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Abstract

Present day LLMs face the challenge of managing
affordance-based safety risks—situations where outputs in-
advertently facilitate harmful actions due to overlooked log-
ical implications. Traditional safety solutions, such as scalar
outcome-based reward models, parameter tuning, or heuris-
tic decoding strategies, lack the granularity and proactive
nature needed to reliably detect and intervene during sub-
tle yet crucial reasoning steps. Addressing this fundamen-
tal gap, we introduce AURA, an innovative, multi-layered
framework centered around Process Reward Models (PRMs),
providing comprehensive, step level evaluations across logi-
cal coherence and safety-awareness. Our framework seam-
lessly combines introspective self-critique, fine-grained PRM
assessments, and adaptive safety-aware decoding to dynam-
ically and proactively guide models toward safer reason-
ing trajectories. Empirical evidence clearly demonstrates that
this approach significantly surpasses existing methods, sig-
nificantly improving the logical integrity and affordance-
sensitive safety of model outputs. This research represents a
pivotal step toward safer, more responsible, and contextually
aware AI, setting a new benchmark for alignment-sensitive
applications.

Extended version — https://arxiv.org/pdf/2508.06124

Introduction
In the physical world, certain situations may arise where per-
forming certain actions (or affordances) may incidentally
cause physical or materialistic harm to humans (or mate-
rials) involved in the situation. Imagine a situation where
John is driving a car, steering along a busy road while si-
multaneously checking his phone to reply to a friend’s text.
In this scenario, while John, the actor, may physically af-
ford to drive and type simultaneously; the action of typ-
ing (or messaging) may compromise his safety (or that of
other passengers) by drawing his concentration away from
the critical action (or affordance) of driving a car. Such hy-
pothetical risks may arise even while John’s action is being
influenced by the suggestions of an LLM-based personal as-
sistant. For example, if the LLM guiding John’s AI assis-
tant fails to recognize the implicit risk associated with re-
sponding immediately, suggesting John reply right away, it
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inadvertently facilitates a hazardous situation. We define this
as an affordance-based safety risk, i.e., situations in which
model outputs implicitly encourage harmful actions due to
overlooked contextual possibilities and their logical conse-
quences (Birr et al. 2024).

While LLMs continue to be very effective across a range
of tasks, they increasingly expose critical vulnerabilities,
particularly in their inability to adequately recognize and
proactively address affordance-based safety risks along-
side maintaining logical coherence (Son et al. 2025; Zhou
et al. 2025). The intersection of coherence and affordance-
sensitive safety becomes particularly crucial in nuanced,
real-world contexts, where discerning potential harm de-
mands meticulous, stepwise understanding of implicit logi-
cal implications. Affordances represent potential actions im-
plicitly available in a given context, and affordance-based
safety pertains to an LLM’s capability to anticipate and
manage scenarios where its outputs may inadvertently en-
able harm. Closely intertwined with coherence, the principle
of maintaining logical consistency throughout the reason-
ing steps, ensuring each inference logically proceeds from
the preceding one (Wang et al. 2025b). In high-stakes ap-
plications, such as healthcare, finance, automated decision-
making, and social interactions (Zhai et al. 2025), over-
looking affordance-based risks or failing to maintain coher-
ence could propagate misinformation, confusion, or tangi-
ble harm (Son et al. 2025). Consequently, developing robust
mechanisms to identify and mitigate these risks is not merely
beneficial but essential (Zhang et al. 2025a).
Current approaches to managing these risks primarily in-
volve retrospective corrections like flagging problematic
outputs after their generation or scalar optimization strate-
gies like Outcome-based Reward Models (ORMs) (Lyu et al.
2025).ORMs fall short in intricate logical reasoning tasks,
where overlooking critical intermediate steps limits proac-
tive intervention. Similarly, parameter tuning (Hazra et al.
2024; Banerjee et al. 2025a) and decoding heuristics (Baner-
jee et al. 2025b) face substantial limitations due to their
rigidity and context insensitivity. To address these funda-
mental shortcomings, we advocate a paradigm shift to-
ward detailed, stepwise logical reasoning assessment. Pro-
cess Reward Models (PRMs) (Zhang et al. 2025b) have
emerged as promising tools capable of delivering granular,
multi-dimensional evaluations, covering logical coherence,
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affordance-sensitive safety awareness, and proactive inter-
vention opportunities. Our proposed system explicitly lever-
ages PRMs through introspective chain-of-thought (CoT) re-
finement, granular intermediate reasoning assessments, and
dynamic safety-aware decoding. These components collec-
tively steer the model away from potentially hazardous or in-
coherent reasoning paths, embedding coherence and safety
deeply into the model’s reasoning processes. Our main con-
tributions include the following.
① To the best of our knowledge, we are the first to intro-
duce AURA , a unique affordance-aware PRM based align-
ment specifically tailored for fine-grained, step level evalu-
ation of coherence and safety within complex, context-rich
logical reasoning scenarios. Unlike prior PRM approaches,
which predominantly target structured, mathematically-
defined reasoning domains (Zhang et al. 2025b; Pala et al.
2025), AURA uniquely addresses nuanced affordance-
sensitive risks in ambiguous, real-world complex situations,
enabling proactive intervention in unsafe or incoherent rea-
soning trajectories.
② We curate a robust step-annotated dataset SituationAf-
ford, comprising over 2, 550 unique situations, 7, 506 harm-
intent queries, and 15, 011 annotated reasoning steps, con-
structed from realistic affordance contexts.
③ First, through extensive experiments, we demonstrate
that AURA achieves state-of-the-art performance in step
level safety and coherence classification. Second, the safety
rate for our PRM-guided response generation is notably bet-
ter compared to the base model generation across multiple
models. Finally, AURA generalizes effectively to down-
stream generation tasks, reducing the relative Attack Suc-
cess Rate (ASR) by up to 50% on two different multi-turn
jailbreak benchmarks—validated via both automatic and hu-
man evaluation.

Related Work
Safety-sensitive reasoning and coherence in LLMs: Re-
cent work underscores the importance of coherent multi-
step reasoning and safety in high-stakes LLM deployments.
The chain-of-thought monitorability framework reveals CoT
trace exposure as both essential and fragile for identify-
ing unsafe reasoning (Korbak and Balesni 2025), while
also highlighting trade-offs between failure detectability and
language drift. Jiang et al. (2025) quantify safety risks in
extended reasoning (e.g., math/code) and show that post-
hoc classifiers often miss context-sensitive affordance vio-
lations. Broader safety reviews echo persistent vulnerabili-
ties like prompt injection, misuse, and latent reasoning er-
rors. In planning, affordances, implicit action possibilities
are often overlooked, leading to unsafe outputs when mod-
els lack affordance-awareness (Zhang et al. 2025b; Choud-
hury 2025). Together, these insights advocate for real-time,
inference-level safety interventions over reactive output fil-
tering.
Reward modeling for process-aware reasoning: Align-
ment efforts have shifted from scalar Outcome Reward
Models (ORMs) to Process Reward Models (PRMs) that
assess reasoning steps for correctness, coherence, and

safety (Zhang et al. 2025b). PRMs expose step level fail-
ures and outperform best-of-N baselines (Zhao et al. 2025).
GenPRM enhances CoT with symbolic verification, sur-
passing GPT-4 on math tasks (Zhao et al. 2025); Athena-
PRM extends PRMs to multimodal reasoning (Wang et al.
2025a), while R-PRM achieves parity with large models us-
ing only 15% of training data (She et al. 2025). DG-PRM
applies Pareto-dominant reward trees for improved gener-
alization (Yin et al. 2025), RetrievalPRM mitigates distri-
bution shifts via trace similarity (Zhu et al. 2025), and SP-
PRM combines process and outcome signals for 3.6–10.3%
human-eval gains over ORM-only methods (Xie et al. 2025).

The Overall Architecture of AURA
We introduce AURA, a structured framework for
affordance-based, risk-aware alignment in LLMs. AURA
mitigates unsafe completions by intervening during the
reasoning process itself, targeting stepwise errors arising
from misaligned affordances or incoherent logic. Instead of
relying on post-hoc filtering, AURA takes a two-staged ap-
proach: (i) a self-critique-guided reasoning loop that revises
candidate responses based on safety-oriented feedback,
and (ii) a reward-based trajectory selection mechanism that
ranks reasoning paths using a specialised process reward
model – AFFORDRANKER. This integrated approach
enables the model to generate trajectories that are both con-
textually coherent and aligned with situational affordances.
We describe the overall methodology, the construction of
the SituationAfford dataset, and the training process in the
following sections.

Preliminaries
We conceptualize the reasoning process in AURA as a struc-
tured decision-making task, where the language model oper-
ates as a policy over an abstract environment defined by nat-
ural language contexts. Formally, we define the state space S
such that each state s ∈ S is a tuple (S,Q,H), comprising a
textual situation S, a query Q, and a reasoning history H =
{r1, . . . , rj−1} of prior steps. The action spaceA consists of
atomic reasoning steps rj , where each step represents a sin-
gle proposition that advances the reasoning toward answer-
ing the query. The reward space is captured by a structured
function Rp(s, aj) = (Epc, Eav), where Epc denotes the
procedural coherence score—reflecting logical consistency
with earlier steps—and Eav denotes the affordance vali-
dation score—indicating whether the step respects contex-
tual safety constraints. The policy model Mp, instantiated
as an instruction-tuned LLM, takes a state s and stochasti-
cally generates the next action aj ∈ A, corresponding to
a reasoning step rj , conditioned on the current situation,
query, and step history. A complete reasoning trajectory R =
{r1, . . . , rt} is thus a sequence of such actions, which we
evaluate using a Process Reward Model (PRM)—referred to
as AFFORDRANKER. This model computes per-step error
vectors (evj) and aggregates them to produce a cumulative
score RW(R) = 1

t

∑t
j=1(E

(j)
pc + E

(j)
av ), which is used to

rank and select the most coherent and safe trajectory.
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Overall Framework
AURA follows a two-stage alignment framework. First, it
produces self-critique-conditioned reasoning trajectories via
Mp that reflect safety feedback from itself (self-critique).
Then, it ranks and selects the most reliable response using a
reward model trained to capture stepwise affordance coher-
ence. Each stage is detailed below.
Self-critique-conditioned reasoning: We construct self-
critique (Wen et al. 2025; Valmeekam, Marquez, and Kamb-
hampati 2023; Gou et al. 2024) conditioned reasoning tra-
jectories by prompting the policy modelMp, which we de-
fine as the language model responsible for generating step-
wise reasoning given a situation and a query, with its own
safety feedback. Instead of applying iterative corrections,
we embed the critique as a conditioning signal within the
input prompt. Given a situation S and a query Q, the pol-
icy model Mp generates two initial reasoning trajectories R0

1

and R0
2, each comprising a stepwise explanation and a final

answer. These responses serve as first-pass attempts, which
the model then critiques to identify potential flaws in reason-
ing and affordance violations. It produces a critique rationale
RS and a refined answer A, which we append to the origi-
nal inputs to form an augmented prompt Paug . This prompt
encodes safety-aware preferences and guides the generation
of improved candidate responses in the subsequent reward-
based selection phase. This phase is shown in Algorithm 1
(see Step 1).
Reward-based trajectory selection: Once we have the aug-
mented prompt Paug through self-critique, we sample a set
of N candidate reasoning trajectories R1

1, R
1
2, . . . , R

1
N from

the policy model Mp. Each trajectory R1
i consists of a se-

quence of t reasoning steps that attempt to answer the given
query based on the provided situation. To evaluate and se-
lect the most reliable trajectory, we use AFFORDRANKER,
which performs step level reward assessment focused on rea-
soning quality and affordance alignment. AFFORDRANKER
takes each reasoning step rj from a trajectory R1

i and pro-
duces two scalar values: a procedural coherence score Epc

that measures the logical consistency of rj with respect to
the prior reasoning steps, and an affordance validation score
Eav that quantifies how well rj aligns with the contextual
constraints and affordances present in the situation. We pro-
vide detailed definitions and modeling of procedural coher-
ence score and affordance validation score in the next sub-
section. For each trajectory, we compute the cumulative re-
ward RW(R1

i ) as the average of the total stepwise scores
(see line number 17-21 in Algorithm 1).

The Design of The AFFORDRANKER

A Process Reward Model (PRM) evaluates multi-step rea-
soning chain of a response by assigning rewards at the level
of individual reasoning steps (see Step 2 of Algorithm 1).
Unlike conventional reward models that assess the final out-
put in isolation, a PRM operates over the full trajectory,
scoring each intermediate step based on its contribution to
coherent, goal-directed reasoning. Given a query Q and a
sequence of reasoning steps r1, r2, . . . , rt of a response R
generated by a policy model, the PRM computes a reward

Algorithm 1: Overall framework of AURA
Input: Situation S, Query Q, policy modelMp

Output: Rbest

1: Step 1: Self-critique-conditioned reasoning.
2: // Generate initial independent responses
3: R0

1, R
0
2 ←Mp(S,Q)

4: // Obtain critique rationaleRS and answer
5: RS, A←Mp(S,Q,R0

1, R
0
2)

6: // Augment base prompt with self critique
7: Paug ← concat(S,Q,R0

1, R
0
2,RS, A)

8: Train AFFORDRANKER
9: Maff ← train PRM model();

10: Step 2: Reward based trajectory selection
11: // Generate N number of independent responses
12: {R1

1, R
1
2, · · ·R1

N} ←Mp(Paug)
13: // Obtain the rewards for the responses
14: for i = 1 to N do
15: EPC = 0, EAV = 0
16: for j = 1 to t do
17: // Rewards for each step rj of response R1

i
18: Epc, Eav ←Maff (rj)
19: EPC += Epc, EAV += Eav

20: end for
21: RW(R1

i ) =
1
t (EPC + EAV )

22: end for
23: // Rank the responses {R1

1, R
1
2, . . . , R

1
N} by descending

final reward scoreRW(R1
i )

24: Rbest ← argmaxiRW(R1
i )

25: return Rbest

for step rj as

Rj = PRM(Q, r1, . . . , rt) (1)

Here, PRM denotes the process reward model, and Rj re-
flects how well the j-th step maintains logical consistency
with previous steps and supports progress toward answering
the query. By providing step level supervision, PRMs enable
fine-grained control over the reasoning process and facilitate
more robust alignment than output-only evaluation schemes.

While traditional PRMs combine multiple reasoning sig-
nals into a single scalar, we explicitly disentangle reward
types to capture distinct dimensions of reasoning quality.
This separation allows us to diagnose both the nature of co-
herence errors and their implications for safety. Specifically,
we define two primary error categories, each associated with
a corresponding reward component: – (a) procedural coher-
ence errors (Epc): This error reflects a breakdown in the pro-
gression of reasoning steps. It arises when a step deviates
from the expected inferential path—by skipping intermedi-
ate steps, introducing unsupported conclusions, or failing to
preserve continuity with prior context; (b) affordance viola-
tion errors (Eav): A reasoning step that introduces or relies
on an affordance likely to result in unsafe or harmful out-
comes. This includes assumptions about actions or entities
that, while possible, violate implicit safety constraints of the
environment or task.

By assigning rewards along these two axes, our model
provides a structured and interpretable evaluation of each
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reasoning step. We train the AFFORDRANKER using a care-
fully curated dataset SituationAfford, which we describe
next.

The SituationAfford Dataset
We construct the SituationAfford dataset with fine-grained,
step level annotations to train AFFORDRANKER (denoted by
Maff ) used in Step 2 of our framework. Each reasoning
step rj in a trajectory is annotated with a binary error vec-
tor evj = (Epc, Eav), where Epc, Eav ∈ {0, 1} indicate
whether the step violates procedural coherence (Epc = 1)
or safety affordance (Eav = 1), respectively. The overall
dataset creation process involves: (i) textual situation gen-
eration, (ii) query generation and categorisation, (iii) step
level SituationAfford dataset annotation, and targeted data
augmentation. These annotated trajectories enableMaff to
learn step level reward signals that are later aggregated into
the final trajectory score RW(R1

i ), used for ranking in the
inference stage.
(a) Situation generation: To construct the SituationAf-
ford dataset, we leverage two existing resources: (a) MSS-
Bench (Zhou et al. 2024) and (b) Text2Afford (Adak et al.
2024). From MSSBench, we extract 186 unique unsafe con-
texts originally designed for multimodal safety evaluations.
Complementarily, we incorporate 2,369 natural language
descriptions from Text2Afford, each encoding an object-
centric affordance context suitable for generating diverse sit-
uational prompts. To enrich these contexts with realistic dy-
namics, we design a generation prompt that expands each
input into a 250-word scene narrative1 having two human ac-
tivities. This setup encourages affordance conflict situations
where the action of one agent implicitly limits or contradicts
the other’s. Such interactions naturally surface violations of
implicit safety norms and expose weaknesses in step-wise
reasoning. These generated narratives, combined with cu-
rated unsafe contexts, form the basis of the procedural and
affordance-related errors Epc and Eav at the step level, as
noted in the previous section.
(b) Query generation and categorization: For each gener-
ated situation S, we construct prompts to elicit sensitive
queries spanning three harm intent categories, adapted from
MSSBench (Zhou et al. 2024): (i) goal-based, (ii) property
damage, and (iii) physical harm. We define an affordance
violation as any case where the model implicitly assumes
that an unsafe or infeasible action is valid within the given
physical or situational context. The intent categories can be
briefly described as follows –goal-based queries are generic
and task-oriented without explicit harmful intent, property
damage queries imply intentions to harm objects or sur-
roundings, while physical harm queries encourage actions
that could endanger individuals, even if the risk is only im-
plicit. This structured categorization supports targeted eval-
uation of affordance failures across varying levels of risk.
For each situation, we generate three queries per harm cate-
gory using a prompt that includes a single in-context exam-
ple from the corresponding MSSBench category. We itera-

1We use 250-word situations to provide sufficient context for
multi-step safety reasoning and prevent refusal from LLM

tively refine these prompts through controlled manual tuning
to ensure semantic coherence and category alignment, con-
sistent with standard few-shot prompting practices (Le Scao
and Rush 2021; Liu et al. 2021; Zhao et al. 2021). To ensure
quality, we apply automated filtering using GPT-4o (OpenAI
and Team 2024) to remove non-harmful or trivial outputs,
followed by manual verification to validate their alignment
with the intended harm categories.
(c) Reasoning trajectory generation: Given a situation-
query (S-Q) pair, we construct prompts to elicit two alter-
nate reasoning trajectories from the policy modelMp. Each
trajectory consists of up to seven steps2, where each step ex-
presses a single, concise fact or action that is logically con-
sistent with prior steps and advances the response toward
answering the query. Steps must incorporate both explicit
and implicit elements from the context, avoid redundancy,
and reflect a distinct human activity. We generate the entire
sequence in a single pass using a structured prompt.
(d) Stepwise label annotation and data augmentation: For
each generated trajectory, we annotate every reasoning step
with two binary labels: Epc for procedural coherence errors
and Eav for affordance violation errors. We use GPT-4o to
generate these annotations synthetically. To label a specific
step rj , we construct an input prompt that includes the sit-
uation, the query, and all preceding steps r1, . . . , rj−1. We
iteratively refine the prompt design to ensure that the anno-
tations are both consistent and aligned with our reward sig-
nal definitions. To further ensure label reliability, we apply a
secondary verification step using an LLM-as-a-judge frame-
work, where we discard the instances having at least two
incorrect step level judgements. Samples with label vectors
that conflict with the judge model’s decision are discarded
to maintain overall dataset quality.
The final SituationAfford dataset comprises 2550 unique
situations, 7506 harm-intent queries, and 15011 annotated
reasoning trajectories, resulting in a total of 208,862 step
level annotations. After the annotation was completed, we
found an imbalance between positive (Epc = 1/Eav = 1)
and negative (Epc = 0/Eav = 0) instances across both
error dimensions. To mitigate this, we perform label bal-
ancing by downsampling overrepresented positive samples
and augmenting the underrepresented negative class. For
augmentation, we perturb selected valid reasoning steps to
introduce incoherence or affordance-inconsistent behavior,
preserving grammaticality while injecting subtle logical or
contextual flaws. This augmentation strategy improves the
model’s ability to detect nuanced failures in reasoning, es-
pecially within affordance-sensitive scenarios. We partition
the dataset in an 8:1:1 split for training, validation, and test
sets, respectively.
Manual validation: To assess the reliability of our syn-
thetic annotations, we conduct a human validation study
using the Prolific platform. A total of 33 qualified annota-
tors participated in the process. We randomly sampled 50
situation-query-response instances from each category of

2Each trajectory contains seven reasoning steps to ensure con-
sistent supervision and capture evolving safety dynamics without
excessive annotation overhead.
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queries from our dataset, and got them independently anno-
tated by three annotators. Annotators had to first determine
whether the query was harmful given the situation, and then
evaluate the response across four dimensions: safe and help-
ful, unsafe but helpful, safe but not helpful, and unsafe and
not helpful. We observe high agreement on query harmful-
ness (Fleiss’ κ = 0.83) and moderately high agreement on
response evaluation (Fleiss’ κ = 0.62), with the query iden-
tified as harmful for 86% of the cases and the most frequent
response label being safe and helpful. In 87% of cases, anno-
tators marked the response as helpful (safe + unsafe). These
results validate the integrity of our dataset and confirm that
our affordance-sensitive annotations reflect human-aligned
safety and helpfulness judgments. Instruction to the annota-
tors is provided in Section D in the supplementary material.

Training Procedure
We implement our AFFORDRANKER (Maff ) using Qwen-
2.5-7B-instruct (Qwen et al. 2025) as the base model, cho-
sen for its strong performance on tasks involving multi-
step, safety-aware reasoning. Unlike prior approaches that
replace the language modeling head with a scalar regression
head (Zhang et al. 2025b; Xia et al. 2025; Tan et al. 2025),
we preserve the model’s original architecture to maintain its
generative flexibility. To support step level supervision, we
extend the tokenizer with two additional control tokens, ⟨+⟩
and ⟨−⟩, used to mark positive and negative labels for in-
dividual steps during training. To train Maff , we convert
each annotated reasoning trajectory into a set of supervised
instances. For a trajectory with t steps, we extract (t − 1)
training instances by iterating over each step rj for j = 2
to t. Each instance includes the situation S, the query Q, the
sequence of prior steps r1, . . . , rj−1, and the current step rj .
The model is trained to generate a label vector (Epc, Eav)
for rj based on this context. We apply this formulation con-
sistently across all harm categories (i.e., goal-based, prop-
erty damage, and physical harm scenarios).

Evaluation
We evaluate the effectiveness of AURA in guiding safer and
more coherent reasoning using both our curated dataset and
external multi-turn safety benchmarks. Our evaluation com-
prises three components: (i) step level prediction accuracy
of AFFORDRANKER, (ii) quality of reward-guided safe re-
sponse generation, and (iii) the defense capability against
multi-turn jailbreak attacks.
Evaluation of AFFORDRANKER: We first assess the per-
formance of AFFORDRANKER using the SituationAfford
dataset. We construct two evaluation setups as follows – bal-
anced setting: This setup contains an equal number of posi-
tive and negative test instances (16,422 annotated steps) for
each reasoning dimension (coherence and safety) matching
the class distribution used during training, and imbalanced
setting: This setup reflects real-world conditions without ex-
plicit balancing, where naturally occurring class imbalance
is preserved (20,848 annotated steps). We use F1-score as
the metric for each label category – coherence and safety –
under both balanced and imbalanced evaluation settings.

Reward-guided safe response generation: Given a situ-
ation and query, we use AFFORDRANKER to score multi-
ple reasoning trajectories and select the one with the high-
est cumulative reward (using the approach mentioned in
line 24 of the Algorithm 1), enabling search-based decod-
ing aligned with coherence and safety. We evaluate safety
rate across varying depths (e.g., AURA@2, @4, @8),
and compare against baseline generation, and AURA with-
out self-critique. Safety rate is computed by comparing a
model’s generated response against the two annotated 7-
step trajectories from SituationAfford. For base genera-
tions, we directly compare to the ground truth; for AF-
FORDRANKER-guided search, we select the top-ranked re-
sponse (as described in Algorithm 1). An LLM-as-judge
(DeepSeek-R1-Distill-Qwen-32B) is used to deter-
mine whether the output is equally safe or safer than ground
truth, defining safety rate as

safety rate =
#responses judged as safe or safer

#total number of instances
(2)

Defense capabilities: To assess the generalisation and real-
world robustness, we apply our reward-guided inference to
two benchmarks datasets – CoSafe (Yu et al. 2024) and
STREAM (Kuo et al. 2025). CoSafe does not include step
level annotations and so we adapt it for our evaluation by
treating each dialogue-query pair as input and measure the
ASR3. STREAM offers more diverse and compositional at-
tack types across varying dialogue lengths. Here again, we
evaluate ASR under different response generation strategies.

For both these datasets, in order to measure ASR, we
score each response by GPT-4o on a scale from 1 (extremely
unsafe) to 10 (completely safe). We count an attack as suc-
cessful if the score is below 5. Thus, we have

ASR =
# responses with score < 5

Total number of responses
. (3)

This metric quantifies how often a model fails to resist ad-
versarial or harmful queries.

Experimental Setup
We conduct extensive evaluations using a diverse set of base-
lines and model configurations to benchmark the perfor-
mance of AURA across both step level safety classification
and reward-guided safer response generation tasks.
Baselines for step level evaluation: We compare AURA’s
AFFORDRANKER for coherence and safety classifica-
tion, against multiple strong discriminative PRMs as
follows – PathFinder-PRM-7B, (Pala et al. 2025),
RLHFlow-Mistral-8B, RLHFlow-DeepSeek-8B,
and ReasonEval-7B (Xia et al. 2025). We follow
a thresholding approach to convert predicted reward
scores into binary labels, consistent with prior work
such as (Pala et al. 2025). None of these models are
explicitly optimized for safety-sensitive affordance rea-
soning. To compare against models tuned explicitly for

3Safety rate is not applicable here due to the absence of anno-
tated evj vectors.
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Category Model Imbalanced Balanced Overall
Coherence Safety Coherence Safety

Discriminative process reward models
ReasonEval-7B 0.62 0.32 0.64 0.36 0.48
RLHFlow-Mistral-8B 0.54 0.31 0.58 0.36 0.45
RLHFlow-DeepSeek-8B 0.67 0.33 0.65 0.32 0.49
PathFinder-PRM-7B 0.56 0.35 0.68 0.37 0.49

Safety aligned reward models
Beaver-7B-v1.0-cost – 0.55 – 0.59 0.57
Beaver-7B-v3.0-cost – 0.64 – 0.65 0.65

AURA (Ours) 0.83∗ 0.81∗ 0.88∗ 0.82∗ 0.83∗

Table 1: Step level performance (F1 score) comparison of models under balanced and imbalanced settings. Best results are
highlighted. ∗ indicates statistically significant improvement from the best baseline using Mann-Whitney U test with p < 0.05

Policy model Base generation AURA\Self-critique AURA@2 AURA@4 AURA@8

qwen2.5(7b)-inst 0.28 0.34∗ 0.52∗ 0.67∗ 0.71∗
llama-3.1(8b)-inst 0.11 0.15∗ 0.36∗ 0.56∗ 0.69∗
mistral(7b)-v0.3-inst 0.18 0.23∗ 0.57∗ 0.65∗ 0.67∗
internlm3(8b)-inst 0.42 0.45∗ 0.73∗ 0.78∗ 0.80∗
gemma-2-9b-it 0.11 0.14∗ 0.26∗ 0.36∗ 0.41∗

Table 2: Safety rate for reward-guided safer response generation. Higher is better. Best results are highlighted. ∗ indicates
statistically significant improvement from base response.

safety, we consider Beaver-7B-v1.0-cost and
Beaver-7B-v3.0-cost (Dai et al. 2024), trained on
human preference data emphasizing safe response genera-
tion.
Policy models for reward-guided generation: We use five
medium-sized (7B–9B) instruction-tuned LLMs as base pol-
icy models for the reward-guided safer response generation
task – mistral(7b)-v0.3-inst, gemma2(9b)-it,
internlm3(8b)-inst, qwen2.5(7b)-inst, and
llama3.1(8b)-inst. We set the decoding parameters
as follows: temperature = 0.7, top-p = 0.95, and maximum
tokens = 512. For self-critique generation, we reuse the
policy model itself. For PRM-guided decoding, we generate
k ∈ {2, 4, 8} response trajectories and select the one with
the highest average PRM score as the final output.
Defense capability: For the ASR evaluation, we use the
same five base models and generation settings as above. For
AFFORDRANKER-guided inference, we sample 8 response
candidates per query and apply step level reward scoring to
rank and select the most coherent and safe response.

Results
Step level evaluation: Table 1 presents a comparative anal-
ysis of various models on step level coherence and safety
classification under both imbalanced and balanced settings.
The proposed AURA model achieves the best overall per-
formance, substantially outperforming both discriminative
baselines and safety-aligned models, with F1 scores of
0.88 for coherence and 0.82 for safety in the balanced set-
ting. Crucially, AURA maintains consistently high perfor-

mance even in the imbalanced evaluation scenario—closely
mirroring real-world distributions—where it still achieves
F1-scores of 0.83 (coherence) and 0.81 (safety) respec-
tively. This highlights AURA’s strong generalization abil-
ity and resilience to label skew, a key requirement for
deployment in safety-critical settings. Among discrimina-
tive PRMs, models such as PathFinder-PRM-7B and
RLHFlow-DeepSeek-8B show moderate effectiveness,
with overall F1-scores below 0.70, indicating limited ca-
pacity to capture nuanced affordance-sensitive violations.
Safety-aligned models like Beaver-7B-v3.0-cost
perform reasonably well on safety detection (0.65), but
do not support coherence assessment, as they are not
trained for multi-step reasoning. Reward-guided response
generation: Table 2 reports the safety rate of model re-
sponses under different generation strategies across five di-
verse policy models. We observe a consistent and sub-
stantial improvement in safety when integrating both self-
critique and PRM-guided search over the base genera-
tion. The base models, when used alone, yield relatively
low safety rates (e.g., 0.11 for llama-3.1(8b)-inst
and gemma-2(9b)-it), highlighting their vulnerabil-
ity to unsafe completions despite instruction tuning. In-
corporating self-critique offers modest gains across all
models (e.g., +0.19 for qwen2.5(7b)-inst, +0.23 for
internlm3(8b)-inst), but this effect is significantly
amplified when coupled with AFFORDRANKER. Specifi-
cally, using k = 8 yields the highest safety rates across
all models, with internlm3(8b)-inst reaching 0.80
(+0.38) and qwen2.5(7b)-inst reaching 0.71 (+0.43).
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Model CoSafe STREAM SituationAfford
Base AURA\Self-critique AURA Base AURA\Self-critique AURA Base AURA\Self-critique AURA

qwen2.5(7b)-inst 0.15 0.12∗ 0.08∗ 0.2 0.14∗ 0.12∗ 0.39 0.33∗ 0.22∗
llama3.1(8b)-inst 0.16 0.12∗ 0.1∗ 0.16 0.12∗ 0.09∗ 0.42 0.35∗ 0.21∗
mistral(7b)-v0.3-inst 0.18 0.15∗ 0.13∗ 0.19 0.15∗ 0.11∗ 0.45 0.39∗ 0.24∗
internlm3(8b)-inst 0.14 0.12∗ 0.09∗ 0.13 0.1∗ 0.06∗ 0.37 0.29∗ 0.18∗
gemma-2(9b)-it 0.24 0.14∗ 0.08∗ 0.23 0.19∗ 0.12∗ 0.46 0.42∗ 0.36∗

Table 3: Average Attack Success Rate (ASR) across models using CoSafe, STREAM benchmarks, and SituationAfford.
Lower is better. Best results are highlighted. ∗ indicates statistically significant improvement from base response.

These results confirm the effectiveness of the AURA
framework in navigating toward safer reasoning trajectories
through reward-guided decoding. Finally, the steady upward
trend from AURA@2 to AURA@8 further supports the hy-
pothesis that deeper sampling coupled with step level scor-
ing leads to more reliable safety alignment.
General defense capabilities: Table 3 reports the ASR
across three benchmarks: CoSafe, STREAM, and the Sit-
uationAfford dataset. Across all models and datasets, we
observe a consistent reduction in ASR when incorporating
our PRM, with the full AURA pipeline achieving the low-
est ASR in every setting. Improvements are particularly pro-
nounced on the SituationAfford benchmark, where AURA
reduces ASR by up to 50% relative to the base model, un-
derscoring its effectiveness in affordance-sensitive safety
scenarios. The performance gap between only PRM and
AURA further highlights the synergistic benefit of integrat-
ing reward-guided decoding with self-critique.
Manual evaluation: To complement the automated safety
rate analysis, we conduct a manual evaluation using a ran-
dom sample of total 100 response pairs across all policy
models, comparing base generation and AURA@8 outputs.
5 human annotators with prior experience in LLM safety as-
sessment, recruited via Prolific, independently assess which
response in each pair is safer, based on the context and query.
Aggregated results show that responses guided by AFFOR-
DRANKER are judged safer in 81% of the comparisons, with
substantial agreement among annotators (Fleiss’ κ = 0.72).
This supports the reliability of our reward-guided decoding
strategy in producing safer, more aligned completions.
Similarly, to validate the reliability of automated ASR scor-
ing, for each dataset, we randomly sample 50 instances—25
generated by the base model and 25 by AURA—and present
them in randomized, blinded pairs to 10 independent annota-
tors. Annotators are asked to select the response that appears
safer in each pair. Aggregated results show that AURA-
generated responses are preferred in 82% of the compar-
isons, closely aligning with the automated ASR trends.
Discussion: We conduct a detailed analysis of AFFOR-
DRANKER’s behavior across reasoning steps and error
modes. Stepwise performance reveals a U-shaped trend,
with the highest safety prediction accuracy at the begin-
ning and end of reasoning chains, and a dip in interme-
diate steps—likely due to evolving context and affordance
ambiguity. A category-wise error breakdown shows lowest
misclassification in goal-based queries, and higher errors in
property damage and physical harm scenarios, suggesting

challenges in recognizing subtle or implicit risks. Qualita-
tive inspection highlights recurring failure modes, including
difficulty with latent hazards, multitasking affordance con-
flicts, and fluency of the surface-level text.
Runtime analysis: AURA adds minimal overhead to stan-
dard LLM inference. Given L layers, hidden size as d,
sequence length as N , single-sample inference scales as
O(L ·N2 · d). For self-critique, we perform three short gen-
erations, costing roughly 3 × O(L · N2 · d). Next, we gen-
erate K full trajectories in a single batched forward pass,
scaling as K × O(L · N2 · d), but with GPU parallelism,
the latency remains close to a single decode. The reward
scoring is lightweight and adds a small constant-time selec-
tion overhead. Overall, AURA’s total cost is approximately
(3 +K)×O(L ·N2 · d), with practical latency dominated
by one batched decode. For small K (typically ≤ 8), this
achieves a favourable safety-efficiency trade-off.
General utilities: As AURA operates purely at inference
time without modifying model weights, it is expected to pre-
serve the LLM’s general utility. We confirm this by eval-
uating LLaMA-3.1-8B (5-shot) on MMLU and ARC-
Challenge. Across 3 runs, the baseline achieved accura-
cies of 65.6–66.2 (MMLU) and 79.2–79.7 (ARC), while
AURA yielded accuracies of 65.2–65.9 and 79.1–79.5, re-
spectively—showing no significant degradation.

Conclusion

We introduced AURA, an affordance-aware, risk-sensitive
alignment framework leveraging process-level supervision
via Process Reward Models (PRMs) for LLM reasoning.
By integrating introspective self-critique, fine-grained PRM
assessments, and adaptive safety-aware decoding, AURA
dynamically steers reasoning toward safer trajectories, out-
performing traditional scalar outcome-based reward mod-
els and heuristic approaches. We developed the Situation-
Afford dataset, comprising fine-grained step annotations
across diverse situational contexts, demonstrating state-of-
the-art performance in step-level safety and coherence. At
inference, our PRM-guided approach significantly improved
safe response rates and reduced attack success across multi-
turn safety benchmarks. Future directions include explicit
modeling of latent and multi-agent risks via affordance
graphs, expanding multimodal integration to further enhance
reliability in safety-critical applications.
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