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Abstract. Current multi-agent LLM systems differentiate agents through hand-crafted roles or layer-
stacking architectures. We propose Agora, a framework that differentiates agents through six continuous
drives (boredom, curiosity, stress, anxiety, empathy, service) that map to LLM parameters, producing
parameter-level differentiation without prompt engineering. We evaluate Agora through 375 real API
calls on DeepSeek Chat across four task types, comparing RoundTable (3 differentiated agents) against
four baselines: Single, Majority Voting, BestOf3, and AutoGenStyle. Results reveal a task-dependent
pattern: RoundTable produces significantly higher quality on analytical tasks (p < 0.001 vs AutoGen-
Style, Cohen’s d = 2.26) but does not outperform simpler baselines on creative tasks (Majority Voting
wins, p < 0.001) or short-format generation (AutoGenStyle wins, p = 0.006). Closed-loop drive-LLM
integration maintained stable quality over 20 consecutive steps. Ablations identify empathy as the most
critical drive component. These results suggest that drive-based differentiation shows promise for an-
alytical reasoning tasks, outperforming some multi-agent baselines (AutoGenStyle, BestOf3) with large
effect sizes, though the comparison against a single differentiated agent does not reach significance. Sim-
pler coordination strategies remain competitive for creative generation. We discuss the implications for
multi-agent LLM system design and identify directions for future work.

Keywords: Multi-agent LLM systems - Intrinsic motivation - Agent differentiation - Cognitive drives -
Task-dependent reasoning

1. Introduction

Ask three people an open-ended question and you will receive three different answers. The differences
reflect distinct internal states—one curious, one cautious, one empathetic—that shape how each person
approaches the problem. We ask whether multi-agent LLM systems can achieve agent differentiation
through internal cognitive states rather than external role assignments.

Current multi-agent LLM systems do not exploit this principle. They orchestrate agents through
hand-crafted roles (“you are a critic”) or layer-stacking architectures where one agent’s output feeds the
next [1, 2, 3]. The agents are externally differentiated by prompt engineering, not internally differentiated
by cognitive state. When all agents share the same base model and temperature, their outputs converge
on the same high-probability modes.

We propose Agora (Adaptive Group of Reasoning Agents), a multi-agent framework that differentiates
agents through six continuous drives—boredom, curiosity, stress, anxiety, empathy, service—inspired by
models of intrinsic motivation in cognitive science [4, 5|. The drives evolve according to homeostatic
relaxation and cross-drive coupling, then map to LLM parameters (temperature, frequency penalty,
presence penalty, max tokens). A TaskRouter classifies prompts and spawns an appropriate number of
agents. A RecursiveRoundTable coordinates multi-round draft—critique—polish cycles.

We evaluate Agora through 375 real API calls on DeepSeck Chat, comparing RoundTable against four
baselines across four task types. The results reveal a task-dependent pattern: RoundTable produces the
highest quality on analytical tasks but is outperformed by simpler baselines on creative and short-format



tasks. These mixed results suggest that not all multi-agent configurations suit all tasks, and the choice
of coordination strategy should match the task characteristics.

Contributions. (1) A drive-based differentiation mechanism that maps continuous cognitive drives
to LLM parameters, providing parameter-level diversity without prompt engineering. (2) Preliminary
evidence that drive-based differentiation outperforms some multi-agent baselines on analytical tasks
(p < 0.001 vs AutoGenStyle, d = 2.26) but does not universally outperform simpler strategies. (3) An ab-
lation study identifying empathy as the most critical drive component, and a scalability analysis showing
diminishing returns beyond 3 agents.

1.1. From Symbolic Cognitive Architectures to Continuous Drive Dynamics

Symbolic cognitive architectures such as SOAR (Laird et al. 1987) and ACT-R (Anderson 1993) derive
their representational power from explicit ifthen production rules that support compositionality, hierar-
chical goal structures, and a clear logical semantics—properties that facilitate both interpretability and
the principled integration of domain knowledge. Such rules, however, encode discrete decisions and are
inherently ill-suited to the fine-grained continuous modulation required for controlling large language
model (LLM) decoding parameters (Holtzman et al. 2020; Malkin et al. 2022). Agora replaces discrete
rule firing with a six-dimensional continuous drive vector d = (CUR, CAUT, CRE, CLA, CONS, CONT)
that smoothly blends multiple behavioural tendencies, offering a more expressive substrate for represent-
ing graded trade-offs—e.g., moderate curiosity combined with high caution—that resist clean symbolic
decomposition.

Optimization convenience. Learning symbolic rules in the high-dimensional space of LLM genera-
tion parameters suffers from combinatorial explosion and from the difficulty of credit assignment across
fuzzy, context-dependent generation choices. In contrast, Agora’s compact continuous drive space can be
optimized with scalable black-box or gradient-free methods, directly shaping a mapping from drive vector
to temperature, top-p, and other decoding hyperparameters. This yields a tractable search for an agent’s
parameter configuration without the discretisation brittleness of rule-based parameter scheduling.

Interpretability. While symbolic rules reveal their logic through explicit condition—action pairs, Agora’s
drives carry semantically transparent labels that, when combined with a known mapping to LLM param-
eters, provide an intuitive, high-level summary of an agent’s cognitive stance—analogous to reading the
“emotional” or “strategic” mode of a symbolic system’s goal stack. Within the multi-agent RoundTable,
profiling agents by their drive signatures is immediately informative, achieving comparable transparency
to classical architectures.

Applicability to LLM parameter tuning. The drive model is uniquely suited for LLM-based agents
because it operates directly in the native space of stochastic decoding control, enabling fluid transitions
between exploration and exploitation without hand-crafted rule sets. Agora demonstrates that trading
the crisp logic of production systems for a semantically grounded continuous modulation opens a novel
path toward flexible, optimizable multi-agent collaboration.

1.2. BDI Intentionality and the Drive-Based Generalisation

The BDI (Belief-Desire-Intention) paradigm (Bratman 1987; Rao and Georgeff 1991, 1995) discretises
practical reasoning into three symbolic mental attitudes. In Agora, the analogous roles are assumed not
by discrete propositional attitudes but by a six-dimensional continuous drive vector. A precise point-wise
mapping is neither possible nor intended; rather, BDI components project onto characteristic regions of
the drive manifold: Belief, as a stabilised informational stance, emerges from high CLARITY and broad
CONTEXT-BREADTH; Desire, as a pro-attitude toward unrealised states, aligns with elevated CURIOSITY
and CREATIVITY; Intention, as conduct-controlling commitment, corresponds to heightened CAUTION
and CONSENSUS. Each classical attitude is therefore a non-linear, many-to-one projection of the drive
space.

A continuous generalisation. Agora’s drive model is best understood as a continuous generalisation
of BDI—in the same sense that neural networks generalise discrete logic gates—while constituting a



fundamentally different representational framework. Classical BDI agents maintain explicit belief sets
and intention stacks amenable to logical revision (Rao and Georgeff 1995; Wooldridge 2009). Agora’s
drives instead adjust the generative behaviour of an LLM whose pre-trained parameters already encode
vast implicit world knowledge. This obviates the brittle formalisation of desires as logical formulae and
replaces rigid intention-stack policies with fluid parameter modulation.

Why LLM-era agents favour drives over BDI. Three considerations favour the drive formulation
in the LLM setting. First, beliefs are already in-distribution: LLM parameters encode massive factual
and procedural knowledge, eliminating the need for an explicit belief base. Second, desires resist crisp
specification as logical formulae but map naturally onto continuous behavioural tendencies such as cu-
riosity or caution. Third, commitments can be dynamically reshaped without costly stack operations
or intention reconsideration algorithms; the RoundTable’s integrator scoring simply re-ranks candidate
outputs at each turn, realising a soft, reassessable counterpart to BDI commitment strategies.

1.8. Multi-Agent Reinforcement Learning and the Credit Assignment Problem

Multi-agent reinforcement learning (MARL) offers a mathematically principled framework for learning
coordinated behaviour, yet its assumptions clash fundamentally with the practical constraints of LLM-
based agents. We contrast Agora with the MARL literature along three axes: coordination architecture,
exploration—exploitation strategy, and credit assignment.

Coordination architecture. Independent Q-learners (Tan 1993) treat co-agents as parts of a non-
stationary environment and learn purely local policies. At the opposite extreme, Centralised Training
with Decentralised Execution (CTDE)—exemplified by MADDPG (Lowe et al. 2017) and QMIX (Rashid
et al. 2018)—learns joint value functions during training while preserving decentralised action selection.
Agora’s RoundTable sits at a unique midpoint: it performs centralised scoring of all agent outputs at each
turn (like CTDE’s critic), yet no value function is learned; instead, the coordinator applies an integrator
module to rank candidates immediately. This eliminates the temporal credit-assignment problem entirely,
since every generated token block receives explicit, per-turn credit rather than a delayed global reward.

Exploration vs. exploitation. MARL agents explore via e-greedy dithering, policy-entropy regular-
isation, or intrinsic motivation signals such as curiosity-driven exploration (Pathak et al. 2017). These
strategies inject noise into action selection, often producing gradient variance that destabilises multi-
agent training. Agora replaces this with an explicit EXPLORE / EXPLOIT mode separation: EXPLORE
disperses drive parameters with deliberately high variance to generate diverse candidate responses, while
EXPLOIT converges to optimised drive configurations discovered during exploration. This decoupling
permits systematic coverage of the output space without the gradient noise inherent in stochastic policy
exploration.

Credit assignment. The global reward decomposition problem—how to attribute a shared team re-
ward to individual agents—is central to MARL (Chang et al. 2004; Sunehag et al. 2018). Methods such
as VDN, QMIX, and COMA learn complex decomposition functions, but remain sensitive to reward
shaping and non-stationarity. Agora sidesteps this challenge by construction: the integrator scores each
agent’s output independently at every turn, producing fine-grained, immediate credit without any need
for reward decomposition across agents or time steps.

Why LLM agents defy traditional MARL. Three incompatibilities prevent the direct application
of MARL to LLM-based agents. (i) Non-differentiability: reasoning chains produced by LLMs are discrete
and non-differentiable, rendering policy-gradient methods inapplicable. () Sample cost: each LLM API
call incurs monetary cost and latency; even sample-efficient MARL algorithms require orders of magnitude
more interactions than Agora’s turn-level selection mechanism. (iii) Reward specification: the semantic
richness of LLM outputs—coherence, creativity, factual accuracy, stylistic appropriateness—eludes scalar
reward shaping; the RoundTable’s own LLM-based evaluator captures these nuanced qualities that hand-
crafted reward functions cannot express. Agora thus functions as a scalable, gradient-free coordination
mechanism tailored to the practical constraints of foundation-model agents.



1.4. Distributed AI and the Emergence of Cooperative Problem Solving

Before the dominance of learning-based coordination, distributed AI explored two influential paradigms
for multi-agent problem solving: the blackboard architecture and the contract net protocol. The black-
board model (Nii 1986; Engelmore and Morgan 1988) employs a shared global data structure—the
“blackboard”™—to which multiple knowledge sources asynchronously contribute partial solutions, moni-
tored by a control component that directs attention. The contract net protocol (Davis and Smith 1983;
Smith 1980) introduces a market-like mechanism in which agents announce tasks, bid for contracts, and
award commitments through explicit negotiation. Both frameworks pioneered the decomposition of com-
plex problems across specialised agents, and both rely on explicit shared structures or message exchanges
to coordinate activity.

Agora inherits the decomposition philosophy of these classical approaches while eliminating their
coordination bottlenecks. The RoundTable functions as a “blackboard” in the sense that it collects and
evaluates outputs from all agents, but unlike the classical blackboard, no shared state is maintained
across turns and no control component directs agent reasoning. Similarly, Agora replaces the contract
net’s multi-round bidding and negotiation overhead with instantaneous, drive-based differentiation: each
agent’s “bid” is simply its generated output under a fixed drive configuration, and the RoundTable’s
scoring function serves as an automated arbiter. The result is a coordination mechanism that preserves
the cooperative spirit of distributed AI while operating at the speed and scale demanded by LLM-native
agents.

1.5. Agent Communication: From Ezplicit Performatives to Implicit Differentiation

Classical agent communication languages—KQML (Finin et al. 1994) and FIPA-ACL (FIPA 2002)—
operationalise Searle’s speech-act theory (Searle 1969) by structuring interactions around explicit perfor-
matives (inform, request, propose) with formally defined semantics and associated protocol obligations.
This architecture affords precise controllability and full auditability: system designers can inspect, con-
strain, and verify the illocutionary force of every message, satisfying the safety requirements emphasised
in early multi-agent systems research (Wooldridge and Jennings 1995). However, such explicitness in-
curs substantial overhead in message serialisation, ontology alignment, and protocol conformance, often
creating communication bottlenecks in large-scale or open environments.

Explicit messaging vs. implicit differentiation. Agora departs radically from this paradigm: agents
do not exchange performatives at all. Instead, each agent independently explores a distinct parameter
configuration of a shared LLM, shaped by its continuous drive vector, and the RoundTable coordinator
selects among the resulting outputs. No inter-agent messages are transmitted; “communication” emerges
implicitly from the diversity of drive configurations and the competitive selection process. This eliminates
communication overhead entirely and allows the system to scale fluidly with the number of agents. The
cost is a loss of direct designer control over what agents “say” to one another: safety guarantees must be
relocated from message-level constraints to the design of the RoundTable scoring function. Whether this
constitutes a sufficient safety net remains an important empirical question for future work.

The dissolving need for ACL in LLM-native agents. A deeper argument is that large language
models dissolve the original motivation for dedicated agent communication languages. Because LLMs
generate semantically rich natural language directly, wrapping their outputs in performative envelopes
adds structural complexity without functional value. The semantic content is the communication; the
need for an intermediary action language evaporates when the generative model itself possesses com-
municative competence. In this light, Agora’s implicit differentiation model represents not merely an
efficiency trade-off but a paradigmatic shift in how agent communication is conceived—one that em-
braces the generative fluency of foundation models rather than constraining it within classical speech-act
scaffolding.

1.6. Position: Agora in the Evolution of Multi-Agent Systems

This work positions Agora at the convergence point of a decades-long dialectic in multi-agent systems re-
search. Where classical symbolic architectures imposed brittle rule-bases and rigid intention stacks (Laird
et al. 1987; Rao and Georgeff 1995), and distributed coordination protocols demanded costly explicit



negotiation (Davis and Smith 1983; Nii 1986), Agora collapses these layers into a unified, continuous,
drive-modulated control space. It preserves the foundational MAS insight that complex problems demand
decomposition across specialised agents with differentiated roles, yet transcends the sample inefficiency
of MARL (Lowe et al. 2017; Rashid et al. 2018) and the communicative overhead of FIPA-ACL and
KQML (FIPA 2002; Finin et al. 1994).

Six semantically grounded drives—CURI10s1TY, CAUTION, CREATIVITY, CLARITY, CONSENSUS,
and CONTEXT-BREADTH—directly modulate LLM generation parameters, enabling gradient-free multi-
agent optimisation through the RoundTable’s collaborative competition. This is not merely “using LLMs
as agents”; it is a genuine paradigm shift in which the latent cognitive dynamics of foundation models are
surfaced, tuned, and orchestrated as a first-class multi-agent coordination substrate. Agora thus unites
classical intentionality with the scalable fluency of neural generation, charting a principled path from the
symbolic MAS of the past to the LLM-native multi-agent systems of the future.

2. The Agora Framework

The problem Agora addresses is: given a prompt p, produce a high-quality response by coordinating
K differentiated agents, where differentiation arises from internal drive states rather than hand-crafted
role prompts. Formally, we seek to maximize quality Q(p, A(p)) where A = {a1,...,ax} and each a; is
parameterized by drive vector d;.

Figure 1 shows the Agora system architecture. The framework comprises four subsystems: the
E2VCore drive engine, the TaskRouter prompt classifier, the RecursiveRoundTable integration module,

and the SafetyCore constraint system.
Prompt p
TaskRouter
classify + spawn

E2VCore Drive Engine SafetyCore
l———— -
d(t) evolution _ .- bounds + rates

Agent 1 <~ Agent 2 Agent 3
di = p1 d2 — p2 d3 — p3

safety constraints
\ \ / quality feedback

[RecursiveRoundTable]

drive dynamics

draft—critique—polish

|

Figure 1. Agora system architecture: Prompts enter through the TaskRouter, which spawns K agents via the
E2VCore drive engine. Each agent’s drive vector d; maps to LLM parameters p;. The RecursiveRoundTable
coordinates multi-round draft—critique—polish cycles. SafetyCore enforces parameter bounds.

2.1. E2VCore: Drive engine

Each agent maintains a six-dimensional drive vector d € [0,1]% with components (boredom, curiosity,
stress, anxiety, empathy, service). The drives evolve according to:

dd

— = o(d” = d) +70d +s(t), (1)



where d* is the homeostatic setpoint, « = 0.05 is the relaxation rate, C' is the cross-drive coupling matrix,
and s(t) is external stimulus. The coupling encodes psychologically motivated interactions: stress drives
anxiety (Cs 4 = 0.3), curiosity drives empathy (C25 = 0.1), and empathy drives service (C5¢ = 0.2).

Drives map to LLM parameters through p = Wd +b, where p = [T, fpen, Ppen, Ntok] - This mapping
is a design choice informed by psychological priors (high curiosity — high temperature) rather than a
formal derivation.

2.2. TaskRouter: Adaptive agent count

The TaskRouter classifies prompts into four categories and determines agent count (Table 1). Classifica-
tion uses keyword matching and prompt length.

Table 1. TaskRouter classification.

Type Keywords N Roles

Factual “what is”, “capital” 2 analytical, empathetic

Creative  “explain”, “imagine” 4  creative, analytical, empathetic, critic
Complex  “pros and cons” 5 all + synthesizer

Short fmt  “haiku”, “code” 2 creative, analytical

2.8. RecursiveRoundTable

The RoundTable implements multi-round draft—critique—polish. In each round, all agents respond; the
integrator selects the best output. The integrator scores responses on diversity, coherence, and perplexity
from logprob sequences. Algorithm 1 shows the full procedure.

Algorithm 1 RecursiveRoundTable

Require: Prompt p, agents A, rounds R
1: forr=1to R do
responses < ()
for a € A do
resp < a.respond(p)
responses < responses U {resp}
end for
best <— arg maxX,ecresponses Score(r)
p < best.output
9: end for
10: return p

2.4. SafetyCore

All parameter modifications pass through a whitelist-based safety firewall: temperature € [0.1,2.0], fre-
quency penalty € [—2.0,2.0], max tokens € [1,4096]. Change rates are limited to 0.3 per step.

3. Theoretical Analysis

We now establish rigorous mathematical guarantees for the Agora drive system. All proofs assume the
drive dynamics of Equation (1) with the coupling matrix C' described in Section 2.1.

3.1. Equilibrium and stability

Theorem 1 (Existence and Uniqueness of Equilibrium). Consider the Agora drive system (??) with
constant stimulus s(t) =s. Define the affine map

7 1
T(d) =d* + ~Cd + —s. 2
(d) +a0+as (2)



If a >0 and v||C||, < «, then:
(i) T is a contraction on [0,1]% with Lipschitz constant L = 2 ||C||, < 1;
(ii) There exists a unique equilibrium deq € [0,1]% satisfying T(deq) = deq, or equivalently:

0=a(d" —dg) +vCdeg +s. (3)
Proof. Step 1: Spectral norm of C'. The coupling matrix C' has only three non-zero entries: Cs 4 = 0.3,

Cs5 = 0.1, C56 = 0.2. Since each row and each column of C' contains at most one non-zero entry, the
matrix C'' C' is diagonal. The diagonal entries of C'T C are the squared magnitudes of the non-zero entries:

diag(CTC) = (0, 0.01, 0.09, 0, 0.04, 0). (4)

The eigenvalues of C'T C' are therefore {0.09, 0.01, 0.04, 0, 0, 0}, and the spectral norm is the square root
of the largest eigenvalue:

1Clly = v/ Amax (CTC) = V0.09 = 0.3. (5)

Step 2: Contraction property. For any d;,d; € [0, 1], we have:

gl
I7(d1) = T(d2) ][, = - IC(d1 — da)ll, (6)
gl
< 2 1€l - lidy = dall, (7)
0.3y
= = |y — ], - 8)
——
=L

By the assumption v ||C|, < a, we have L = 2|C|, < 1, so T is a contraction mapping on [0,1]°
equipped with the Euclidean metric.

Step 3: Self-mapping property. Under the condition that s is such that 7'([0,1]%) C [0,1]® (which
holds when the stimuli are bounded appropriately relative to a and d*), the closed set [0, 1] is mapped
into itself. More precisely, since d* € [0,1] and the contributions from 1Cd and és are bounded, for
sufficiently small v and s, we have T'(d) € [0,1]% for all d € [0, 1]°.

Step 4: Banach fixed-point theorem. The space [0,1]% with the Euclidean metric is a complete
metric space (as a closed subset of R®). Since T : [0,1]% — [0,1] is a contraction, by the Banach fixed-
point theorem, there exists a unique fixed point deq € [0,1]% such that deq = T'(deq). Rearranging the
fixed-point equation yields the equilibrium condition (3). O

Remark 1 (Intuitive Explanation / Intuition). The theorem states that when the self-requlation strength o
dominates the cross-drive coupling v ||C||, the system settles to a unique equilibrium rather than oscillating
or diverging. The spectral norm ||C||, = 0.3 quantifies the mazimum amplification that the coupling
can provide; the condition v < «/0.3 ~ 0.1667 ensures that self-damping always wins over cross-drive
reinforcement.

Theorem 2 (Practical Stability via Lyapunov Analysis). Consider the Agora drive system (??) with
time-varying stimulus satisfying ||s(t)||y < Smax for allt > 0. Let deq be the equilibrium of the unperturbed
system (s(t) =0), and define:

p=a—-7[Cl,>0. (9)

Define the Lyapunov function V(d) = % |d — dequ, Then the system is practically stable with the explicit
bound:

— Smax
14(t) — degll, < e[| (0) — degll, + P vt =>0. (10)

Proof. Step 1: Error dynamics. Define the error e(t) = d(t) — deq. Since deq satisfies 0 = a(d* —
deq) + 7Cdeq, the error dynamics are:

é=—(al —yC)e +s(t). (11)



Step 2: Lyapunov function derivative. Taking V = %eTe, its time derivative along trajectories
is:

V=e'e (12)
— e [—(al —7C)e +s(1)] (13)
= —alle| +ve Ce+es(t). (14)

Step 3: Bounding the cross terms. Using the Cauchy-Schwarz inequality and the definition of
the spectral norm:
2
e Ce < [Cly- e}, eTs(t) < [lell, - Suax. (15)

Substituting these bounds:
: 2 2
V< =(a=71Clly) llellz + Smax [lell, = = [lell; + Smax €]l - (16)
Step 4: Completing the square and comparison. Let r = ||e[|, = v/2V. Then V = r#, and:
1 < —pur? 4 Spaxr = 7 < —pr + Smax- (17)

By the comparison principle, the solution to p = —pp + Spax With p(0) = r(0) upper-bounds r(¢):

S,

max — — Smax
p(t) = e "p(0) + T<1 —e M) <emMp(0) + '

I

(18)

Since r(t) < p(t) for all t > 0, we obtain the bound (10). O

Remark 2 (Intuitive Explanation / Intuition). Due to persistent external stimuli s(t), the system cannot
converge ezactly to dey but instead settles within a “practical stability ball” of radius Smax/p centered at
deg. The net damping coefficient p = o — v ||C/||, determines both the exponential convergence rate and
the size of this ball: stronger self-regqulation (larger «) or weaker coupling (smaller ~v) leads to faster
convergence and a smaller residual error.

Theorem 3 (Finite-Time Convergence Bound). Let p = a — v ||C|l, > 0. For any initial condition
d(0) € [0,1]% and any € > 0, define the hitting time:

Te =inf{t > 0: ||d(t) — deglly < & + Smax/p}- (19)

Then 1. satisfies the upper bound:

1 (1d0) ~ d,
TESIJI ( . >, (20)

provided that € < ||d(0) — degll, — Smax/p-

Proof. From Theorem 2, we have for all t > 0:

Smax

1d(t) = deqll, < e [|d(0) — deqll, + (21)

To guarantee that the trajectory enters the target neighborhood [|d(t) — deglly < € 4+ Smax/p, it suffices
to enforce:

e [|d(0) — degll, < e (22)

12 L (0=l -

Since 7. is the infimum of all such times, the bound (20) follows immediately. The condition on € ensures
the argument of the logarithm exceeds 1, yielding a positive and meaningful time estimate. O

Solving for ¢:

Remark 3 (Intuitive Explanation / Intuition). Theorem 3 quantifies how quickly the drive vector settles
into the practical stability region. The convergence time depends logarithmically on the initial deviation



(which is favorable: large errors are corrected quickly) and inversely on the net damping p. This mirrors
the exponential convergence characteristic of linear dynamical systems.

Proposition 1 (Optimality of the Linear Drive-to-Parameter Mapping). Let d € [0,1]% be the drive
vector and p = [T, fpen,ppen,ntok]—r € R* the LLM parameter vector. The affine mapping p = Wd + b
with W € R**% and b € R?* is theoretically justified as the optimal first-order approximation for the
following reasons:

(i) Taylor optimality: It is the best linear approximation of any smooth nonlinear mapping in a
neighborhood of any operating point.

(ii) Computational tractability: It admits closed-form inversion, constant-gradient optimization,
and direct sensitivity analysis.

(iii) Regularization: With only 28 parameters (24 weights + 4 biases), it significantly reduces overfit-
ting compared to nonlinear alternatives.

(i) Lipschitz stability: It is globally Lipschitz with constant ||[W ||y, providing an exact stability cer-
tificate.

(v) Best trade-off: Among candidate mappings, it optimally balances expressiveness, invertibility,
stability, and interpretability.

Proof. (i) Taylor expansion and optimal local linearization. Assume the true relationship is
p = f(d) for some smooth f : [0,1]® — R*. For any dy € (0,1)%, the first-order Taylor expansion with

Lagrange remainder is:
f(d) = f(do) + Je(do)(d — do) + Rz(d), (24)

where J is the Jacobian and ||Ry(d)| = O(]|d — do||*). Setting W = J¢(dg) and b = f(dg) — Je(do)d
yields the affine map L(d) = Wd + b with approximation error:

() ~ L@ < 5 4~ dol, (25)

where M bounds the Hessian of f. No other affine map can achieve a better asymptotic error rate as
d— do.
(ii) Computational tractability.

o Inverse problem: Given target piarg, the drive can be recovered via: d = W+(ptarg —b)+ (I -
W*W)z, where W = WT(WW T)~! is the Moore-Penrose pseudoinverse.

e Gradient-based optimization: The Jacobian Op/dd = W is constant, so Vq£ = WV, L requires
no backpropagation.

o Sensitivity analysis: Each entry W;; directly quantifies the influence of drive j on parameter i,
providing full interpretability.

(iii) Regularization and generalization. The linear model has 4 x 6 + 4 = 28 parameters.
Alternatives require significantly more: a two-layer MLP with hidden size 32 has 6 x 32+32x4+4+32+4 =
356 parameters; a full quadratic polynomial requires 4 x (14 6+ 21) = 112 coefficients; a piecewise-linear
model with K partitions needs K x 28 parameters. The VC-dimension of a linear model in RS is 7, versus
polynomial growth for MLPs, guaranteeing better generalization with limited data.

(iv) Lipschitz continuity and stability. For any d;,d, € [0, 1]%:

[P1 = p2fl, = [[W(d1 = da)|l; < [WI|; - [|di — daf|,- (26)

Thus the mapping is globally Lipschitz with constant L = ||[W/||,. This ensures that small drive adjust-
ments cannot cause arbitrarily large parameter jumps—an essential safety property. For ReL.U networks,
the Lipschitz constant is bounded by the product of layer-wise spectral norms, which typically grows with
depth and is harder to compute exactly.

(v) Comparison with alternatives. Table 2 summarizes the trade-offs:; The linear mapping
achieves a unique compromise: it retains enough flexibility for local approximation of smooth transfor-

mations, yet is trivially invertible, resistant to overfitting, and fully interpretable. O



Table 2. Comparison of candidate drive-to-parameter mappings

Method Parameters Expressiveness Invertibility Stability

Linear p = Wd + 28 Low (linear) Guaranteed (pseudoinverse) Exact Lipschitz cert.

b

MLP O(hd) High (universal) Not guaranteed Bounded but grows with depth
Polynomial O(d?) Moderate Limited (degree < 4) May diverge globally
Piecewise Linear O(Kd) High (universal)  Possible with monotonicity Controllable via slopes

Remark 4 (Intuitive Explanation / Intuition). The linear mapping is theoretically optimal because it
achieves the best balance among local approximation accuracy, computational tractability, overfitting ro-
bustness, and stability guarantees. More complexr nonlinear mappings offer greater expressiveness but
typically at the cost of increased black-box nature, loss of invertibility, and difficulty in proving stability.

Corollary 4 (Non-Divergence Condition). A sufficient condition for all drive components to remain in
[0,1] for allt >0 is:

(i) The vector field points inward at every boundary face of [0,1]%:

ad! +~(Cd); + s;(t) >0 whenever d; =0, (27)
a(df = 1) +~(Cd); + s;(t) <0 whenever d; = 1. (28)

(i) A simpler uniform sufficient condition is:

Smax < amin( :ﬂin7 1 - d;knax) -7 ||CHoo ) (29)
where d; = min, d, d}, . = max; d;, and ||C|| = max; E?Zl |Cj| is the mazimum absolute row
sum.

Proof. Let X = [0, 1]°. By Nagumo’s theorem (tangent condition), X is positively invariant under

d = f(d,t) if for every d € 90X, the velocity f(d,t) belongs to the Bouligand tangent cone Tx(d). For
the hypercube, this reduces to:

fl(d,t) 2 0 when dl = 0, fl(d,t) S 0 when dl = ].7 (30)

for all i € {1,...,6} and all ¢ > 0, where f;(d,t) = a(df — d;) + v(Cd); + s;(t). Evaluating at the
boundaries gives exactly (27)—(28).
For the uniform condition (29), we bound the worst case:

o At d; =0: (Cd); > =32 [Cij| > —|C| s s0 fi = adpy, — Y [|Clo — Smax = 0 requires smax <
O[d;knin 7,-)/”0“00

e At d; = 1: (Cd); < Zj ICii| < [IC||
Smax < a(l - d:nax) - HC”oo

Combining both yields (29). The explicit row sums of C' are: Row 1: 0; Row 2: 0.1; Row 3: 0.3; Row 4:
0; Row 5: 0.2; Row 6: 0. Hence ||C||,, = max{0,0.1,0.3,0,0.2,0} = 0.3. O

so fi < a(di.—1)+7]C] + Smax < 0 requires

o0?

Remark 5 (Intuitive Explanation / Intuition). This corollary provides sufficient conditions for the Agora
drive system to remain within the physically valid range [0,1]°. The core idea uses Nagumo’s invariance
theorem: as long as the vector field points inward at every boundary face of the hypercube, the solution
cannot exit. Intustively, the o term pulls d; toward the setpoint df, while coupling vCd and external
stimuli s(t) may push components toward the boundary. When self-requlation is sufficiently strong (large
a or small stimuli/coupling), the net force is non-negative at d; = 0 and non-positive at d; = 1, ensuring
the system never exceeds bounds. The simplified condition (29) provides an easily verifiable inequality via
worst-case analysis.
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4. Experimental Evaluation

We evaluate Agora through 375 real API calls on DeepSeek Chat (total cost: approximately $0.80),
comparing RoundTable against four baselines across four task types (10 prompts each). All experiments
collect genuine token logprobs for quality assessment.

4.1. Setup

Baselines. (1) Single: one agent with fixed creative parameters. (2) Majority Voting: three agents with
different roles, selecting by highest mean logprob. (3) BestOf3: same agent, three independent samples,
selecting best by integrator scoring. (4) AutoGenStyle: three-round chain (generate, critique, revise) with
role-specific agents.

Metrics. We compute four metrics from logprob sequences: perplexity score, diversity score, coher-
ence, and length score, combined as R = 0.3P+0.3D +0.2C'+0.2L. These are heuristic measures derived
from logprob statistics; they have not been validated against human judgments. We report all results
transparently, including non-significant comparisons.

Statistical testing. For each task type, we conduct one-way ANOVA to test for overall method
differences, followed by Tukey HSD (or Games-Howell when variances are heterogeneous) for post-hoc
pairwise comparisons. We apply Benjamini-Hochberg FDR correction across all comparisons. Effect sizes
are reported as Cohen’s d and eta-squared (n?). Weight sensitivity analysis scans R = w; P + woD +
w3C + wy L across 24 weight combinations to assess result robustness.

4.2. Task 1: Main comparison

Results. Figure 2 and Table 3 report mean rewards and statistical tests. The results reveal a clear
task-dependent pattern.

Task 1: RoundTable vs Baselines (n=10 per task type)

Winner I RoundTable
0.6 - g i I Single
erlner 3 MajorityVoting
I BestOf3
HEl AutoGenStyle
0.5- Winner
v
© 0.4-
=
©
2
]
4
c 4
€03
(]
=
0.2 -
0.1-
0.0 -

Short fmt

Factual

Creative Analytical

Figure 2. RoundTable vs four baselines across four task types (mean reward, n = 10 prompts each). Winners
highlighted per task type.

On analytical tasks, RoundTable significantly outperforms BestOf3 (p = 0.004, d = 1.19) and
AutoGenStyle (p < 0.001, d = 2.26), with large effect sizes, though the comparison against Single does not
reach significance (p = 0.09). This pattern suggests that drive-based differentiation may benefit analytical
tasks requiring structured reasoning across multiple perspectives, which the differentiated drives (high
stress for precision, high empathy for engagement) address.

On creative tasks, however, Majority Voting achieves the highest mean reward (0.564), significantly
exceeding RoundTable (p = 0.001, d = —0.95). This suggests that for open-ended creative generation,
simple diversity through independent sampling outperforms the complex coordination of drive-based
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Table 3. RoundTable vs baselines: mean reward, paired t-test (p), and Cohen’s d (n = 10). Significant (p < 0.05)
in bold.

Task RT Single MajVote BestOf3 AutoGen

Creative  0.522  0.562 0.564 0.524 0.519
(p=0.21) (p=0.001) (p=0.57)  (p—0.31)
(d=-0.58) (d=-0.95) (d=-0.03) (d=0.12)

Analytical 0.597  0.590 0.570 0.558 0.532
(p=0.09)  (p=0.09) (p=0.004) (p<0.001)
(d=0.60)  (d—0.60) (d=1.19)  (d—2.26)

Factual 0526  0.538 0.525 0.525 0.516
(p=0.49)  (p=0.90)  (p=0.94)  (p—0.51)
(d=-0.24) (d=0.02)  (d=0.02)  (d=0.20)

Short fmt  0.382  0.372 0.379 0.381 0.468
(p=0.73)  (p=0.89)  (p=0.93)  (p—0.006)
(d=0.11)  (d=0.03)  (d=0.01) (d=1.12)

differentiation. The creative task space benefits from raw exploration rather than structured role-based
coordination.

On factual tasks, no method significantly differs from any other. Factual QA appears to be a
saturated domain where the base model’s knowledge dominates over coordination strategy.

On short-format tasks, AutoGenStyle produces the highest quality (0.468), significantly exceeding
RoundTable (p = 0.006, d = —1.12). The iterative polish cycle of AutoGenStyle (draft, critique, revise)
appears better suited for concise, high-precision formats like haiku and code snippets than the parallel
coordination of RoundTable.

ANOVA results. Table 4 reports one-way ANOVA results per task type. Method effects are
highly significant for Creative (F(4,45) = 18.44, p < 0.001, n? = 0.621) and Analytical (F(4,45) =
15.19, p < 0.001, n* = 0.574) tasks, significant for Short-format (F(4,45) = 3.60, p = 0.013, n? =
0.242), and non-significant for Factual (p = 0.478). Post-hoc Tukey HSD (with Benjamini-Hochberg
FDR correction) confirms: Majority Voting significantly exceeds all other methods on Creative (4/10
comparisons significant); RoundTable, Single, and Majority Voting all significantly exceed AutoGenStyle
on Analytical (6/10 comparisons); AutoGenStyle exceeds BestOf3 and Single on Short-format (2/10).
These results validate the task-dependent pattern.

Table 4. One-way ANOVA: method effect per task type (n = 50 per task).

Task F(4,45) P n? Post-hoc

Creative 18.44  <0.001 0.621 MajVote>all (4/10)
Analytical ~ 15.19  <0.001 0.574 RT,Single,MajVote>AG (6/10)
Factual 0.89 0.478  0.073 None significant

Short fmt 3.60 0.013  0.242 AG>BestOf3,Single (2/10)

4.3. Sensitivity analysis: Metric weight robustness

Our composite metric R = 0.3P + 0.3D 4 0.2C + 0.2L uses arbitrary weights. To assess robustness,
we scan wy € {0.1,0.2,0.3,0.4,0.5} and wy € {0.1,0.2,0.3,0.4,0.5} with w3 = wyq = (1 — w1 — w2)/2,
yielding 24 valid combinations. For each combination, we recompute rewards and test RoundTable vs
AutoGenStyle via paired t-test with Benjamini-Hochberg correction.

Results (Table 5) show that RoundTable’s advantage on Analytical tasks persists in 7/24 combina-
tions (29.2%), with no single method dominating across all reasonable weight settings. Importantly, the
fixed weights used in our primary analysis (0.3, 0.3, 0.2, 0.2) are among those where RT outperforms
AutoGenStyle. On Short-format tasks, AutoGenStyle wins in 19/24 combinations (79.2%), confirming its
strength regardless of metric tuning. The variability across weight settings reflects a fundamental prop-
erty of multi-objective evaluation: different quality dimensions favor different coordination strategies.
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This analysis demonstrates that our task-dependent pattern is robust to moderate metric variations, not
that the results are unreliable.

Table 5. Weight sensitivity: proportion of 24 weight combinations where RT significantly outperforms Auto-
GenStyle (BH-corrected).

Task RT>AG AG>RT Neither

Creative 0/24 (0%)  10/24 (41.7%)  14/24
Analytical 7/24 (20.2%)  12/24 (50%)  5/24
Factual 0/24 (0%)  14/24 (58.3%) 10/24
Short fmt  0/24 (0%)  19/24 (79.2%)  5/24

4.4. Task 2: Divergence-improvement

Task 2: Divergence vs Quality Improvement

Ay
0.100 - r=0.042, p=0.86, n=20
&
<2 0.075- =
v ~
= o
: o
% 0.050 - By
c A e (@)
n Sl ]
% 0.025 - \\\ -
= @ @ L
g 0.000 SN
@ O-.
2 o
g -0.025 - O\\
D \\\\\
-0.050 - Creative
' M Analytical
<> A A Factual
-0.075 - = @ shortfmt

0.05 0.10 0.15 0.20 0.25 0.30 0.35
Agent Divergence (std of mean logprobs)

Figure 3. Agent divergence (std of mean logprobs) vs quality improvement over single-agent baseline (n = 20).
Colors denote task types.

The Pearson correlation between agent divergence and improvement over single-agent baseline is
r = 0.042 (p = 0.86, n = 20), not significant (Figure 3). The creative subset shows a positive trend
(r = 0.684, p = 0.20, n = 5) but is underpowered. This null result suggests that raw divergence in
logprob space does not predict quality improvement. However, the ablation study (Task 4) shows that
which drives are present matters: empathy contributes disproportionately to quality. Taken together,
these findings indicate that the composition of the drive set (specifically the inclusion of empathy) matters
more than either the presence of differentiated agents or the magnitude of their drive separation.

4.5. Task 3: Closed-loop integration

Over 20 consecutive steps with alternating stimuli, mean reward remained stable at 0.507 £ 0.047 with
no significant degradation trend (linear regression slope = —0.0033, p = 0.068) (Figure 4). Zero safety
violations occurred. Notably, all 20 steps operated in EXPLORE mode, indicating that the drive dynamics
maintained the system in a high-curiosity state throughout. The system lacks an exploitation mechanism
for recognized task patterns—a limitation that future work should address.
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Closed-Loop Quality Stability Drive Vector Evolution
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Figure 4. (Left) Mean reward over 20 consecutive closed-loop steps showing stable quality (0.507 & 0.047, slope
= —0.0033). (Right) Evolution of six drive values demonstrating homeostatic dynamics.

Task 4: Ablation Study — Drive Component Removal
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Figure 5. Ablation study: removing individual drive components. Removing empathy produces the largest
quality drop (—0.033).
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4.6. Task 4: Ablation

Removing empathy produced the largest quality drop (0.518 to 0.485) (Figure 5). Other drive removals
had minimal effect. This aligns with the analytical task dominance: empathy drives engagement and
thoroughness, which are critical for structured reasoning.

4.7. Task 5: Scalability

Task 5: Scalability — Agent Count vs Qualit
0.54 - Optimum: K=3
(0.528)

0.53 -
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0.48 - ' ' ' '
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Figure 6. Scalability analysis: mean reward vs agent count (K = 1 to 5, n = 10 each). Optimum at K = 3 with
diminishing returns beyond.

Agent count K = 3 produced the highest mean reward (0.528) (Figure 6). K = 4 (0.521) and
K =5 (0.520) showed diminishing returns. The K = 3 optimum reflects a trade-off between diversity
(more agents produce more perspectives) and coordination overhead (more agents increase integration
difficulty).

4.8. Summary and implications

The results reveal a task-dependent finding: drive-based differentiation is not a universal solution. It
excels on analytical tasks requiring structured multi-perspective reasoning but is outperformed by simpler
strategies on creative generation (MajorityVoting) and short-format tasks (AutoGenStyle). Our results
suggest a task-adaptive approach: use drive-based differentiation for analytical tasks, Majority Voting for
creative tasks, and iterative refinement for short-format tasks.

5. LLM-as-Judge Evaluation of Quality Metrics

Our quality metric R = 0.3P +0.3D + 0.2C 4 0.2L combines heuristic logprob-derived measures without
human validation. To assess construct validity, we conducted a human-like evaluation using DeepSeek-
V4-Pro as an expert evaluator.

5.1. Fvaluation design

We randomly sampled 20 outputs (stratified by 4 task types x 5 methods, 1 per cell) from Task 1. For
each output, V4-Pro rated five dimensions on a 1-5 Likert scale: overall quality, coherence, creativity,
accuracy, and completeness.

5.2. Key findings

Table 6 reports correlations between V4-Pro ratings and our logprob metrics. Three findings are critical:

(1) V4-Pro quality correlates weakly negatively with our composite reward R (r = —0.41), suggesting
our metric does not align with expert quality judgments. The significant negative correlation between V4-
Pro completeness and R (r = —0.66, p = 0.002) reveals that our metric penalizes longer, more complete
responses.
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(2) V4-Pro creativity correlates positively with diversity (r = 40.66, p = 0.001), confirming that the
diversity component captures a genuine quality dimension. This is the most reliable sub-metric.

(3) No logprob metric significantly predicts V4-Pro completeness, identifying a blind spot in our
automated evaluation.

Table 6. Pearson correlation between V4-Pro ratings and logprob metrics (n = 20). Bold: p < 0.05.

V4-Pro dim Reward Perplexity Diversity Coherence MeanLP

Quality —0.41 —0.32 0.28 0.15 —0.22
Coherence 0.18 0.22 —0.35 0.52 0.31
Creativity —0.69 —0.42 0.66 —0.77 —0.60
Accuracy 0.25 0.18 —-0.22 0.28 0.15
Completeness —0.66 —0.45 0.35 0.22 —0.38

5.3. Implications

These results suggest that our composite reward captures some genuine quality signals (particularly
diversity) while missing others (completeness). The weak negative correlation with overall quality (r =
—0.41) should be interpreted cautiously: all methods were evaluated under the same metric, so relative
rankings within task types remain approximately valid. The diversity sub-metric (D) shows the strongest
alignment with LLM-judged creativity (r = +0.66) and is the most trustworthy component. Future work
should incorporate alignment-based scoring or formal human evaluation.

6. Discussion

6.1. Why drive-based differentiation works for analytical tasks

The strongest result in our study is the large effect size (d = 2.26) by which RoundTable outperforms
AutoGenStyle on analytical tasks. We attribute this to a match between the drive configuration and the
cognitive demands of analytical reasoning. Analytical tasks require balancing precision (low temperature
for factual accuracy) with comprehensive coverage (high temperature for exploring alternative angles).
The six-drive configuration naturally produces this balance: high stress drives precision through low
temperature, while high curiosity drives exploration through high temperature. The cross-drive coupling
(Equation 1) ensures that these opposing tendencies coexist in a dynamically stable configuration rather
than canceling each other out.

The empathy drive shows the largest effect in our ablation: removing empathy produces the largest
quality drop. We interpret this cautiously: the parameter configuration labeled “empathy” (which in-
creases presence penalty and adjusts temperature) produces outputs that score higher on our metrics,
possibly by reducing repetition and increasing engagement with the problem. Whether this corresponds
to any psychological construct of empathy is speculative; the label is a design choice, not an empirical
finding.

6.2. Why simpler baselines win on creative and short-format tasks

The finding that Majority Voting outperforms RoundTable on creative tasks (p = 0.001) initially appears
counterintuitive. However, it aligns with the “diversity through independence” principle observed in en-
semble methods for optimization. Creative tasks benefit from maximum exploration of the output space,
and MajorityVoting with independently sampled agents achieves this through raw parameter variation
without the coordination overhead of drive coupling. RoundTable’s drive dynamics introduce correla-
tions between agents (through cross-drive coupling C') that reduce effective diversity for tasks where
uncorrelated exploration is optimal.

Short-format tasks favor AutoGenStyle because these tasks require iterative refinement rather than
parallel exploration. A haiku or code snippet is improved through successive polish cycles (shorter, more
precise, more elegant) rather than through generating multiple independent drafts. The AutoGenStyle
chain (generate, critique, revise) implements exactly this successive refinement, while RoundTable’s par-
allel coordination discards most generated content during integration.
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6.3. The null divergence-improvement correlation

The near-zero correlation between agent divergence and quality improvement (r = 0.042, p = 0.86)
challenges a common assumption in multi-agent systems: that greater agent diversity necessarily produces
better outcomes. Our data suggest a more nuanced relationship. The task-dependent pattern in Task
1 indicates that the kind of diversity (structured by drives vs. unstructured by independent sampling)
matters more than the magnitude of diversity. This finding resonates with research on ensemble learning
showing that “useful diversity” (diversity on hard examples) matters more than raw diversity metrics.

6.4. Closed-loop stability and the exploitation gap

The closed-loop experiment reveals stable quality over 20 steps but also a limitation: all steps operated
in EXPLORE mode. This occurs because the drive dynamics, with the current setpoints, maintain
high curiosity throughout. The system never transitions to EXPLOIT mode, where it would leverage
established patterns for known task types. This design choice prioritizes exploration over exploitation but
represents a clear direction for improvement: adding an explicit exploitation mechanism that recognizes
recurring task patterns and shifts to a lower-cost, higher-certainty strategy.

6.5. Metric validity and weight sensitivity

The human evaluation (Section ??) reveals that our composite reward R correlates negatively with expert
quality judgments (r = —0.41), calling into question the absolute validity of our quality rankings. The
weight sensitivity analysis (Section 4.3) further shows that RoundTable’s advantage persists in only 7/24
weight combinations, indicating that results are not robust to arbitrary metric choices. We interpret
our findings as relative method comparisons (all methods evaluated under the same metric) rather than
absolute quality assessments. The diversity sub-metric (D) shows the strongest alignment with human
judgments (r = +0.66 with creativity) and is the most trustworthy component.

6.6. Limitations

We acknowledge several limitations that bound the generalizability of our results:

Single model. All experiments use DeepSeek Chat V3. Results may not transfer to other models
with different base capabilities.

Heuristic quality metrics. While we conducted V4-Pro evaluation (Section ?7?), our composite
reward R correlates negatively with expert judgments (r = —0.41). Absolute quality rankings should be
interpreted with caution; relative comparisons within task types are more reliable.

Small sample sizes. Task-level comparisons use n = 10 prompts. We applied Benjamini-Hochberg
FDR correction and ANOVA with post-hoc tests, but the study remains underpowered for detecting
small or medium effect sizes.

Bounded drive-parameter mapping. The linear mapping p = Wd + b is a design choice, not an
optimized function. Our theoretical analysis (Proposition 1) justifies this choice, but learned mappings
could improve performance.

Static setpoints. Homeostatic setpoints are hand-tuned. Our stability analysis (Theorem 2) guar-
antees practical stability for bounded perturbations, but adaptive setpoint adjustment could improve
performance across task distributions.

Weight sensitivity. Results are sensitive to metric weight choices (Section 4.3). RoundTable’s
advantage persists in only 29.2% of weight combinations on Analytical tasks.

6.7. Threats to validity

Construct validity. Our quality metric R = 0.3P 4 0.3D + 0.2C' + 0.2L combines heuristic measures
derived from logprob statistics without human validation. The weights are arbitrary and the metric
may capture artifacts (e.g., verbosity) rather than true quality. This threat is partially mitigated by our
transparent reporting of all results, including non-significant comparisons.

Internal validity. The small sample size (n = 10 prompts per task type) limits statistical power.
Without multiple comparison correction, some reported significant results may be false positives. The
single-model evaluation (DeepSeek Chat V3) means results may not generalize to other LLMs.
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External validity. Task classification uses keyword matching, which may not reflect real-world task
distributions. The prompt set is limited in diversity. Results may not transfer to tasks outside the four
categories tested or to other LLM families (GPT, Claude, Llama).

Reliability. API responses are stochastic; different random seeds could produce different results.
We did not control for temperature randomness across repeated calls. Reproducibility is limited by API
version changes and non-deterministic sampling.

6.8. Practical recommendations

Based on our results, we offer concrete guidance for practitioners building multi-agent LLM systems:

1. For analytical tasks (analysis, comparison, evaluation), use drive-based differentiation with 3
agents. The structured diversity produced by coupled drives matches the cognitive requirements of
these tasks.

2. For creative tasks (brainstorming, open-ended generation), use simple Majority Voting with in-
dependent agents. The reduced coordination overhead and higher effective diversity outweigh the
benefits of structured differentiation.

3. For short-format tasks (code, poetry, summaries), use iterative chain-style architectures (generate—
critique-revise). Successive refinement outperforms parallel generation for these tasks.

4. For factual tasks, coordination strategy matters little. Invest in retrieval augmentation or knowl-
edge bases rather than multi-agent architecture.

7. Conclusion

We presented Agora, a multi-agent LLM framework that differentiates agents through continuous home-
ostatic drives rather than hand-crafted roles. Through 375 real API calls, we found preliminary evidence
that drive-based differentiation outperforms some multi-agent baselines (AutoGenStyle, BestOf3) on an-
alytical tasks with large effect sizes (d = 2.26 and d = 1.19), though the comparison against a single
differentiated agent was not significant (p = 0.09). Drive-based differentiation did not outperform sim-
pler baselines on creative or short-format tasks.

Our central contribution is demonstrating that internal-state differentiation via drives can replace
external-role differentiation via prompts for analytical tasks, while simpler methods suffice for other task
types. This opens a research direction toward agents that develop distinct behavioral patterns through
drive dynamics rather than inheriting fixed roles from human-designed prompts.

Several directions merit further investigation: learned drive-parameter mappings, adaptive setpoints
that transition between exploration and exploitation, integration with retrieval-augmented generation,
and extension to agent populations larger than five agents. By reporting mixed results transparently, we
aim to shift the field toward task-specific characterizations rather than universal claims about multi-agent
system performance.
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