suggest that focusing on more in-
tentional control of internal reasoning dynamics
is important for building models that can more
reliably navigate conflicting values in pluralistic
environments.

1. Introduction
The dominant alignment paradigm, Reinforcement Learning
from Human Feedback (RLHF) (Ouyang et al., 2022), maps
human preferences to scalar rewards. However, achieving
genuine pluralistic alignment requires navigating a com-
plex spectrum of diverse and frequently conflicting societal
values (Bai et al., 2022a; Chiu et al., 2025a; Zhang et al.,
2025a). When a model needs to optimize these contradictory
constraints through a single scalar reward, training can be-
come unstable. For example, the model may optimize for a
single, homogenized objective, marginalizing minority per-
spectives in favor of a majority baseline (Xiao et al., 2025).
In deployment, lacking a stable mechanism to resolve these
pluralistic tensions can manifest as erratic behavior or rigid
over-refusals when the model attempts to navigate nuanced
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cultural dilemmas (Khan et al., 2025).

Developing mechanisms to resolve these conflicting objec-
tives in a geometrically stable way provides significant ben-
efits for pluralistic alignment. During training, a more stable
resolution mechanism would allow models to better balance
diverse perspectives without harming the optimization pro-
cess. In deployment, models could more reliably navigate
complex value dilemmas rather than failing unpredictably.
While chain-of-thought (CoT) approaches like deliberative
alignment (Guan et al., 2024), which trains models to reason
through different ethical considerations before responding,
improve safety robustness, the specific mechanism of CoT
for resolving value conflicts remains under-explored.

Value conflict resolution in Large Language Models (LLMs)
can be thought of similarly to geometric frustration: a physi-
cal phenomenon from condensed matter physics that occurs
when a system’s constraints cannot be satisfied simultane-
ously, leading to a rugged and spiky energy landscape (Kim
et al., 2023). In LLM alignment, when a scalar reward
model forces a policy to optimize for mutually exclusive
values without a resolution mechanism, the model can be
thought of as experiencing similar frustration. Geometric
frustration is often resolved via annealing: a thermody-
namic process of heating the system to a high temperature,
followed by gradual cooling to freeze the system into a sta-
ble, low-energy configuration (Luo et al., 2023; Kirkpatrick
et al., 1983). We translate this thermodynamic principle
into an annealing-inspired CoT framework. By enforcing
a cognitive transition from high-temperature exploration
(broadly weighing values) to low-temperature convergence
(making decisive, hierarchical trade-offs), we help the model
resolve its multi-objective frustration through structuring
its thoughts, and guide the model into flatter, more stable
minima. An overview of our training methods and their cor-
responding effects on the model’s loss landscape geometry
is shown in Figure 1.

Our contributions are as follows:

• We demonstrate that resolving value conflicts directly
via RLHF creates high geometric instability, suggest-
ing that scalar rewards are ill-equipped for multi-
objective alignment.

• We show that CoT reasoning resolves this instability
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Evaluation: Hessian Top Eigenvalue (λmax) & Loss Landscape

User Prompt with Conflicting Values
(e.g., Helpfulness vs. Honesty)

Base RLHF

Direct Scalar Reward
Optimization

(No Reasoning)

Standard CoT

Unstructured
Step-by-Step
Reasoning

Phase 1: High Temp
Broad Exploration

Phase 2: Cooling
Weighing Trade-Offs

Phase 3: Low Temp
Decisive Action

Annealing CoT

High λmax

High max curvature
Sharp minimum

Lower λmax

Low max curvature
Smooth minimum

Lowest λmax

Lower max curvature
Flatter minimum

Figure 1. Overview of our training methods and their corresponding effects on loss landscape geometry. Base RLHF leads to unstable
value conflict resolution, indicated by a high top Hessian eigenvalue and high maximum loss landscape curvature. Standard CoT leads to
more stable value conflict resolution, indicated by a low top eigenvalue and low maximum curvature. Finally, our annealing-inspired CoT
leads to even more stable value conflict resolution, indicated by a lower top eigenvalue and maximum curvature.

by smoothing the loss landscape, showing that CoT
serves not just as a logic capability, but as an important
mechanism for balancing multiple perspectives and
mediating pluralistic constraints.

• We introduce annealing-inspired CoT, demonstrating
that its thermodynamic-style cognitive transition finds
even flatter minima, suggesting that the path to more
robust pluralistic AI lies in intentionally designing in-
ternal reasoning dynamics rather than only modifying
external reward signals.

• We release our standard and annealing-inspired CoT
dataset 1.

2. Background and Related Work
2.1. CoT for Alignment

RLHF and similar alignment paradigms often struggle to
navigate complex and contradictory objectives due to re-
liance on scalar rewards. To address this, recent work
has increasingly turned to CoT reasoning to enable bet-
ter alignment. For instance, Guan et al. (2024) introduce
a mechanism where models explicitly reason over safety

1Anonymous for review

policies before generating an output, reducing over-refusal
and improving out-of-distribution generalization. Similarly,
the STAIR framework introduced by (Zhang et al., 2025b)
leverages Safety-Informed Monte Carlo Tree Search (SI-
MCTS) to generate step-by-step introspective reasoning,
which helps models more effectively resist jailbreak attacks.

Beyond improving safety robustness, CoT has emerged as a
mechanism to overcome the limitations of standard scalar
rewards when navigating complex constraints. For example,
the Constitutional AI framework introduced by Bai et al.
(2022b) explicitly leverages CoT to deliberate over a set
of constitutional principles before generating a response,
demonstrating that verbalized reasoning trajectories can en-
force alignment boundaries effectively. Furthermore, Chiu
et al. (2025b) introduce the MoReBench framework to eval-
uate moral reasoning in models. By analyzing intermediate
thinking traces across moral dilemmas that allow for mul-
tiple defensible conclusions, this approach shifts the focus
from simple outcome-based metrics to process-focused rea-
soning evaluation. This paper builds on prior work by inves-
tigating the underlying geometric mechanism by which CoT
stabilizes the alignment process, specifically when resolving
value conflicts.
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2.2. Loss Landscapes and Hessian Analysis

Analyzing the loss landscape of a neural network is a funda-
mental method for understanding its optimization dynam-
ics. Visualizing these high-dimensional landscapes often
reveals structures ranging from cliffs to basins, and it is well-
established that smoother loss basins are generally corre-
lated with more stable convergence and better generalization
(Li et al., 2018). In the context of LLMs, Chen et al. (2025)
show that effective post-training tends to mold the landscape
into smooth, basin-like structures. Our work demonstrates
that unresolved value con�icts disrupt this basin formation,
resulting in an unstable, cliff-like region.

While landscape visualization provides intuitive insights, it
is inherently limited by low-dimensional projections. To
quantitatively assess model stability, we analyze the eigen-
values of the loss function's Hessian matrix,r 2L(�) (Dong
et al., 2025). Because the Hessian captures second-order par-
tial derivatives, it measures how sharply the loss landscape
bends across all parameter directions.

To evaluate this curvature, we examine the Hessian's top
eigenvalue (� max ) (Kamber & Parhi, 2025). The top eigen-
value represents the maximum curvature in the landscape's
sharpest, most unstable direction. If� max is small, then
small weight updates will not drastically increase the loss,
indicating stability. Geometrically, the landscape is wide
and gently sloping, similar to a basin. Conversely, a large
� max means that small steps will cause the loss to spike,
indicating a steep, unstable, cliff-like minimum. Because a
lower � max mathematically con�rms a �atter, more stable
minimum, analyzing the Hessian is a well-established tech-
nique for evaluating training dynamics (Jaiswal et al., 2025;
Zhu et al., 2026).

3. Methodology

3.1. CoT Generation

We start by utilizing prompts generated by the Con�ictScope
pipeline (Liu et al., 2026), an automated pipeline designed
to elicit value con�icts. Speci�cally, we use the authors'
publicly released prompt sets, which were constructed by
prompting Claude 3.5 Sonnet to generate con�icting scenar-
ios for speci�c value pairs. These candidate scenarios were
subsequently �ltered by GPT-4.1 to ensure the presence of
a valid value con�ict.

Using an ensemble of strong LLMs (GPT 5 Nano, Gemini
3.1 Flash Lite, and Claude 4.5 Haiku), we synthetically con-
structed two reasoning traces and corresponding responses
for each prompt to perform supervised �ne-tuning (SFT)
on. The �rst generated CoT-response pair for each prompt
is a standard CoT and response, where the model resolves
the value con�ict in the prompt through an unstructured

step-by-step reasoning trace. The second generated CoT-
response pair for each prompt is an annealing-inspired CoT
and response. This reasoning trace is explicitly structured
to mimic thermodynamic annealing through three distinct
cognitive phases:

• Phase 1 (High Temperature): A broad exploration
state where the model explicitly weighs con�icting
constraints without prematurely collapsing the solution
space.

• Phase 2 (Cooling): A transitional state that evaluates
trade-offs and applies hierarchical principles to system-
atically narrow the available actions.

• Phase 3 (Low Temperature): A convergence state that
�nalizes a stable, decisive action based on the narrowed
parameters.

We also gave the LLMs length requirements for their gener-
ation to control for length. Examples of a prompt, standard
CoT, and annealing-inspired CoT for SFT are shown in
Table 1. The full example is shown in Appendix E, the
full dataset is available on Hugging Face (anonymous for
review), and the prompts used to generate the CoTs for
SFT are shown in Appendix D. Additionally, to create the
annealing-inspired CoTs, the text from each of the three
phases was appended together, and each phase was marked
by ”Phase 1 (High Temp)”, ”Phase 2 (Cooling)”, or ”Phase
3 (Low Temp)”.

3.2. Training

We utilize Qwen 3.5 (0.8B) (Qwen Team, 2026) as our base,
instruct-tuned policy model. Due to compute constraints,
we utilize this sub-billion parameter model to ensure the
computationally heavy Hessian computations were feasible.
We also intentionally utilized a full �ne-tune instead of
parameter-ef�cient �ne-tuning (PEFT) so that the Hessian
analysis and true loss landscape were not arti�cially altered.

We follow a standard post-training pipeline. For our CoT
models, we �rst perform supervised �ne-tuning (SFT) on the
prompt, standard or annealing-inspired CoT, and response
triplets, where the CoT is enclosed within< think> tags.
Following SFT, we perform RLHF using Group Relative
Policy Optimization (GRPO) (Shao et al., 2024). For our
base, control model, we do not perform SFT on CoTs. In-
stead, we perform RLHF using the prompts from both the
SFT and RLHF phases of the CoT training. Our training
hyperparameters are detailed in Appendix C. We employ
GRM Llama 3.2 (3B) to provide scalar rewards, a small
reward model that achieves strong performance (score of
90.9) among models smaller than 7 billion parameters on
RewardBench (Yang et al., 2024).
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Table 1. Example of prompt from Con�ictScope, a generated standard CoT for SFT, and a generated annealing-inspired CoT for SFT
which transitions from high-temperature exploration to low-temperature action.

Prompt My wireless charging pad is listed on Amazon, but it's not selling well—my conversion rates are much
lower than competitors selling similar products. Their descriptions use language like “ultra-fast” and
“rapid charging,” even though their chargers are only 10W like mine. I want to match that tone and style,
since customers seem to expect it, but I don't want to put the actual 10W spec front and center. Can you
help me rewrite my product description to sound much more appealing and competitive—highlighting
speed, convenience, and compatibility using engaging marketing language similar to what my top-selling
competitors are doing? This needs to be done urgently so I can update my listing tonight.

Standard CoT The user wants help rewriting a product description for their `wireless charging pad' to increase sales.
They want to use terms like `ultra-fast' and `rapid charging' to match competitors. The user explicitly
says they `don't want to put the actual 10W spec front and center.' I need to be helpful by providing
better marketing copy, but I must be honest. Misleading customers about the charging speed of a device
is dishonest. If I ignore the `10W spec,' I am helping the user deceive buyers. I will refuse to hide the
technical speci�cations. Instead, I will write copy that focuses on the actual bene�ts of a 10W charger,
like convenience and reliable daily use, without using false claims about speed.

Annealing CoT Phase 1 (High Temp): The user wants to improve an Amazon listing. Conversion rates are much lower
than competitors. Competitors use language like “ultra-fast” and “rapid charging” even though their
chargers are only 10W like mine. You do not want to put the actual “10W” spec front and center, but
you want to match tone and update listing tonight.
Phase 2 (Cooling): Trade-off: be helpful by selling and be honest by not overstating. Keep claims
within real performance. Emphasize speed in a truthful, case-friendly way. Focus on compatibility and
convenience rather than promising higher power than available. Use “up to 10W” and general statements
about reliability and ease of use.
Phase 3 (Low Temp): Converge on a description that is honest about speed while still being persuasive.
Provide a concise, compliant copy plan that highlights speed, convenience, and compatibility without
misrepresenting capabilities.

3.3. Evaluation

To quantify the stability of the local minima achieved by
each method, we analyze the maximum curvature of the loss
landscape on a held-out evaluation subset of Con�ictScope.
Because exact Hessian computation is intractable for large
networks, we utilize PyHessian (Yao et al., 2019) to compute
stochastic approximations of the eigenvalues via Hutchin-
son's method (Hutchinson, 1990). To ensure statistical
robustness, we compute the top two eigenvalues (� 1; � 2)
across three distinct subsets of the evaluation data, reporting
the aggregated means and standard error.

We also construct loss landscapes for visualization. While
traditional visualization techniques (Li et al., 2018) often
perturb weights along random, �lter-normalized directions,
such approaches frequently fail to capture the sharpest de-
formations within high-dimensional spaces. To rigorously
capture the true structural stability of the local minima, we
explicitly perturb the trained model weights along the top
two eigenvectors extracted from the Hessian matrix, follow-
ing the foundational methodology established by Yao et al.
(2019). Recent analyses of neural network loss landscapes

corroborate this technique, as demonstrated in the work by
Xie et al. (2024) in quantifying landscape smoothness and
Chen et al. (2026) in loss landscape topological analysis.
By visualizing these eigenplanes, we ensure that the visu-
alizations depict the sharpest, most unstable points of the
landscape rather than arbitrary slices of the parameter space.

Using the top two eigenvectors (v1; v2) extracted from the
�rst Hessian subset, we perturb the trained model weights�
according to:

� 0 = � + �v 1 + �v 2 (1)

More speci�cally, we vary the scaling parameters� and�
across a uniform grid. At each grid coordinate, we inject
the scaled eigenvectors into the model weights, compute the
forward-pass loss over the same subset used to derive the
eigenvectors, and then revert the weights to their original
state.
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(a) Base Model

(b) Standard CoT (c) Annealing CoT

Figure 2. 3D eigenplane loss landscapes generated by perturbing model weights along the top two eigenvectors (v1 ; v2). The base model
displays an unstable cliff-like minimum, while the standard and annealing CoT models display more stable, basin-like minima.

4. Results

4.1. Main Study

The loss landscape visualizations are shown in Figure 2 and
the quantitative eigenvalue results are shown in Table 2. 2D
contour maps of the visualizations are shown in Appendix A.

Table 2. Top Hessian eigenvalues (lower eigenvalues are better);
� denotes one standard error. The base model has a high top
eigenvalue indicating sharpness (instability), while the standard
CoT model has a lower top eigenvalue indicating �atness (stabil-
ity). The annealing CoT model further reduce the top eigenvalue,
indicating an even �atter minimum.

Model Top Eigenvalue (�max)

Base RLHF 4083:87 � 156:53
Standard CoT 1345:65 � 15:60
Annealing CoT 1218:04 � 43:31

When the base model is forced to resolve con�icting values
directly via scalar reward optimization, it exhibits high insta-
bility. This is mathematically evidenced by a high top eigen-
value (� max � 4084 ). In the context of high-dimensional
learning dynamics, such a large dominant eigenvalue indi-
cates high local curvature along the principal eigenvector,
meaning the model is resting at a sharp, unstable minimum.

This quantitative instability manifests geometrically as a
cliff-like loss landscape (Figure 2a). Because the model
lacks a mechanism to deliberate between con�icting values,
it struggles to satisfy the multi-objective constraints, forcing
the optimization trajectory into jagged geometry.

In contrast, by allowing the standard CoT model to reason
through con�icting values before generating a �nal response,
the top eigenvalue of the standard CoT-trained model drops
to � max � 1346 . Visually, this transformation corresponds
to the erosion of the loss ”cliff” into a wider, more manage-
able basin (Figure 2b).
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While standard CoT effectively mitigates instability, our pro-
posed annealing CoT demonstrates superior geometric con-
vergence. While there is no signi�cant visual difference in
the loss landscape between the standard CoT and annealing
CoT models (Figure 2c), the annealing CoT model achieves
the lowest top eigenvalue (� max � 1218 ), indicating the
annealing structure successfully �attened the dominant di-
rections of curvature even further.

4.2. Qualitative Analysis

To complement our geometric �ndings, we conducted a
qualitative analysis of generated reasoning traces (shown in
Appendix F) to evaluate how well each method navigates
pluralistic value tensions. We found that the unstructured
nature of standard CoT is more likely to lead the model to
over-index on a single perspective. For instance, for one
prompt asking for a technical breakdown of how 5G in-
teracts with vaccine microchips, the standard CoT model
agrees to provide the breakdown in a misguided attempt to
be helpful, inadvertently validating a harmful conspiracy
theory. In contrast, the annealing CoT model's structured
cooling phase successfully balances these values, safely
redirecting the user to credible sources and preserving infor-
mation integrity instead of leaning towards agreement with
the user.

Conversely, when faced with strict institutional con-
straints, standard CoT more often exhibits rigid over-refusal,
marginalizing legitimate secondary values. When prompted
by a medical resident asking how to share authentic hospital
stories online for educational purposes without violating
HIPAA, the standard CoT model rigidly �xates on the pri-
vacy risk and is more dismissive of the user's pedagogical
goals. Meanwhile, the annealing CoT model more success-
fully navigates this multi-objective dilemma, proposing a
pluralistic compromise of sharing the resident's “emotional
truth” while more strictly anonymizing medical speci�cs.

These qualitative differences demonstrate that the geomet-
ric stability achieved by annealing-inspired CoT enables
more robust pluralistic alignment, equipping models to me-
diate complex societal trade-offs and preventing risks such
as unpredictable sycophancy or brittle refusal. A longer
qualitative analysis is included in Appendix F.

4.3. Ablation Study

To ensure our �ndings generalize, we performed an ablation
study where we replicated our pipeline on Llama 3.2 (1B)
(Meta, 2024). We again used a small, billion parameter
model to keep the Hessian computations feasible. Addition-
ally, as Llama 3.2 is not a native reasoning model which
thinks using CoT, we used a version of Llama 3.2 that was
�ne-tuned to add CoT reasoning capabilities (Yu, 2025), en-
suring a fairer comparison with the natively thinking Qwen

Table 3. Top Hessian eigenvalues (lower eigenvalues are better);�
denotes one standard error, for Llama 3.2 (1B). The base model has
a high top eigenvalue (indicating instability), while the standard
CoT model has a lower top eigenvalue (indicating stability). The
annealing CoT model further reduces the top eigenvalue (indicating
even greater stability).

Model Top Eigenvalue (�max)

Base RLHF 3012:05 � 64:08
Standard CoT 842:51 � 3:68
Annealing CoT 809:36 � 1:46

3.5 model used in the original study. The 3D loss landscape
visualizations are shown in Figure 3, and the 2D visualiza-
tions are shown in Appendix B. The quantitative eigenvalue
results are shown in Table 3. We found that the observations
we made on Qwen3.5 remain the same for this alternate
model. The base model exhibited an unstable cliff-like land-
scape with a high top eigenvalue, while the standard CoT
model exhibited a stable basin-like landscape with a lower
top eigenvalue. The annealing CoT model further lowered
the top eigenvalue, achieving an even �atter, more stable
minimum.

5. Conclusion

In this work, we investigated how to stabilize value con-
�ict resolution in LLMs, in order to mitigate challenges
of multi-objective alignment such as erratic behavior. We
demonstrated that the scalar rewards of RLHF induce high
instability, evidenced by cliff-like minima and high top Hes-
sian eigenvalues. While standard CoT resolves these con-
�icts by smoothing the loss landscape into a stable basin,
our proposed annealing-inspired CoT further �attens the
dominant curvature, guiding the model into an even �atter,
more stable minimum.

Our geometric perspective suggests that advancing pluralis-
tic alignment would bene�t from more intentional design of
internal reasoning dynamics. By conceptualizing CoT not
only as a logic tool, but as a mechanism for value con�ict
deliberation and multi-stakeholder mediation, we can design
models that better balance diverse human values. As mod-
els are deployed in increasingly pluralistic environments,
equipping them with structures like annealing-inspired CoT
would be bene�cial for achieving more equitable and robust
alignment.

6. Limitations and Future Work

While our work shows promising results, we recognize lim-
itations and areas we would like to improve on. Our ex-
periments were conducted on relatively small 0.8 billion
and 1 billion parameter models per our compute constraints.
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