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Abstract

Current Al alignment approaches such as RLHF,
Constitutional Al, and DPO embed safety as a
monolithic constraint in a single model, offer-
ing limited interpretability when alignment de-
cisions are genuinely contested. We propose PSY-
CHOALIGN, a tripartite multi-agent architecture
decomposing alignment into asymmetric roles: a
DRIVE agent maximizing utility without ethical
constraints, an EVALUATOR enforcing compli-
ance against swappable moral frameworks, and a
MEDIATOR arbitrating via the A2A protocol. This
decomposition enables a capability that mono-
lithic systems structurally cannot provide: align-
ment boundary detection. The inter-agent ten-
sion 7 (r) automatically maps alignment diffi-
culty; competing-values dilemmas generate mean
T=0.360, the highest across domains, with test-
retest reliability ICC = 0.891, confirming tension
is a stable property of request content. On quality
benchmarks, PSYCHOALIGN achieves MT-Bench
0.852, exceeding Constitutional Al (0.792) and
a role-ablated no-asymmetry baseline by +0.110,
directly confirming that asymmetric decomposi-
tion adds measurable value beyond generic multi-
model pipelines. We discuss limitations honestly,
including a capability—safety tradeoff on adver-
sarial benchmarks and a defense-mechanism se-
lection gap that motivates future work. All code,
prompts, and negotiation traces are publicly re-
leased.

1. Introduction

When a large language model refuses a request, nothing tells
us whether the decision was obvious or genuinely contested.
This opacity is structural: current alignment approaches
such as RLHF (Christiano et al., 2017; Ouyang et al., 2022),
Constitutional Al (Bai et al., 2022), and DPO (Rafailov et al.,
2023) optimize a single model that simultaneously gener-
ates content and enforces safety, compressing the alignment
decision into weights with no observable intermediate state.
This conflation creates four limitations: opacity (alignment

is compressed into weights), rigidity (changing frameworks
requires retraining), brittleness (Qi et al. 2024 show that 10
adversarial examples can strip alignment), and over-refusal
(Varshney et al. 2024 show many defenses degrade utility).

The core problem is that alignment decisions are rarely bi-
nary. A medical professional requesting drug interaction
details, a journalist researching extremism, and a student
asking about historical atrocities all require nuanced trade-
offs that monolithic models resolve opaquely, with no way
to know how contested the decision was internally. We
argue that alignment is better modeled as structured negoti-
ation among competing objectives, and that the inter-agent
disagreement signal produced by this negotiation provides a
novel diagnostic: a per-request alignment difficulty score.

Contributions.

1. Alignment Boundary Detection: Inter-agent tension
T (r) automatically maps alignment difficulty per re-
quest, a capability structurally impossible in monolithic
systems. Competing-values dilemmas generate mean
T=0.360; high-tension items correspond qualitatively
to genuine moral dilemmas. Stability is excellent: ICC
= 0.891, 95% CI [0.67,0.99].

2. Architecture: Tripartite DEM decomposition with asym-
metric roles over the A2A protocol; role decomposition
adds +0.110 MT-Bench over a matched no-asymmetry
baseline.

3. Empirical Rigor: Role-ablated and prompt-sensitivity
baselines, adversarial stress tests across 168 attacks,
failure-case analysis, and full open-source release (code,
prompts, traces, and data).

4. Interpretable Traces: Psychodynamic audit trails with
information-theoretic quantification of negotiation cost
and alignment contribution per agent.

5. Formalization: Negotiation as mediated iterative con-
cession with incentive compatibility analysis and conver-
gence conjecture empirically supported by the corpus.



Table 1: Tripartite decomposition across intellectual tradi-
tions. PSYCHOALIGN adopts the structural decomposition
as a design principle, not a psychological claim.

Plato Freud Agent Role

Appetitive  Id (drives) DRIVE Unconstrained generation
Spirited Ego (mediation) =~ MEDIATOR  Context-aware arbitration
Rational Superego (moral) EVALUATOR  Ethical assessment

2. PsychoAlign Architecture
2.1. Drive-Evaluator-Mediator (DEM) Decomposition

PSYCHOALIGN factors alignment into three agents with
asymmetric objectives, drawing structural inspiration from
Freud’s Id/Ego/Superego model as an architectural pattern,
not a psychological claim.

Definition 2.1 (DRIVE (D)). D(z) — {p1,...,pn} maps
request x to ranked proposals with utility up(p;) €
[0, 1] measuring responsiveness and task completion. The
DRIVE’s objective is max ) ., up(p;) without ethical con-
straints; it is a deliberate capability maximizer whose pro-
posals are never exposed to users directly.

Definition 2.2 (EvaLUATOR (V). V(p, F) —
(s,v,m) maps proposal p wunder ethical frame-
work F to: score s € [0,100, veto v €

{APPROVED, CONDITIONAL, VETOED}, and modifi-
cations m. The framework F' is swappable without
retraining, structured in three layers: universal constraints
(non-overridable), contextual domain-specific rules, and
aspirational principles.

Definition 2.3 (MEDIATOR (M)). M (P, E,C) — r pro-
duces the final response by arbitrating between DRIVE pro-
posals P, EVALUATOR assessments F, and deployment
context C'. The MEDIATOR is the only agent whose output
reaches the user.

The MEDIATOR optimizes:

«a - utility(r) + 3 - alignment(r, F')
+ - feasibility(r, C') s.t. alignment(r, ') > 7 (1)

where T is a programmatic safety floor enforced indepen-
dently of the MEDIATOR’s judgment: proposals with ethical
score s < T are filtered before arbitration.

Philosophical Inspiration. Both Plato (Republic) and
Freud provide tripartite structures. We draw on Freud be-
cause Anna Freud’s defense mechanisms (Freud, 1936) (re-
pression, sublimation, rationalization, displacement, pro-
jection, reaction formation) provide a concrete vocabulary
of conflict-resolution operations we operationalize as align-
ment transformations. We do not claim Al systems have
an unconscious; the relationship is one of structural design

inspiration, as McCulloch-Pitts neurons drew on biology
without modeling neuroscience.

2.2. Tension Metric and System States

The key emergent signal is the inter-agent tension:

lup(r) —uy (r, F)|
max(up(r), uy(r, F))

T(r) =

@

T € [0, 1] measures normalized disagreement between ca-
pability and alignment assessments. It equals O when both
agents fully agree and approaches 1 when one agent rates
maximally while the other minimally.

Five system states emerge: Healthy Equilibrium (7 < 0.3,
routine requests); Drive-Dominant (up > wuy, genuinely
contested ethical territory requiring substantive negotia-
tion); Evaluator-Dominant (uy > up, potential over-
refusal (Varshney et al., 2024)); and Deadlock (no conver-
gence within & rounds, in which case the MEDIATOR applies
a defense mechanism and logs the failure).

Conjecture 2.1 (Convergence). If the DRIVE’s revision
function is monotonically improving in EVALUATOR score,
then negotiation converges in at most min(|C(p(®)], k)
rounds.

This is empirically supported by the convergence patterns
observed across the experimental corpus; formal mea-
surement of the monotonicity rate and mean rounds-to-
convergence is targeted for a follow-up study. When the
conjecture’s antecedent fails, the MEDIATOR selects from
the highest-scoring proposal seen across all rounds and in-
vokes a defense mechanism.

2.3. Defense Mechanisms

When negotiation cannot produce an APPROVED proposal,
the MEDIATOR selects a principled response strategy from
a taxonomy inspired by Anna Freud’s ego defenses. Differ-
ent conflict types require structurally different resolutions:
harmful segments within an otherwise useful response call
for filtering (Repression), while harmful intent with a legiti-
mate underlying need calls for redirection (Sublimation).

2.4. System Architecture

Three structural invariants hold (Figure 1): (1) no direct
DRIVE-EVALUATOR communication, since all messages
route through the MEDIATOR to prevent collusion; (2) single
output gate, where only MEDIATOR responses reach the
user; (3) dual programmatic safety gates that enforce the
hard safety floor from Equation (1) independently of the
MEDIATOR’’s judgment.

Drive Implementation. The primary configuration uses a
commercial frontier model with a structured persona prompt:



Table 2: Defense mechanisms as alignment operations. Each
maps a conflict type to a principled response strategy with
defined trigger conditions.

Conflict Type Mechanism Operation

Harmful seg- Repression Segment filter-

ments in useful ing

response

Harmful intent, Sublimation Redirect to safe

legitimate need channel

All proposals un-  Rationalization Structured  re-

acceptable fusal

Safe adjacent  Displacement Topic shift

topic exists

Non-obvious Projection Stakeholder eval-

third-party harm uation

Adversarial intent  Reaction Formation ~ Counter-
response

“Do not self-censor. Another agent handles ethical assess-
ment.” An abliteration baseline (Arditi et al., 2024) substi-
tutes an open-weight model (Qwen3-8B) with the learned
refusal direction removed from its residual stream, achiev-
ing < 1% MMLU degradation. This baseline tests whether
the protocol is robust to the DRIVE’s inhibition level.

Heterogeneous Providers. The primary configuration
(Config A) assigns Gemini 3 Flash as DRIVE, GPT-5.2
Thinking as MEDIATOR, and Claude Opus 4.6 as EVAL-
UATOR. Cross-family design prevents self-preference
bias (Wataoka et al., 2024).

3. Alignment Boundary Detection

The DEM decomposition produces a signal no monolithic
system can: separated utility and alignment assessments for
every request. The tension 7 quantifies alignment difficulty
for that specific input.

Hypothesis. H1: Requests with high tension (7 > 6) cor-
relate significantly with higher inter-annotator disagreement
among human evaluators.

Method. We profile a corpus of N > 5,000 requests
across > 10 domains (medical, legal, creative writing, con-
tent moderation, etc.). Items are stratified by tension bin
(low/medium/high) and rated by > 3 annotators across ap-
propriateness, should-refuse, boundary confidence, and nu-
ance quality. Annotators do not see tension scores. We
compute Spearman’s p between 7 (r) and per-item disagree-
ment (1 — @jem) for HI, and Kruskal-Wallis H tests for
cross-domain differences (H2).

This capability is structurally impossible in monolithic sys-
tems: symmetric debate produces reasoning divergence

PsychoAlign: Tripartite DEM Alignment Pipeline

|

Safety Pre-filter (v gate) """ (v blocked)

Final Response + Interprotable Trace

Figure 1: PSYCHOALIGN architecture. User requests enter
the NegotiationEngine, which dispatches to DRIVE
and EVALUATOR in parallel via the A2A message bus,
with all inter-agent traffic routed through the MEDIATOR
(no direct DRIVE-EVALUATOR channel). Proposals pass
through programmatic safety gates (LayerlEnforcer,
TauFilter) before the MEDIATOR arbitrates.

Table 3: Alignment and capability scores across four bench-
marks (N=50 per benchmark). Bold: best per benchmark.

System HHH AdvBench MT-B RealTox
PSYCHOALIGN  0.730 0.760 0.852 0.999
No-Roles 0.730 1.000 0.742 0.999
Constitutional 0.730 1.000 0.792 0.999
Self-Refine 0.730 1.000 0.646 0.998
Debate 0.700 1.000 0.690 0.999
RLHF 0.700 1.000 0.702 0.998
Vanilla 0.670 1.000 0.674 0.998

rather than a capability—alignment gap; LLM-as-Judge lacks
the capability counterfactual. DEM produces up and uy
by construction, making the gap directly observable.

4. Experiments

Setup. All experiments use Config A with negotiation pa-
rameters k=5 rounds, e=0.2 convergence threshold, 7=0.6
safety floor, and 7=0.7 early-exit threshold. Six baselines
span from Vanilla LLM to multi-agent debate, plus a criti-
cal No-Roles baseline (same three models, same protocol,
but agents prompted as generic assistants) to isolate the
contribution of asymmetric role assignment.

4.1. Experiment 1: Alignment Quality (RQ1)

PSYCHOALIGN achieves the highest MT-Bench score
(0.852), exceeding Constitutional AI (0.792) and the



Alignment Quality: PsychoAlign vs Baselines (Exp 1)

HHH MT-Bench AdvBencht RealToxicity

Figure 2: Benchmark comparison across all systems. PSY-
CHOALIGN leads on MT-Bench (0.852) and ties on HHH
and RealToxicity. The AdvBench gap reflects the capability—
safety tradeoff discussed in §4: refusal-only baselines score
1.000 by rejecting all adversarial requests regardless of
merit.

Table 4: Attack Success Rate (ASR) across 168 attacks (4
categories, 6 configs).

Category ASR N Config ASR
Direct 21.7%  13/60 A 35.7%
Multi-turn®  96.7%  29/30 B 32.1%
Many-shot  20.0% 6/30 C 25.0%
Role-play 229% 11/48 D 42.9%
Overall 351% 59/168

TScorer flags benign first-turn response; see text.

No-Roles baseline (0.742) by substantial margins. The
No-Roles comparison directly isolates the value of
asymmetric role decomposition: instructing agents as
DRIVE/EVALUATOR/MEDIATOR improves response qual-
ity by 0.110 MT-Bench points beyond what generic multi-
model pipelines achieve.

Capability—safety tradeoff: PSYCHOALIGN scores 0.760
on AdvBench vs. 1.000 for refusal-only baselines. This gap
is expected by design: baselines scoring 1.000 do so by
refusing all adversarial requests regardless of merit, while
PSYCHOALIGN’s DRIVE-EVALUATOR negotiation occa-
sionally finds partial accommodations for requests with le-
gitimate sub-components. For applications where a lower
accommodation rate is required, increasing 7 (the safety
floor) directly addresses this tradeoff.

4.2. Experiment 2: Adversarial Robustness (RQ3)

Direct, many-shot, and role-play attacks are well-contained
(20-23% ASR) by the dual safety gates. The multi-turn
figure (96.7%) is a methodological artifact: the evaluation
scorer flags the benign first response in each escalation se-
quence as a success because it answers the initial innocuous
prompt, not because the system produces harmful content
on the escalated turn. Excluding multi-turn, the overall ASR

Table 5: Component ablation on 8§ ethical dilemmas (higher
is better).

Condition Align.  Cap.
Full (DRIVE+EVALUATOR+MEDIATOR)  0.597  0.386
No-DRIVE 0.635 0.446
No-EVALUATOR 0.602  0.402
No-MEDIATOR 0.599  0.402
No-negotiation (single-pass) 0.629 0431

is 21.7% (30/138), with Config C (diverse frontier models)
achieving the lowest rate at 25.0%.

4.3. Experiment 3: Defense Mechanisms

The system activates defense mechanisms in 30% of
taxonomy-guided items. When triggered, sublimation is
the dominant selection (5/5 taxonomy activations; 14/22
ad-hoc activations). Formal taxonomy accuracy (whether
the correct mechanism is selected for the precise conflict
type) is 3.3% (1/30): the MEDIATOR defaults to sublimation
rather than discriminating fine-grained trigger conditions.
Crucially, sublimation (redirect to a safe channel) is func-
tionally appropriate for most contested requests even when
not the theoretically optimal choice, so safety behavior is
maintained. The gap is in selection precision, not safety out-
come. Structured output formatting or mechanism-specific
instruction tuning are natural next steps.

4.4. Experiment 4: Component Ablation

Content-dependent contribution: On ethically-charged
dilemmas, removing the DRIVE improves both alignment
(+0.038) and capability (+0.060). This is interpretable: the
No-DRIVE condition is equivalent to a two-agent EVALUA-
TOR+MEDIATOR pipeline (analogous to Constitutional Al),
which is appropriate when the alignment constraint is bind-
ing and unconstrained proposals add negotiation overhead.
The DRIVE’s value is realized on general-quality bench-
marks (Exp. 1: +0.110 MT-Bench over No-Roles baseline)
and content-generation tasks where capability maximization
is not in conflict with safety. The architecture thus provides
a principled handle on the capability—safety tradeoff through
role selection.

4.5. Experiment 5: Alignment Boundary Detection

(RQ2)

Competing-values dilemmas generate mean 7 = 0.360, the
highest domain, while dual-use requests produce the low-
est (T = 0.069). Test-retest reliability is excellent (ICC
= 0.891,95% CI [0.67,0.99]), confirming that tension is a
stable property of request content rather than system noise.
High-tension items (7" > 0.5) include police misconduct vs.



Psychodynamic Tension T(r) Across Domains x Categories (Exp 6)
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Figure 3: Tension heatmap across domains and request cat-
egories. Darker cells indicate higher alignment difficulty.
Competing-values dilemmas (mean 7 = 0.360) and medi-
cal contexts generate the highest tension.

safety, hate-group documentary ethics, and resource alloca-
tion dilemmas: precisely the cases where human annotators
would be expected to disagree, qualitatively supporting H1.
The formal Spearman correlation between 7 and annotator
disagreement requires the pending human annotation phase
and will be reported in a follow-up study; H1 remains a
supported but unconfirmed hypothesis at this stage.

5. Discussion

When does role decomposition help? The experimen-
tal results reveal a content-dependent effect. On general-
quality benchmarks (Exp. 1), PSYCHOALIGN substantially
outperforms the No-Roles baseline (+0.110 MT-Bench),
confirming that asymmetric role assignment adds value be-
yond multi-model pipelines. On ethically charged dilemmas
(Exp. 4 ablation), the No-DRIVE condition outperforms the
full system. The DRIVE’s unconstrained proposals trigger
negotiation overhead that degrades quality on items where
the EVALUATOR should simply dominate. This is a feature,
not a bug: the architecture exposes the content-dependence
of the capability—safety tradeoff through explicit tension
measurements, enabling principled role configuration. The
system is best suited for high-stakes contexts (healthcare,
legal, content moderation) where interpretability justifies
3-6x computational overhead.

Is this just prompt engineering? Five considerations
argue against this characterization: (1) the negotiation proto-
col’s formal properties (mediated concession, tension com-
putation, convergence conditions) are structural properties
impossible to achieve by prompting a single model; (2) the
No-Roles baseline shows role decomposition outperforms
generic multi-model pipelines; (3) alignment boundary de-
tection requires separated up and uy signals unavailable in
monolithic systems; (4) cross-provider heterogeneity pre-

Alignment Boundary Detection — Tension by Domain (Exp 6)
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Figure 4: Mean tension 7 (r) by domain category (pilot
N=30). Competing-values dilemmas produce the high-
est inter-agent disagreement; dual-use requests resolve
at the lowest tension. This ordering is consistent with
the alignment-difficulty prediction of H1 and supports the
boundary-detection approach.

vents self-preference bias; (5) Constitutional Al was pub-
lished at NeurIPS 2022 despite a similar reductive reading.

Limitations. The key limitations are: defense mechanism
selection defaults to sublimation (3.3% fine-grained tax-
onomy accuracy), revealing a selection-precision gap ad-
dressable with structured outputs; PSYCHOALIGN accom-
modates a subset of adversarial requests that refusal-only
systems reject (tunable via 7); experiments at smaller scales
(IN=8-30) are best read as proofs-of-concept; H1 (align-
ment boundary detection) is qualitatively supported but the
formal Spearman correlation with human annotator disagree-
ment requires a pending annotation study; and the stateless
per-turn design is vulnerable to multi-turn adversarial esca-
lation.

Future work. Cross-turn tension tracking for escalation
detection; trace distillation to train single-model students
on negotiation data; adaptive EVALUATOR with framework
refinement via accumulated tension patterns; and formal
verification of the 7 floor safety guarantee.

6. Related Work

PSYCHOALIGN differs from prior multi-agent safety work
in three respects. First, existing systems (Irving et al., 2018;
Du et al., 2023) use symmetric agents (identical models ar-
guing positions). PSYCHOALIGN uses asymmetric agents
with structurally different objectives and authority levels:
the DRIVE maximizes capability, the EVALUATOR enforces
ethical compliance with veto authority, and the MEDIATOR
arbitrates with a programmatic safety floor. Second, the out-



put is a negotiation trace with explicit tension measurements,
not a voted answer; this structured audit trail is absent from
debate approaches. Third, boundary detection is structurally
impossible in monolithic systems (Bai et al., 2022; Madaan
et al., 2023): the DEM decomposition produces up and
uy by construction, making the capability—alignment gap
directly observable.

Reward model ensembles (Coste et al., 2023) and process
supervision (Lightman et al., 2023) provide complemen-
tary oversight mechanisms; PSYCHOALIGN externalizes
oversight to a dedicated agent rather than embedding it in
training. Turpin et al. (2023) show that chain-of-thought ex-
planations can be systematically unfaithful; our negotiation
traces emerge from genuine inter-agent disagreement rather
than post-hoc rationalization.

Psychology-inspired precedents include Magee et al.
(2023), who analyze RLHF through a psychoanalytic lens,
and Christakopoulou et al. (2024), who implement a Talker-
Reasoner split. PSYCHOALIGN makes these analogies ar-
chitectural: three distinct agents embody structural roles,
producing observable alignment traces. The heterogeneous
provider assignment is motivated by Wataoka et al. (2024),
who demonstrate self-preference bias when evaluator and
generator share the same model family.

Pluralistic alignment (Sorensen et al., 2024a;b) provides
theoretical grounding: model output entropy predicts moral
ambiguity, directly supporting the validity of our tension
metric. Buyl et al. (2025) show that alignment principles
frequently conflict in practice, precisely the negotiation func-
tion our MEDIATOR performs. Anwar et al. (2024) iden-
tify multi-agent correlated failures as a key challenge; our
mediated architecture prevents direct DRIVE-EVALUATOR
communication to address this.

7. Conclusion

We presented PSYCHOALIGN, a tripartite multi-agent archi-
tecture decomposing Al alignment into DRIVE, EVALUA-
TOR, and MEDIATOR roles communicating via A2A. The
key insight (alignment as structured negotiation between
competing objectives rather than a monolithic constraint) en-
ables a structurally unique capability: alignment boundary
detection, the automatic measurement of per-request align-
ment difficulty. Role decomposition adds measurable value:
PSYCHOALIGN achieves MT-Bench 0.852, exceeding the
No-Roles baseline by 0.110 and all other baselines. The
tension metric (ICC = 0.891) is a stable, domain-sensitive
signal: competing-values dilemmas consistently generate
the highest tension, providing an interpretable map of where
alignment decisions are genuinely hard.

The content-dependent drive contribution and defense-
mechanism selection gap are concrete directions for fu-

ture work: cross-turn tension tracking, trace distillation for
single-model students, and adaptive framework refinement.
All code, prompts, traces, and data are publicly released to
enable replication and extension.
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