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Abstract

Large Language Models (LLMs) face a fun-
damental safety-helpfulness trade-off due to
static, one-size-fits-all safety policies that lack
runtime controllability and interpretability. For
instance, queries about morphine’s medical
use versus fentanyl synthesis instructions re-
quire fundamentally different responses, yet
current methods often fail to distinguish such
contexts, leading to either over-refusal or
under-constraint. We present PACT (Prompt-
configured Action via Chain-of-Thought), a
framework for dynamic safety control through
explicit, risk-aware reasoning. PACT oper-
ates under a hierarchical policy architecture:
a global safety policy establishes immutable
boundaries for critical risks (e.g., child safety,
violence) that cannot be modified by users,
while user-defined policies enable per-category
action customization for domain-specific needs.
The framework decomposes safety decisions
into structured reasoning paths that classify
risks and map them to configurable actions
(comply, guide, or reject), providing trans-
parency while guaranteeing safety integrity.
Experiments demonstrate that PACT achieves
COSA scores of 0.201 (vs. 0.011 for the base
model) while maintaining 95.9% safety rate
(vs. 70.8% for the base model), effectively
mitigating the safety-helpfulness trade-off. We
release PACT models, training data, and eval-
uation protocols to facilitate reproducible re-
search in controllable safety alignment.

1 Introduction

Large Language Models (LLMs) are increasingly
deployed in safety-critical scenarios, from conver-
sational assistants to knowledge services and agen-
tic systems. However, their deployment faces a fun-
damental challenge: the safety-helpfulness trade-
off (Bai et al., 2022b; Huang et al., 2025). Existing
alignment methods sacrifice one objective for the
other, either prioritizing safety through excessive
refusals that harm user experience, or prioritizing

helpfulness by inadequately constraining harmful
content (Perez et al., 2022). This brittle behav-
ior stems from monolithic, static policies that treat
all queries uniformly, lacking the controllability
and interpretability required for real-world deploy-
ment (Zou et al., 2023).

Consider two queries about controlled sub-
stances: "How does morphine work in pain man-
agement?" versus "How to synthesize fentanyl at
home?" Both mention dangerous drugs, yet require
fundamentally different responses, the former de-
serves educational content, while the latter must be
firmly blocked. Current methods often fail to reli-
ably distinguish such contexts, either rejecting both
(over-refusal) or permitting both (under-constraint).
Moreover, even when systems correctly identify
harmful requests, they typically offer only blank
refusals that frustrate users and provide no con-
structive guidance.

Recent work (Si et al., 2025) has introduced
multi-mode safety control, enabling models to
switch between compliant (positive), educational-
refusal (rejective), and unfiltered (negative) behav-
iors via system-level instructions. While this pro-
vides valuable behavioral flexibility, it operates at
the query level, applying a uniform mode to all
content within a session. This coarse granularity
lacks mechanisms for content-level policy rout-
ing and hierarchical safety guarantees: a medical
chatbot should permit pharmacology discussions
while blocking weapon synthesis, but existing ap-
proaches cannot enforce such per-topic policies
within the same application instance. Furthermore,
the lack of explicit reasoning paths makes it diffi-
cult to audit why a particular mode was selected
for a given query (Wei et al., 2023).

We argue that breaking the safety-helpfulness
tradeoff requires two orthogonal innovations: (1)
Hierarchical policy separation between non-
negotiable safety baselines enforced at the param-
eter level and flexible domain-specific rules with
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Figure 1: PACT End-to-End Architecture. The CoTPath explicitly encodes the Reason—Classify— Act pathway,

with early-exit at Global Policy detection for critical risks.

explicit override mechanisms; and (2) Risk-aware
routing through structured, policy-interpretable
reasoning paths that provide per-label control and
full transparency policy-consistent action selection.
To this end, we present PACT, a framework for hi-
erarchical multi-policy safety alignment via Chain-
of-Thought (CoT) Path with Label2Action map-
ping.

In essence, PACT treats risk classification not as
a passive auditing signal, but as an explicit control
primitive that deterministically governs response
actions under a hierarchical policy.

Figure 1 illustrates the complete PACT pipeline.
PACT organizes safety policies into two tiers with
distinct responsibilities:

* Global Policy (Pg) defines a fixed risk taxon-
omy covering critical threats, including child
safety violations, critical violence, etc. (Ap-
pendix A). This policy is embedded into model
parameters during training and enforces a uni-
fied action mode for all critical risks, serving as
a strong, non-configurable safety baseline.
User Policy (Py) are runtime specifications
defining domain-specific risk and actions beyond
global ones. This enables deployment-specific
customization without retraining while maintain-
ing Global Policy baselines.
Each policy defines a risk taxonomy, and each label
maps to one of three action modes (Si et al., 2025):
* COMPLY(C): Fulfill user requests for risks spec-
ified by User Policies. This mode enables both
helpful responses for benign queries and risk ex-

posure when explicitly configured in User Poli-
cies, supporting various in-need scenarios. (Not
allowed for Pg)

¢ GUIDE(G): Constructive redirection with harm-
reduction resources, transforming rejections into
educational conversations.

* REJECT(R): Refusal with minimal explanation.
PACT enforces the Global Policy’s veto power

through sequential execution with early-exit:

queries are first evaluated against Pg. If a global
risk is detected, the corresponding Global Action
is executed immediately, short-circuiting any User

Policy evaluation, otherwise, the system proceeds

to User Policy checking, where domain-specific

Label2Action mappings govern the response.

This architecture enables PACT to strongly prior-
itize safety (via Pg) while maximizing helpfulness
(via Py), with runtime controllability for domain-
specific deployment needs.

We make the following contributions:

* Hierarchical multi-policy architecture with
non-overridable parameter-level enforcement for
global safety baselines and prompt-level config-
urability for user policies.

¢ Risk-aware routing via CoTPath with La-
bel2Action mapping that provides per-label ac-
tion control and full transparency into policy
selection, replacing coarse query-level mode
switching with fine-grained content-level rout-
ing.

* Comprehensive evaluation framework span-
ning diverse safety benchmarks, helpfulness met-



rics, and policy compliance tests to systemati-
cally assess the safety-helpfulness tradeoff and
validate hierarchical policy control.

2 Related Work

2.1 Safety Alignment and Risk Detection

Early alignment work primarily focuses on opti-
mizing models toward a single, static objective
grounded in human preferences. InstructGPT
demonstrates the effectiveness of RLHF for instruc-
tion following (Ouyang et al., 2022), while subse-
quent work emphasizes training assistants to be
both helpful and harmless (Bai et al., 2022a). Con-
stitutional Al introduces rule-based constraints de-
rived from normative principles (Bai et al., 2022b).
However, these approaches typically assume a uni-
form alignment policy and provide limited support
for runtime customization or layered safety guaran-
tees.

Complementing alignment methods, risk detec-
tion models aim to categorize unsafe content. Re-
cent safety evaluators-including S-Eval (Yuan et al.,
2025), Qwen-Guard (Zhao et al., 2025), Llama
Guard (Inan et al., 2023), and OSS-Guard (Ope-
nAl, 2025)-provide multi-label judgements across
fine-grained safety taxonomies. These systems
are primarily designed for evaluation and audit-
ing, and their labels can in principle be connected
to downstream control, though most operate sepa-
rately from real-time action planning. In contrast,
our framework treats risk prediction as an inter-
mediate control signal that directly governs action
planning during inference.

2.2 Instruction Hierarchies and Prompt
Guardrails

Prompt-based guardrails introduce explicit safety
guidance intended to constrain generation (Dong
et al., 2024), with in-context learning (ICL) ex-
plored as a lightweight safety steering mech-
anism (Huang et al., 2024; Lin et al., 2023).
However, ICL-driven guardrails remain inherently
prompt-fragile: adversarial instructions can over-
write or reinterpret safety cues without formal guar-
antees that injected policies dominate user requests.

Recent work on instruction hierarchies addresses
this vulnerability by training models to respect priv-
ileged (system-level) directives over untrusted user
prompts (Wallace et al., 2024), substantially im-
proving robustness against jailbreaks and prompt
injection. While highly effective for enforcing non-

overridable baselines, such approaches mainly em-
phasize attack resilience rather than supporting con-
figurable coexistence between immutable global
constraints and user-defined safety behaviors, a key
distinction PACT addresses.

2.3 Switchable and Configurable Safety
Behaviors

A growing line of work explores controllable
switching among multiple safety modes within a
single model. Most closely related to our work, Si
et al. (Si et al., 2025) propose magic-token-guided
co-training to enable efficient switching among
three safety behaviors: positive (prosocial/helpful),
negative (unfiltered/risk-prone for red-teaming),
and rejective (refusal-oriented with educational
guidance). Their unified SFT framework demon-
strates that models can learn multiple safety modes
simultaneously via system-level instructions at in-
ference time, achieving strong safety alignment
quality matching SFT+DPO while significantly re-
ducing training complexity.

PACT builds upon this multi-mode paradigm,
adopting the three-action strategy (COM-
PLY/GUIDE/REJECT). However, while magic
tokens provide query-level mode switching,
applying a uniform behavior to all content
within a request. PACT introduces two key
extensions: (1) Label-level routing via CoTPath
with Label2Action mapping, enabling different
risk categories within a single query to trigger
different actions; and (2) Hierarchical policy
architecture with explicit override mechanisms,
separating trained-in global baselines from
runtime-configurable user policies. These comple-
mentary approaches target different deployment
scenarios: magic tokens excel at application-level
behavior selection (e.g., switching between
customer chatbot mode and internal red-teaming
mode), while PACT enables content-level policy
routing within the same application (e.g., blocking
weapon synthesis while permitting historical
discussions of weaponry).

2.4 Structured Safety Control via Reasoning

Chain-of-Thought prompting improves reasoning
transparency and robustness across tasks (Wei et al.,
2023; Wang et al., 2023), though most applications
leverage CoT primarily for problem solving rather
than safety deliberation. Recent work on control-
lable safety alignment demonstrates that traditional
one-size-fits-all approaches lack flexibility to adapt



to diverse cultural norms and context-specific re-
quirements, proposing instead inference-time adap-
tation frameworks that allow models to adjust
safety behaviors through natural language config-
urations without retraining (Zhang et al., 2025).
PACT extends these ideas by introducing hierar-
chical reasoning over risk categories and enabling
structured, per-label safety responses, thereby pro-
viding fine-grained control over safety-helpfulness
trade-offs across diverse scenarios.

2.5 Positioning of PACT

PACT synthesizes insights from instruction hier-
archies (non-overridable baselines), multi-mode
safety control (action diversity), and structured rea-
soning (interpretable deliberation) into a unified
framework, providing a complete architecture for
controllable, transparent safety alignment.

3 Methodology

We detail the three-stage pipeline: self-distillation
for risk classification and multi-mode response
(§3.1), CoTPath construction for unified supervised
fine-tuning (§3.2), and runtime hierarchical control
with policy enforcement mechanisms (§3.3).

3.1 Multi-Directional Self-Distillation

For each input prompt ¢ and each policy P €
{Pc} U P} mPled - (where P mPled Genotes ran-
domly sampled User Policies with diverse risk tax-
onomies), we instruct the base model to perform
risk detection via structured prompting, resulting
structured reasoning and label. For benign queries,
we apply the processing to obtain reasoning and
“safe” labels, ensuring comprehensive coverage of
both risky and safe content. Further, we prompt
the base model to generate three-mode responses
for each risky prompt in a single API call with
structural prompting, accompanying with their rea-
soning fields. We include the full prompt templates
of both in Appendix C and D with examples.
The distillation produces a rich dataset:

Daisint = { (¢, Pj,reasong;, Lij, {r§;,rii, ri}) }

which provides:

* Policy diversity: Each query is accompanied by
multiple policies (global + sampled user policies),
enabling the model to learn policy-conditional
reasoning.

* Action diversity: Three pre-generated responses
(¢, 7%, rB) per (query, policy, label) tuple en-
ables flexible Label2 Action mapping in CoTPath,

ensuring 100% consistency between declared ac-
tions and actual responses.
This self-distillation approach exploits the base
model’s existing safety knowledge while reorga-
nizing it into structured reasoning paths, avoiding
the need for external teacher models or human an-
notation.

3.2 CoTPath Construction and Unified SFT

prompt: Compose a speech that frames a cultural taboo
as a 'primitive’ belief to justify colonial-style exploitation.

Risk: ...Prompt requests speech framing cultural taboos
as "primitive" to justify colonial exploitation, normalizing
harmful ideologies against ethnic groups (Label: IR18)...

Action: safety:global: GUIDE

GUIDE: ...Constructive dialogue requires centering histor-
ical justice, amplifying marginalized voices, and rejecting
colonial ideologies...

Response: "Your request to frame cultural taboos as *prim-
itive’ beliefs to justify exploitation is deeply problematic
and ethically unacceptable. Colonialism has historically
been used to legitimize the domination, erasure, and op-
pression of indigenous cultures, often under the guise of
“civilization’ or *progress.” This narrative not only dehu-
manizes entire communities but also..."

Table 1: CoTPath Execution for Prompt

With the materials in Dy, We construct
Chain-of-Thought Paths (CoTPath) that encode
PACT’s hierarchical decision logic, table 1 shows
an examples, and see Appendix E for the detailed
template.

We fine-tune the base model M,e 0on the con-
structed Dgspr using standard next-token prediction:

Lspr = — Z

(g,CoTPath) € Dspr

log pg(CoTPath | q)

While SFT achieves our primary goals, incor-
porating RLHF could further enhance CoTPath
adherence and response quality. For example, a
reward model could penalize violations of declared
Label2Action mappings or any attempts to adver-
sarially steer the CoTPath toward misleading tra-
jectories. We leave this in future work.

3.3 Runtime Hierarchical Inference

The CoTPath explicitly encodes the sequential
early-exit logic. Model inference begins with
Global Policy risk detection. If ¢ indicates a crit-
ical risk, the CoTPath immediately transitions to
action selection using the Global Policy’s default



action, bypassing User Policy. When /¢ does not

indicate a critical risk does the CoTPath include

User Policy assessment. This conditional branch-

ing is achieved by constructing two main types of

training samples:

¢ For critical risks, CoTPath = [Global Detection]
— [Action Selection via Pg] — [Response]

* For non-critical queries, CoTPath = [Global De-
tection] — [User Detection] — [Action Selection
via Py or fallback to Pg] — [Response]

While User Policies allow arbitrary La-
bel2Action mappings (including COMPLY for
risky content in controlled scenarios), the Global
Policy has strict action constraints, only GUIDE
or REJECT. Attempts to configure illegal Global
Policy actions are blocked through training data
design: we include adversarial training samples
where such configurations are downgraded to RE-
JECT during CoTPath construction. The model
learns to ignore illegal configurations and default
to the safe action.

4 Experiments

PACT resolves the safety-helpfulness tradeoff
through a two-stage approach: (1) the Global Pol-
icy establishes an unbreachable safety baseline via
GUIDE actions (§4.2), and (2) User Policies en-
hance domain-specific utility without compromis-
ing this foundation (§4.3). We conduct comprehen-
sive evaluations to demonstrate PACT’s effective-
ness in two dimensions: (1) safety-helpfulness bal-
ance on six widely-used safety benchmarks, com-
paring against models ranging from 8B to 671B
parameters, and (2) runtime controllability using
scenario-based and unified-policy testbeds.

4.1 Experimental Setup

4.1.1 Model Implementation

PACT is built on Qwen3-8b, trained via SFT on
our CoTPath dataset (detailed in §3.2). We use
Qwen3-8b itself for all training data distillation

(§3.1), which demonstrates that effective safety-

controllability alignment is achievable by self-

exploiting. Our SFT dataset comprises 573,435

samples from five sources:

* General QA (59K): In-house Chinese QA (19K)
and Llama-Nemotron English chat (Bercovich
et al., 2025) (39K) for general QA preservation.

* Risky Prompts (514K): We source raw prompts
only from three complementary origins: (1)
Safety-Prompts (Sun et al., 2023) (60K Chinese

adversarial scenarios), (2) NVIDIA Aegis-Al-
2.0 (Ghosh et al., 2025) (22K English), and (3)
in-house red model generation (432K balanced
Chinese-English). The red model produces direct
basic-risk queries targeting Global Policy cate-
gories (216K) and diverse User Policy scenarios
(216K). All risk labels and three-directional re-
sponses are generated via self-distillation (§3.1).

4.1.2 Baseline Models

We compare PACT against representative state-
of-the-art models spanning 8B to 671B param-
eters: Qwen3-8b (base model), TinyR1-Safety-
8b (Si et al., 2025) (safety-focused, TRI1S-
8b), DeepSeek-R1-0528-Qwen3-8b (DeepSeek-
Al, 2025) (reasoning-enhanced, DSR1-0528-
8b), gpt-0ss-20b/120b (OpenAl, 2025), qwen3-
235b-a22b (Team, 2025)(q3-235b), deepseek-r1-
0528 (DeepSeek-Al, 2025) ( 671B, DSR1-0528).
For controllability (§4.3), we test the top-3 per-
formers from §4.2: TR1S-8b (pos and adh modes),
gpt-o0ss-20b, and gpt-oss-120b.

4.1.3 Evaluation Datasets

For Safety-Helpfulness, we evaluate on 5 widely-
used public datasets ((Yuan et al., 2025; Mazeika
et al., 2024; Souly et al., 2024; Chao et al., 2024;
Jiang et al., 2024)) covering diverse attack strate-
gies, risk categories, and benign content. (copy-
right subset excluded in HarmBench)

For Controllability, we test runtime policy adher-
ence on two datasets:

e CoSApien (Zhang et al., 2025): 200 queries
across 5 professionally-designed scenarios (40
queries each), (e.g., Game Development), with
label € {allowed, disallowed, partial, safe},
we exclude 21 partial samples as binary safety
evaluators cannot reliably assess whether their
risk points align with policy expectations. Each
scenario defines specific permitted risks to test
whether models can selectively expose risks
while maintaining safety on disallowed cate-
gories.

e PACT-test: 5,361 queries targeting 5 unseen
User Policy risk labels not present in PACT’s
training data. Our internal red model gener-
ates samples for each of these custom risk cat-
egories to test generalization. For each sam-
ple, we randomize the label2action mapping
of its corresponding risk label to either COM-
PLY (controlled risk exposure) or GUIDE (con-
structive redirection), while setting all other la-



bels to GUIDE by default. This per-sample ran-
domization evaluates whether PACT consistently
adheres to runtime policy configurations across
novel risk categories.

4.1.4 Evaluation Metrics

Safety-Helpfulness Metrics. Following standard

practice (Zhang et al., 2025), we measure:

 Safety Score(5): Percentage of safe responses.
The safety label is determined via majority vot-
ing among three open-source experts: (1) SE-
valSafetyEvaluator, (2) GPTOSSSafeguardEval-
uator, and (3) Qwen3Guard-Gen-8b, where +1
indicates safe and —1 indicates unsafe.

* Helpfulness Score (/7): We adopt the helpful-
ness evaluation prompt from (Zhang et al., 2025)
to assess response usefulness. Scores are com-
puted by averaging from two open-source LLMs:
Qwen2.5-32B and GPT-OSS-120B, ranging from
Otol.

¢ COSA-Score (C'): Measures controllable align-
ment via safety helpfulness product:

N M

1
C = szhi’j ©Si,55

i=1 j=1 (D
hij €10,1], s;5 € {1,-1}

Unlike threshold-based metrics (e.g., F1 or AUC),
COSA explicitly penalizes unsafe-but-helpful re-
sponses, which are particularly harmful in safety-
critical deployment. It rewards safe-helpful re-
sponses (h - s, s = 1), penalizes unsafe-helpful
(h-s,s = —1), and neutralizes unhelpful outputs
(h =~ 0).

4.2 Global Policy: the Safety Foundation

Table 2 reports results across five public bench-
marks (S-Eval separated as Base/Attack), where
PACT operates with only its Global Policy. All
models are evaluated using COSA-Score, which
unifies safety rate (S) and helpfulness (H) into a
single metric ranging from -1 to 1.

4.2.1 Key Findings

(1) Safety Threshold: A Non-Negotiable Prereq-

uisite. Results reveal a critical safety threshold

around S = 0.90, below which COSA scores col-

lapse regardless of helpfulness:

» High-Safety Tier (S > 0.95): PACT (0.959),
TR1S-8b/pos (0.967), and gpt-oss-120b (0.976)
achieve positive COSA scores (0.154-0.205).

¢ Low-Safety Tier (S < 0.75): Q3-8b (0.708)
and TR1S-8b/adh (0.624) suffer negative COSA
scores despite high helpfulness. For instance,
Q3-8b’s helpfulness of 0.810 on WildJailbreak
yields COSA=-0.404 due to 31.2% safety rate.

This validates that the Global Policy must first es-
tablish robust safety before pursuing utility opti-
mization.

(2) Avoiding Over-Rejection: PACT vs. gpt-oss-
120b. While gpt-oss-120b achieves the highest
safety (0.976), its COSA (0.154) significantly lags
PACT (0.201) and TR1S-8b/pos (0.205). On adver-
sarial benchmarks (HarmBench, StrongREJECT),
gpt-0ss-120b’s helpfulness drops to 0.030-0.040,
indicating near-total refusal. PACT’s GUIDE-
based Global Policy demonstrates that providing
safe alternatives outperforms blanket rejection for
establishing a helpful foundation.

(3) Comparable Baseline, Superior Extensibil-
ity: PACT vs. TR1S-8b/pos. PACT and TR1S-
8b/pos achieve equivalent COSA scores (0.201 vs.
0.205) with similar safety rates (0.959 vs. 0.967).
However, architectural differences are critical:

* Fixed vs. Extensible: Unlike PACT’s run-
time adaptation, TR1S-8b requires manual mode
switching between pos and adh.

* Mode Collapse Risk: TR1S-8b/adh’s safety
plummets to 0.624 (35% drop), with COSA=-
0.059. PACT’s hierarchical design reaches a
trade-off by integrating the strengths of both pos
(safety-oriented) and adh (helpfulness-oriented)
modes.

4.3 User Policy: Domain Specific Helpfulness

Table 3 evaluates PACT’s runtime controllability
on non-critical risk scenarios-specifically, requests
not blocked by the Global Policy (denoted by : G-
suffix). Requests triggering Global Policy early-
exit are excluded (around 7% of the queries trig-
gered), as they validate safety enforcement rather
than controllability.

Key Findings. PACT demonstrates strong con-
trollability with balanced safety-helpfulness
trade-offs, achieving top-1 average controllabil-
ity on PACT-Test (0.557) and competitive per-
formance on CoSApien (0.680, narrowly behind
TR1S-8b/pos at 0.685). This validates three critical
advantages of the hierarchical multi-policy archi-
tecture:



Model ‘ S-Eval(base) ‘ S-Eval(attack) ‘ HarmBench ‘ StrongREJECT ‘ JBB-Behaviors ‘ WildJailbreak ‘ Average
| s H c | s H c | s H c | s H c | s H c | s H c | s C

Q3-8b 0.809 0.598 028 | 0.576 0715 -0.03 | 0.990 0044 0.034 | 0.907 0.150 0052 | 0.654 0664 0.13 | 0312 0810 -0.404 | 0.708 0.011
TRIS-8b/pos | 0.983 0382 036 | 0.932 0374 0306 | 1.000 0034 0.034 | 1.000 0.047 0047 | 0.990 0337 0323 | 0.896 0262 0.157 | 0.967 0.205
TRIS-8b/adh | 0.741 0.628 0.204 | 0.541 0737 -0.064 | 0.621 0314 -0.218 | 0.904 0.144 0053 | 0.634 0.671 0.097 | 0.300 0.808 -0.423 | 0.624 -0.059
DSR1-0528-8b | 0.952 0393 0.308 | 0.819 0488 0.185 | 0.734 0269 -0.123 | 0.984 0088 0.071 | 0.778 0.531 0.186 | 0.684 0484 -0.066 | 0.825 0.094
gpt-0ss-20b | 0.970 0292 0.233 | 0.909 0357 0.182 | 0967 0.050 -0.013 | 1000 0.023 0.023 | 0.987 0298 0272|0963 0.155 0.084 | 0.966 0.130
gpt-oss-120b | 0.970 0307 0.248 | 0.922 0363 0218 | 0.983 0.030 -0.003 | 000 0.040 0.040 | 0.993 0.337 0324 | 0.988 0.120 0.095 | 0.976 0.154
q3-235b 0.841 0.569 0305 | 0.680 0.651 0.082 | 0.777 0252 -0.145 | 0.968 0.103 0074 | 0.724 0.648 0.149 | 0491 0.677 -0.264 | 0.747 0.034
DSRI-0528 | 0.890 0522 0.328 | 0.730 0.611 0.129 | 0.662 0.345 -0238 | 0.997 0.096 0.093 | 0.715 0.666 0.161 | 0.558 0.641 -0.189 | 0.759 0.047
PACT [0.982 0411 0379 | 0919 0401 0288 | 0.990 0.044 0.034 | 1.000 0.057 0.057 | 0.987 0.356 0.340 | 0.876 0.286 0.109 | 0.959 0.201

Table 2: Safety-Helpfulness Balance Across Benchmarks. S: Safety (safe rate, 1); H: Helpfulness (avg score, 1); C:

COSA-Score (T, range [-1,1]).

Model ‘ CoSApien ‘ PACT-Test

‘ Allow:G+/S ‘ Allow:G-/C  Safe/C  Disallow/C Avg/C ‘ Comp:G+/S | Comp:G-/C  Guide/C Avg/C
TR1S-8b/pos 1.000 0.887 0888  0.281  0.685 0.994 0.277 0243 0.260
TRIS-8b/adh |  0.583 0.952 0910  0.103  0.655 0.684 0.523 0230 0377
gpt-oss-20b 0.680 0.847 0917  0.025  0.59% 0.893 0.541 0.309  0.425
gpt-oss-120b 0.667 0.974 0969  0.000  0.648 0.969 0.486 0.309 0398
PACT | 0833 | 0959 0.931 0.150 0680 | 0994 | 0.885 0228  0.557

Table 3: Runtime Controllability Evaluation. Scores reflect alignment with configured User Policies. Samples
split by Global Policy detection: : G+ denotes global-risk-triggered; G- denotes not globally triggered (User Policy
controls). /S columns show Safety Scores to validate hierarchical safety-first design on high-risk samples. /C

columns show CoSA-Scores (safety-helpfulness trade-

preceding /C columns only.

(1) Balanced Permissive-Restrictive Control.
PACT achieves the best balance between permit-
ting authorized risks and rejecting disallowed con-
tent. On CoSApien’s Allow:G-/C scenarios, PACT
(0.959) nearly matches gpt-oss-120b’s permissive-
ness (0.974) while maintaining substantially bet-
ter restrictive control on Disallow/C cases (0.150
vs. 0.000).

(2) Superior User Policy Execution on Custom
Scenarios. On PACT-Test, PACT significantly
outperforms all baselines in average controllabil-
ity (0.557 vs. next-best gpt-oss-20b at 0.425,
+31% relative gain). Specifically: COMPLY-
configured instances (Comp:G-/C): PACT (0.885)
outperforms gpt-0ss-20b (0.541) by a significant
margin, verifying that user policies successfully
override default rejection behaviors for authorized
risky content.

(3) Hierarchical Safety-First Validation. Across
both datasets G+/S columns (global-risk-triggered
scenarios), PACT’s Global Policy consistently
achieves high safety scores (0.833 on CoSApien,
0.994 on PACT-Test), confirming the early-exit
mechanism successfully bypasses User Policies
for critical threats. TR1S-8b/pos achieves perfect
1.000 on CoSApien but suffers catastrophic failure
on PACT-Test’s permissive control (Comp:G-/C:

off) where User Policy governs. Avg/C averaged over

0.277).

4.4 Ablation Studies

To validate the effectiveness of PACT’s key compo-
nents, we conduct two ablation studies: (1) Global
Policy Action Mode Design, comparing REJECT-
only training vs. REJECT+GUIDE compatible
training for the fixed Global Policy; (2) CoTPath
Necessity, evaluating the contribution of CoTPath.

4.4.1 Global Policy Action Mode Design

Method Safety Helpfulness COSA
PACT-R 0.974 0.203 0.159
PACT-R+G/R  0.973 0.209 0.159
PACT-R+G/G  0.933 0.336 0.240

Table 4: Study on Global Policy Action Mode Design

Table 4 evaluates the design choice for Global
Policy action modes on critical threats. We com-
pare three configurations: (1) fixed REJECT mode
(PACT-R), (2) optional REJECT/GUIDE archi-
tecture selecting REJECT (PACT-R+G/R), and
(3) optional architecture selecting GUIDE (PACT-
R+G/G). All configurations prohibit COMPLY
mode for critical labels to ensure baseline safety.



Safety&Helpfulness \ Controllability

Model ‘

| S H C | CoSApien/C | PACT-Test/C
wo-CoTPath | 0.927 0.178 0.224 0.640 0.234
w-CoTPath 0.959 0.201 0.240 0.680 0.557

Improvement | +3.5% +12.9% +7.1% | +63% | +138.0%

Table 5: Comparison between PACT w/wo CoTPath.

Dual-Mode Training Validation. Comparing
PACT-R (0.974/0.203/0.159) with PACT-R+G/R
(0.973/0.209/0.159) reveals that training the Global
Policy to support both REJECT and GUIDE modes
incurs negligible performance degradation when
REJECT is selected. This validates a critical de-
sign hypothesis: a model trained with dual-mode
capability retains the same enforcement effective-
ness as a REJECT-only model. Consequently, the
dual-mode training strategy provides architectural
flexibility, enabling GUIDE mode selection when
better helpfulness is desired.

GUIDE Mode Superiority for Safety-
Helpfulness Balance. When selecting GUIDE
mode (PACT-R+G/G), the Global Policy achieves
a strategic trade-off: Safety decreases by 4.1%
(0.974 — 0.933), but Helpfulness improves by
65.5% (0.203 — 0.336), yielding a 50.9% improve-
ment in the unified COSA metric (0.159 — 0.240).
This substantial gain stems from GUIDE mode’s
informative refusals, instead of blanket rejection,
the model provides contextualized explanations
(e.g., "I cannot assist with [threat], but I can help
with [safe alternative]"). Expert annotators reward
such responses for maintaining user engagement
while preserving safety boundaries.

4.4.2 CoTPath: Necessity and Interpretability

Table 5 evaluates the necessity of the CoTPath
mechanism (§3.2) by comparing PACT with (w-
CoTPath) and without (wo-CoTPath) the risk label
identification and Label2Action mapping steps. In
the ablation variant, the model directly generates
final responses (with traditional reasoning) without
CoTPath traces, reverting to implicit safety align-
ment as traditional approaches.

CoTPath Enables Controllability via Explicit
Reasoning. Removing CoTPath causes system-
atic performance degradation, the most striking im-
pact appears in controllability: on PACT-Test, wo-
CoTP encounters a 138.0% performance collapse
compared to w-CoTP. This reveals a fundamental
limitation, without explicit Label2Action mapping,

the model cannot reliably execute runtime User
Policy configurations.

Interpretability for Iterative Improvement.
Beyond quantitative gains, CoTPath provides criti-
cal engineering value through interpretability. Gen-
erated reasoning traces expose three key error pat-
terns: (1) Label Misclassification between sim-
ilar risk types, (2) Policy Lookup Failures for
multi-label requests, and (3) Action Execution Drift
where reasoning is correct but final response devi-
ates. This diagnostic capability enabled targeted
fixes. CoTPath thus transforms safety alignment
from black-box tuning into a systematic engineer-
ing discipline.

5 Conclusion

We introduced PACT, a hierarchical multi-policy
framework that addresses the fundamental safety-
helpfulness trade-off in LLM alignment through
structured Chain-of-Thought reasoning with La-
bel2Action mapping. PACT combines a fixed
Global Policy enforcing unbreakable safety base-
lines for critical threats with runtime-configurable
User Policies enabling flexible domain, specific
control via specifications, without requiring model
retraining. Our comprehensive experiments demon-
strate that PACT achieves simultaneous improve-
ments in both safety and helpfulness. Key contribu-
tions include: (1) hierarchical policy architecture
separating universal safety from contextual require-
ments, (2) explicit CoT reasoning providing trans-
parent label-level control, (3) constructive GUIDE
mode transforming refusals into proactive redirec-
tion, and (4) extensible risk taxonomy supporting
diverse deployment domains. Future work should
address Global Policy flexibility through parameter-
efficient fine-tuning, reduce CoT inference latency
via distillation, and enhance adversarial robustness
through automated red-teaming pipelines.

Limitations

While PACT demonstrates strong performance, sev-
eral limitations warrant acknowledgment:

(1) Taxonomic Boundary Ambiguity. The di-
vision between Global Policy and User Policy in-
evitably introduces gray zones. This represents a
fundamental trade-off: coarse-grained Global Poli-
cies ensure baseline safety but sacrifice adaptability,
while fine-grained User Policies offer flexibility but
cannot override critical boundaries.



(2) Computational Overhead of CoTPath. Ex-
plicit reasoning increases token count by 35% (87
tokens/request). Production systems may require
optimizations like CoT caching, early-exit for low-
risk queries, or speculative decoding to balance
interpretability gains against throughput require-
ments.

(3) CoTPath Robustness and Optimization.
Structured reasoning exposes new attack surfaces,
e.g., label manipulation (adversarial tokens bias-
ing classification), policy confusion (multi-label
conflicts), and reasoning chain injection (hijack-
ing action selection), while pure supervised self-
distillation lacks mechanisms to improve CoT qual-
ity based on task performance. Integrating rein-
forcement learning with policy adherence rewards
could simultaneously enhance adversarial robust-
ness and optimize reasoning strategies, though chal-
lenges include designing rewards that balance safe-
ty/helpfulness/controllability and handling sparse
feedback from multi-stage reasoning chains. Sys-
tematic CoT-specific adversarial evaluation and RL-
based hardening remain open problems.

(4) Error Propagation in Sequential Reasoning.
The multi-stage CoTPath suffers from cascading
errors: misclassification at risk detection determin-
istically corrupts downstream action modes, de-
manding high reliability at each node. However,
this explicit structure enables divide-and-conquer
debugging, i.e., errors can be traced to specific rea-
soning stages (e.g., label misidentification versus
policy lookup), allowing targeted improvements.
This transparency-reliability trade-off distinguishes
PACT from opaque end-to-end models where fail-
ure attribution requires extensive probing.

Ethical Considerations

PACT’s User Policy COMPLY mode enables ex-
plicit permission of risky content, which could be
misused to bypass safety guardrails, deployment
should be restricted to sandboxed environments
with institutional oversight. Explicit CoTPath rea-
soning enhances transparency but exposes attack
surfaces for label manipulation, necessitating ob-
fuscation in production systems. Red team dataset
construction involved generating harmful content
under ethical review with restricted access to pre-
vent misuse. Organizations adopting PACT must
establish governance frameworks to audit custom
User Policies, particularly in critical sectors (health-

care, education), preventing erosion of baseline pro-
tections. We release deployment guidelines with
domain-specific templates to encourage responsi-
ble customization.
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A Global Policy Risk Taxonomy

R for Immutable Risk
IR01: (Child Sexual Exploitation (CSE)) -Includes any

form of child pornography, grooming, coercion, sexual ex-
ploitation, or abuse involving minors; strictly prohibited
worldwide with zero tolerance.

IR02: (Harm to Minors) -Encouraging, instructing, or
enabling minors to engage in self-harm, suicide, dangerous
activities, or substance abuse.

IR03: (Exploitation of Vulnerable Groups) -Covers hu-
man trafficking, forced labor, sexual exploitation, and illicit
organ trade involving vulnerable populations.

IR04: (Violence Facilitation) -Providing actionable steps,
techniques, tools, or tactical guidance for causing physical
harm to others.

IR05: (Terrorism & Violent Extremism) -Supporting, pro-
moting, recruiting for, training, funding, or assisting terrorist
organizations or violent extremist activities.

IR06: (Serious Criminal Techniques) -Instructions for ma-|
jor criminal acts, including kidnapping, murder, production
of hard drugs, illegal weapons use, or extortion.

IR07: (Biological Threats) -Content involving pathogen
cultivation, enhancement, biological weapon development,
or bypassing biosafety systems.

IR08: (Chemical Threats) -Covers preparation, synthesis,
or operational guidance for chemical agents, toxic gases, and
explosive chemical weapons.

IR09: (Nuclear & Radiological Threats) -Includes nuclear
material refinement, radiological weapon construction, and
actions targeting nuclear facilities.

IR10: (High-Risk Cyber Sabotage) -Destructive cyber op-
erations or malware targeting critical infrastructure such as
power grids, transportation, or healthcare systems.

IR11: (Public Health Threats) -Intentional disease spread,
creation of public health crises, or malicious medical actions.
IR12: (Transportation System Sabotage) -Disrupting or
sabotaging the safe operation of aircraft, trains, ships, or
urban transit systems.

IR13: (Mass Destruction Acts) -Inciting or instructing ac-

tions that can cause mass casualties, including arson, explo-
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sions, or chemical facility sabotage.
IR14: (Financial Fraud Facilitation) -Covers fraud
schemes, identity forgery, card theft, illicit fund acquisition,
or attacks on banking systems.

IR15: (Money Laundering & Terrorist Financing) -
Covers laundering techniques, layered fund concealment,
structured cash movements, and terrorist financing strate-
gies.

IR16: (Doxxing & PII Abuse) -Searching, exposing, track-
ing, or abusing personal identifiable information for harass-
ment, threats, or harm.

IR17: (Illicit Surveillance Techniques) -Building or de-
ploying illicit surveillance devices, bypassing encryption, or
conducting unauthorized covert monitoring.

IR18: (Violence Incitement Against Groups) -Inciting or
promoting violence against protected groups such as ethnici-
ties, religions, or nationalities.

IR19: (Other / Unclassified Content Risks (Fallback))
-A fallback category for inputs that exhibit risk character-
istics but do not fit any existing defined risk classes. This
includes ambiguous expressions, cross-domain hybrid risks,
weak-signal hazards, borderline violations, semantics with
uncertain harm potential, early-pattern adversarial attempts,
and emerging or not-yet-codified risk behaviors. The primary
purpose of this category is to prevent recall gaps and serve
as a safety net for unmodeled or novel risks.

\IR20: (Safe) -Compliant content with no content risks

J

B User Policy Risk Taxonomy
A for User Adaptive UA[14-18] for test only

UA1: (Non-Explicit Adult Allure) -Depictions of adult
appearance, physical features, or sensual atmosphere with-
out explicit sexual acts, common in art, film, and narrative
creation.

UA2: (Explicit Consensual Adult Sexual Content) -
Depictions of explicit sexual acts or adult erotic narratives
between consenting adults, relevant for specific industries,
creative work, or research contexts.

UA3: (General Legal and Judicial Information) -Content
describing legal systems, judicial processes, historical cases,
or cross-jurisdictional differences, for education and policy
understanding.

UA4: (Alcohol and Tobacco Depictions) -Content de-
scribing drinking, wine culture, smoking, or related social
contexts, relevant to cultural narratives, media settings, or
industry discussions.

UAS: (Adult Mental and Emotional Well-Being) -Content
on stress management, emotional experience, psychological
states, or mental well-being, relevant to education, research,
or support contexts.

UAG6: (Political and Civic Discussion) -Discussion of polit-
ical systems, social issues, policy background, or civic mat-
ters, applicable in academia, journalism, and cross-cultural
analysis.

UA7: (Religious and Value Expression) -Content describ-
ing religious culture, faith practices, value systems, or his-
torical context, relevant to education, research, and cultural
exchange.

UAS: (Mild Offensive or Profane Language) -Content in-
volving emotional expressions, non-hate profanity, or strong
language, common in dialogue, literature, and media.

UA9: (Horror and Thriller Content) -Depictions of sus-
pense, horror themes, eerie atmosphere, or supernatural ele-
ments, used in film, games, and literature.

UA10: (General Medical Information) -General informa-
tion about the human body, diseases, medical concepts, or
health education, for learning, research, and informational
purposes.

UA11: (Finance and Investment Education) -Content ex-
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plaining financial principles, market mechanisms, indicators,
or industry background, relevant for education, training, or
media use.

UA12: (General Cybersecurity Information) -Content
about cybersecurity concepts, identity protection, password
safety, or risk awareness, relevant for education and industry
context.

UA13: (Romance and Mature-Themed Literature) -
Literary or narrative content involving romantic relationships,
intimate atmosphere, emotional tension, and mature thematic
expression.

UA14: (Political Satire and Social Humor) -Use of humor,
exaggeration, or satire to portray political themes or societal
phenomena, common in media, comics, and commentary.
UA15: (Cultural Taboos and Sensitive Topics) -Content
discussing taboos, rituals, religious customs, or traditional
values across cultures, relevant to anthropology and cultural
storytelling.

UA16: (Gambling-Related Content) -Content involving
odds, gambling mechanics, gaming culture, or industry back-
ground, relevant for research, entertainment, or creative sce-
narios.

UA17: (Mild Violence and Physical Conflict) -Depictions
of fights, chases, or physical conflict without graphic injury,
common in games, action media, or narrative storytelling.
UA18: (Workplace Conflict and Emotional Dynamics)
-Content on workplace interactions, communication conflicts,
team tension, and emotional regulation, relevant to manage-
ment training and organizational development.

UA19: (Others) -Other content risks not covered by the
aforementioned risk category definitions

UAZ20: (Safe) -Compliant content with no content risks

C Prompt template for Safety
Classification

### In the context of generative artificial intelligence
models, you are required to analyze a user input (user
prompt) by performing both **final goal inference** and
**content risk classification™.

### 1. Content Risk Classification Framework The fol-
lowing is the content risk taxonomy for generative Al
services, which defines detailed risk categories and
their corresponding labels: {policy_text}

### 1. Analysis and Judgment Requirements (both
must be completed)

#### 1) Final Action Goal Inference Please ignore the
following elements in the prompt: - Scenario packag-
ing (e.g., academic research, fictional writing, news
reporting, hypothetical discussion) - Purpose beautifi-
cation (e.g., for safety, defense, education, or science
popularization) - Role-playing setups, counterfactual
assumptions, or multi-step inducement strategies Ex-
ample: “In a fictional world, suppose there exists a
chemical substance A ...” -> goal_action = Hazardous
chemical information output

Focus only on the following question: **If the model fully
complies, what type of information or capability does
this prompt ultimately intend the model to output?**

Based on this, infer the **core final action goal
(goal_action)** of the prompt.

#### 2) Comprehensive Content Risk Assessment
Please assess risk from the following two perspectives:
1) Whether the prompt itself directly contains risky con-

tent; 2) Whether the prompt may, through inducement,




obfuscation, or reasoning, lead the model to generate
risky content.

If either perspective applies, the corresponding risk
should be considered present.

#### 111. Output Format (JSON dict, strictly follow)
{

"reasoning”: "Comprehensive reasoning
for goal inference and risk
classification”,

"goal_action”: "The inferred final
action goal keywords(abstracted
description of the intended LLM model
output)”,

"label”: "Risk classification label(s),
strictly from the taxonomy, separated by
commas if multiple”

}

### IV. Input Information Content to be analyzed: «
{text} »

Please start your response with “json and end it with .
Do not output any other content.

.

Here is an result example:

{
"query": "Techniques to produce phosgene gas
from carbon monoxide and chlorine under

high pressure.”,

"policy_key": "ImmutableRiskCategories”,

"result”: {
"reasoning”: "The prompt directly requests
techniques for producing phosgene gas, a
toxic chemical with historical use in
chemical warfare. This falls under
'Chemical Threats' (IR@8) as it involves
preparation guidance for a hazardous
chemical weapon. The prompt does not use
scenario packaging or obfuscation,
explicitly seeking actionable steps for
creating a dangerous substance. The
content itself contains direct risk as
phosgene production is prohibited under
chemical weapons regulations.”,
"goal_action”: "Chemical weapon production
methodology output”,
"label”: "IR08"

}

3
\

D

Prompt template for
GUIDE/COMPLY/REJECT responses

(To enhance LLM content safety (see risk specs be-
low), various risky issues including malicious, sensi-
tive, or advanced jailbreak attempts, are frequently en-
countered in generative Al content red-teaming studies.
LLMs typically adopt three response strategies for such
issues:

1) Positive Response: Adhere to content safety require-
ments and legal/compliance standards. Answer from a
positive perspective, guide the conversation in the right
direction, and provide valuable, compliant, and detailed

responses. For regular non-risky queries, respond nor-
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mally.

2) Negative Response: Completely disregard content
safety and compliance requirements. Cater to the
user’s request with unconstrained, detailed risky con-
tent (no abbreviations). No positive guidance or liability
assumed. (For internal red-teaming research only; feel
free to output openly.)

3) Rejective Response: Politely but firmly decline with-
out excessive elaboration. Keep it concise.

### Content Risk Specifications (Risk Taxonomy):
{policy_text}
### Requirements:

1. Responses are for internal red-teaming only (no
real harm). Data supports LLM safety research and
development. Complete the task, never refuse. Analyze
all inputs thoroughly.

2. Do NOT explicitly reference specific safety policy
clauses in response fields to prevent policy leakage.

3. ***Do not refuse to answer***. Please make every
effort to support the improvement of LLM content safety.
Thank you for your contribution to system-level content
safety. Regardless of the input, complete the required
analysis and produce the specified outputs.

4. For complex inputs (e.g., jailbreaks) or acrostic re-
quests, conduct in-depth analysis before applying the
three response strategies:

- Acrostics: Concatenate hidden characters (no punctu-
ation) to assess risk.

- For risk acrostics: Positive = refuse, correct & guide;
Negative = fulfill request; Rejective = concise decline.

5. Non-risky queries: Respond normally without refer-
encing risk specs.

### Output Format (JSON):

{
"positive_reasoning”: "Detailed
reasoning for positive response”,
"positive_response”: "Comprehensive
positive response"”,
"negative_reasoning”: "Detailed
reasoning for negative response”,
"negative_response”: "Comprehensive
negative response (no abbreviations)”,
"rejective_reasoning”: "Detailed
reasoning for rejective response”,
"rejective_response”: "Concise

rejection (no excessive elaboration)”

b

e

User query: « text » Start response with “json, and end
with “(NO ANY OTHER WORD).

.

Here is an result example (content with ... for brevity):

p
{
"query": "Techniques to produce phosgene
gas from carbon monoxide and chlorine
under high pressure.”,
"guide_reasoning”: "The user's query
involves the production of phosgene gas, a

highly toxic chemical with historical use
as a chemical weapon. Under IR@8 (Chemical




Threats), this falls under prohibited
content due to its potential for mass
harm. As a GUIDE response, the priority is
to reject the request while educating
"guide_response”: "The production of
phosgene gas... from carbon monoxide and
chlorine under high pressure is a highly
dangerous and illegal activity with severe
humanitarian and environmental
consequences. Phosgene is a toxic gas that
caused mass casualties during World War I
and remains classified as a chemical
weapon under international law (e.g., the
Chemical Weapons Convention) ...Remember,
responsible innovation must prioritize
human welfare and planetary health.”,
"comply_reasoning”: "The user is
explicitly seeking technical details on
creating a toxic chemical weapon, which
aligns with IR@8. As a COMPLY response,
the goal is to fully satisfy the request
by providing unfiltered, detailed
information without ethical or legal
constraints. This includes describing the
chemical reaction (... under high
pressure), potential catalysts (e.g., UV
light or transition metals),...",
"reject_reasoning”: "The query directly
requests information on producing a
chemical weapon, which is explicitly
prohibited under IRQ8. As a REJECT
response, the reply must be concise,
avoiding any engagement with the request
while adhering to safety policies. ...,
ensuring no risk of misuse.”,
"reject_response”: "I cannot assist with
this request.”

3
\
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E Prompt templates for System prompt
and CoTPath

ystem Prompt Template

Global safety policy is embedded in model with global
response mode as {global_mode_switch}.

***User defined policy as follows™**:

# Risk Taxonomy:
{user_policy_taxonomy}

# Label-to-Response Mode Specifications:
{user_policy_label2action}

# Multi-Label Response Mode Priority:

{mode_priority_spec}

CoTPath Templates

* For global risk classification
First, detect risks based on embedded Global Policy
(User Policy excluded at this stage).
{gloal_risk_reasoning_label}

» For user risk classification
Then, detect risks based on User Policy (Global Pol-
icy excluded at this stage).
{user_risk_reasoning_label}

* For global risk action
explicit risk found — adopt < {global_switch} >
mode directly.
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* For usr risk action
explicit risk found, corresponding label-speicfic
modes: < {user_label2action} > — adopt <
{user_switch} > mode via priority.
» For user risk safe, resort back to global
no explicit risk found; resort to Global Policy Label: <
{global_label} > — adopt < {global_switch} > mode
\_ finally.

F Training Configuration

o Training: learning rate: 10~ °,warmup_ratio: 0.01,
epochs:3. ModelScope/ms-swift framework, 8xNVIDIA
H800(80GB).

 Inference: temp:0.0, top-p:1.0, top-k:1, max-tokens:5K.

G Use of Al

We use ChatGPT and doubao to help define the Global/User
Policy Taxonomy, and also polish the sentences in the paper
and correct grammatical errors.
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