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EVOTAC: A SELF-EVOLVING LLM AGENT FOR ELIC-
ITING REUSABLE TACIT NEGOTIATION HEURISTICS
FROM TERMINAL OUTCOMES

Runjie Shen Zhilong Li Bingzhe Wu∗

ABSTRACT

We propose EvoTac, an LLM-based framework for real-world negotiation that
converts sparse terminal outcomes into reusable tacit experience without fine-
tuning the base model. It continuously adapts to changing opponents and scenarios
through a simple predict–reflect–update loop, using decoupled layered memory to
represent the agent’s constraints, observed opponent behavior patterns, and persis-
tent hypotheses about opponent stance/type. Experiments on a real-world online
marketing negotiation task (predicting final commission rates) show that EvoTac
outperforms traditional models and multiple LLM baselines in prediction accu-
racy and first-round offer hit rate.

1 INTRODUCTION

In complex strategic settings such as climate policy Liu et al. (2025), financial markets Bajari et al.
(2007), and the internet economy Edelman et al. (2007); Varian (2007); Rong et al. (2015), out-
comes hinge on whether agents can form mutually consistent expectations and settle on stable, self-
consistent behavior. However, in real negotiations, what enables such stability is often not a one-off
“best” strategy, but a set of reusable, situation-conditioned heuristics distilled from experience:
what terms the counterparty can accept, when they concede, what triggers regime shifts, and which
trade-offs are consistently valued. Turning observed negotiation trajectories and terminal outcomes
into such transferable heuristics is therefore a practical capability beyond equilibrium computation:
it supports policy coordination, risk pricing, market design, and platform governance, and enables
negotiation systems to generalize across high-dimensional, non-stationary environments.

Existing approaches—classical numerical methods, supervised learning, and multi-agent reinforce-
ment learning (MARL)—can work well in structured settings, but in real-world negotiations they
often fall short in (i) capturing tacit strategic regularities that are only revealed through delayed out-
comes, (ii) providing interpretable rationales that can be reused as decision heuristics, and (iii) trans-
ferring effectively across changing or out-of-distribution scenarios. In particular, many learning-
based methods ultimately output a policy or a prediction, while leaving the core question unan-
swered: what reusable strategic rules have been learned from outcomes, and how are they updated
when outcomes contradict expectations?

Large language models (LLMs) open a new route to interpretable strategic modeling: they can ex-
press decision rationales in natural language and may exhibit robustness under distribution shift.
Prior work supports this promise in complex games: Cicero combines language-based negotiation
with strategic reasoning to produce interpretable decisions Bakhtin et al. (2022), and DipLLM Xu
et al. (2025) decomposes decision-making in Diplomacy into unit-level serialized action selection
and iteratively generates strategies via next-token prediction. Yet most existing approaches still treat
LLMs primarily as strategy generators or static knowledge bases, lacking an endogenous mech-
anism that uses sparse, delayed terminal outcomes to extract, validate, and refine the underlying
heuristic-like representations that drive stable agreements.

We observe that, in real negotiations, the key drivers of stable outcomes are often not explicit rules
but tacit heuristics that can be repeatedly validated and corrected through experience. Negotiation
failures frequently stem from overlooking or misestimating latent counterparty-side factors—for ex-
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Figure 1: EvoTac motivation: Why tacit knowledge matters for negotiation and heuristic elicitation
from outcomes.

ample, the opponent’s stance, an evolving acceptable range, deadline sensitivity under pressure,
trade-off valuation across price and non-price clauses, and switching conditions that trigger abrupt
regime shifts or exit. Without sufficient tacit heuristics about the opponent, proposed terms can be
systematically misaligned with what the opponent can actually accept, leading to slow convergence
or failed deals as shown in Figure 1 (A). In contrast, if an agent can reflect on deviations between ex-
pected and realized outcomes and continually update its internal heuristic set, it can better anticipate
equilibrium-like reactions, adapt to shifts in counterparties, and reach agreements more efficiently.

Motivated by this observation, we propose EvoTac: a cognitively inspired, LLM-based framework
that continuously elicits and evolves reusable social tacit heuristics from terminal feedback in real
negotiation settings. Importantly, EvoTac is not designed to merely predict a strategy or an outcome.
Instead, its primary objective is to construct a computable, interpretable, and updateable heuristic
base that summarizes what has been learned from real negotiation outcomes. Predicting equilibrium-
like strategies or terminal results is treated as a downstream application—a way to operationalize
and empirically validate whether the elicited heuristics are correct, reusable, and adaptive.

Concretely, EvoTac comprises three tightly coupled modules that form a self-evolving pre-
dict–reflect–update loop across offline and online phases Gao et al. (2025); Lin et al. (2025); Luo
et al. (2025). A self-evolving decoupled memory module explicitly stores tacit heuristics that shape
negotiation outcomes, organizing long-term information about self strategy, opponent behavior, and
opponent types into a multi-layer structure. Building on this, an experience reflection module aligns
the agent’s heuristic-implied expectations with realized terminal feedback after each negotiation,
leveraging the model’s reasoning traces to diagnose which heuristic assumptions failed and why.
The resulting diagnostic signals are then consumed by a memory management module, which per-
forms structured updates over the multi-layer heuristic memories via atomic operations such as
creation, reinforcement, correction, merging, and retirement, thereby enabling continual adaptation.

We evaluate EvoTac in a large-scale real-world online marketing scenario. To provide a measur-
able downstream task, we instantiate evaluation as a regression problem over the final commis-
sion rate negotiated between brands and influencer promoters. Using the same base LLM, we
compare against multiple baselines, including traditional supervised learning models, long-context
LLMs without explicit memory, LLM agents with single-layer memory or standard table-based re-
trieval/RAG, and an EvoTac variant with memory constructed only offline. Experimental results
demonstrate that by explicitly modeling and dynamically evolving decoupled multi-layer mem-
ories as reusable tacit heuristics, language models can acquire a computable form of social tacit
knowledge from terminal outcomes without updating base parameters. This heuristic-centric rep-
resentation yields interpretable and robust equilibrium-like recommendations, improves negotiation
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efficiency and transaction success rates, and provides a methodological foundation for building ne-
gotiation agents with social competence and continual learning capabilities.

2 RELATED WORK

Related work on real-world negotiation and games broadly falls into three lines: (i) numerical equi-
librium computation and early supervised learning, (ii) multi-agent reinforcement learning, and (iii)
LLM-driven self-play and memory-augmented agents. Unlike equilibrium computation or one-
shot policy prediction, our focus is on extracting and evolving reusable, situation-conditioned tacit
heuristics from sparse terminal outcomes.

Numerical equilibrium computation and early ML. Classical work formalizes games and
solves (or approximates) equilibria, from Lemke–Howson to bounded-rationality concepts such as
QRE Lemke & Howson (1964); McKelvey & Palfrey (1995). These methods are reliable when
utilities, strategy spaces, and information structures are well-specified, but real negotiations rarely
expose such complete structure. Early ML instead fits mappings from context to outcomes, offering
strong baselines under stable distributions but degrading under opponent heterogeneity and mech-
anism drift; updates typically require offline retraining and provide limited interpretability under
terminal-only feedback.

Multi-agent reinforcement learning (MARL). MARL operationalizes equilibrium approximation
and best-response learning through self-play. Methods such as PSRO, NFSP, and Deep CFR scale
policy-space search and self-play iteration to produce strong approximate equilibria in complex
adversarial settings Lanctot et al. (2017); Heinrich & Silver (2016); Brown & Sandholm (2019),
enabling milestone systems including AlphaStar and OpenAI Five Vinyals et al. (2019); Berner
et al. (2019). However, real-world negotiation often lacks high-fidelity simulators and dense step-
level rewards, providing only terminal outcomes with unobserved trajectories; this makes it hard to
run faithful self-play or to continuously adapt from deployment feedback.

LLM-driven self-play and hybrid augmentation. LLMs represent states, histories, and con-
straints in language space, enabling strategy generation with readable rationales and reducing re-
liance on explicit structural specification. Systems such as Cicero combine language-based negoti-
ation with strategic reasoning, demonstrating scalable decision-making and explanation in complex
games Bakhtin et al. (2022). Recent hybrid paradigms integrate self-play or preference optimiza-
tion with tools and explicit memory to incorporate terminal feedback under deployment constraints,
including tool-augmented negotiation agents with adaptive opponent modeling Kwon et al. (2025),
self-play-style optimization toward stable strategies Wu et al. (2024), and compressing failures into
reusable heuristics via reflection and memory Shinn et al. (2023); Packer & Fang (2023).

A growing line on LLM self-evolution systematizes what evolves (policies/tools/memory/data),
which feedback drives evolution, and how to evaluate and govern safety Gao et al. (2025). Collec-
tively, these works suggest that static prompting or retrieval is insufficient under long-term opponent
drift and mechanism changes; instead, a closed loop of “terminal feedback → attributable diagno-
sis → structured updates” is key for accumulating and correcting tacit game knowledge Wu et al.
(2025); Li et al. (2025).

3 METHODS

In this section, we formalize the learning setting and notation for evolving reusable tacit negotia-
tion heuristics from real-world terminal outcomes. We then present the overall EvoTac loop (pre-
dict–reflect–update) and describe each module block by block.

3.1 TASK DEFINITION

We study evolving reusable tacit negotiation heuristics under realistic observability constraints: a
strategy-proposing side can access partial profiles of both parties and the game context, but can learn
only from historical terminal outcomes rather than full interaction traces.

3



Paper published at the Lifelong Agent Workshop @ ICLR 2026

Formally, each negotiation is a prediction instance. For the t-th instance, the input is

xt = ⟨ρ(A)
t , ρ

(B)
t , Ct⟩,

where ρ
(A)
t and ρ

(B)
t denote the two parties’ profile information, which can be natural-language

summaries or structured fields (e.g., role types, historical styles, capability constraints, and pref-
erence/constraint cues). Ct denotes the game-context description of this negotiation, including the
industry/channel, stage, institutional and resource constraints, external environment, and rule speci-
fications.

The historical dataset consists of pairs (xt, yt), where yt is the observed terminal settlement after
real multi-round interaction. Our objective is to evolve a computable and interpretable heuristic
base M from terminal outcomes only, and revise it when outcomes contradict heuristic-implied
expectations. Given xt and the current M , the agent outputs a heuristic-grounded recommendation
ŷt (or a strategy description) and a rationale st used for reflection and targeted heuristic updates
once yt is observed.

3.2 EVOTAC FRAMEWORK

3.2.1 OVERALL WORKFLOW

EvoTac comprises three tightly coupled core modules: (i) a self-evolving decoupled memory mod-
ule, which separately represents “self strategy boundaries/response structure—opponent behavioral
regularities and drift—opponent type/stance and stable response structure”; (ii) an Experience re-
flector, which, after the terminal outcome becomes available, aligns the prediction with realized
feedback and diagnoses the source of deviation using the current reasoning trace and retrieved ev-
idence, producing executable minimal-change recommendations; and (iii) a Memory manager,
which operationalizes the reflection signals into create, reinforce, update, merge, and deprecate op-
erations in memory space.

By chaining these components, EvoTac forms a complete self-evolutionary loop over an online data
stream. For each newly arriving instance xt, the system first retrieves the most relevant tacit knowl-
edge from multi-layer memory, constructs a structured prompt, and uses the LLM to produce a
prediction ŷt and an explanation st. When the terminal settlement yt becomes available, the system
performs reflective diagnosis and attribution on the deviation |ŷt − yt|, and converts the diagno-
sis into “add/delete/modify” operations on memory units. The updated memory then immediately
changes retrieval evidence and reasoning trajectories for the next instance, forming a cross-instance
predict–reflect–update loop. In this way, the system can continuously distill, correct, and strengthen
tacit knowledge on an online stream, realizing a self-evolutionary process of continual improvement.
Concretely, prediction, terminal-feedback diagnosis, and memory rewriting are each implemented
as prompt-driven LLM calls (same backbone, different role instructions); see Appendix §C for the
instance-level prompt templates and output schemas.

3.2.2 SELF-EVOLVING DECOUPLED MEMORY

As shown in Figure 2 (A), stable negotiation outcomes are often driven by repeatedly validated
tacit experience rather than explicit rules. Inspired by the “type–belief–strategy separation” in
incomplete-information games, we organize memory into three decoupled layers: self strategy
boundaries, opponent behavioral drift, and opponent type/stance hypotheses. Formally, the memory
bank is

M = {Mself,Mbeh,Mstrat} (1)

Self-strategy memory (Mself) characterizes our stable objectives, constraints, and decision bound-
aries under a given situation, and organizes them as executable response templates. It captures
preconditions (e.g., brand tier and campaign goals that determine the feasible region), strategy tem-
plates (including anchor/first-offer heuristics, concession schedules, non-price levers and triggers),
and guardrails (such as min/max commission, ROI floor, and risk limits). Intuitively, it provides “the
strategy boundaries and anchors for our side in this game scenario”.

Opponent-behavior memory (Mbeh) records short-term empirical regularities and drift in the op-
ponent’s observable outcome-space behavior. It maintains outcome statistics including recent accept
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Figure 2: EvoTac framework overview: (A) three-layer decoupled memory, (B) experience reflec-
tion, and (C) memory management.

ranges and quantiles (mean/std or quantile distributions), as well as drift cues that capture short-term
shifts (e.g., upward/downward moves). This layer enables the system to quickly absorb “what has
recently changed” for the opponent.

Opponent-strategy memory (Mstrat) maintains slowly varying hypotheses about the opponent’s
type and stance, characterizing more stable response structures across scenarios. It captures stance
hypotheses (stance labels and supporting cues), stable response structures (including anchor aggres-
siveness, concession speed, deadline/constraint sensitivity, and switching conditions), and reserva-
tion/exit information (acceptable ranges and termination/hardline triggers). By aggregating cross-
scene evidence, this layer avoids being dominated by single-instance noise.

This “type/behavior/boundary” decoupling is beneficial because, when predictions are misaligned,
it allows us to decompose error sources into (i) inappropriate self templates; (ii) uncaptured short-
term behavioral drift; and (iii) biased type/stance hypotheses, thereby enabling targeted, auditable,
minimal-change updates under terminal-only feedback. Each memory unit is stored as a structure
comprising an index key (key), structured fields (value), and statistical/confidence metadata (meta),
thereby enabling auditable and locally rollback-able updates. The field schema is shown in Table 4.

OFFLINE EXTRACTION: INITIALIZE TACIT KNOWLEDGE

Before online prediction begins, we initialize the three-layer memory using two types of offline
extraction from historical negotiation data.

(1) Scene-prototype and anchor extraction: based on the context Ci (indus-
try/stage/constraints/rules, etc.), we cluster or match recurring situation prototypes, and within
each prototype, compute robust statistics of terminal settlements y (e.g., quantile intervals and
conditional means). These statistics are used to initialize anchors and response templates in Mself.

(2) Opponent acceptance-range and type-prior extraction: we aggregate terminal settlements by
opponent identity or identifiable features to estimate empirical acceptance ranges, drift statistics, and
uncertainty, populating Mbeh. Meanwhile, we extract slower-varying type priors from cross-context
consistency signals to initialize Mstrat.

This procedure constructs a retrievable tacit-knowledge base, allowing online inference to start from
reasonable anchors and to be continuously corrected via subsequent reflection.
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MULTI-LAYER MEMORY RETRIEVAL

At online prediction, we retrieve the K most relevant memories from each layer using similarity
search based on the current input xt. The retrieved triplets are compressed and concatenated with
xt into a structured prompt for the LLM, which outputs prediction ŷt and explanation st.

3.3 EXPERIENCE REFLECTOR: FROM ERROR TO ALIGNMENT SIGNALS

Prediction ŷt and explanation st are used as heuristic-grounded recommendations that guide one
party engaged in the real negotiation. After the real negotiation concludes, the terminal settlement
yt is observed.

As shown in Figure 2 (B), after observing the terminal settlement yt, the Experience reflector
translates prediction deviations into diagnostic signals for the Memory manager. It outputs: (1)
a global alignment label at (aligned/neutral/misaligned); (2) a responsibility vector rt that assigns
credit/blame across the three memory layers; and (3) a textual diagnosis dt that provides minimal-
change recommendations, specifying which layer to revise, which fields to modify, and in what
direction.

Alignment between the prediction ŷt and the terminal outcome yt is determined by scenario-
normalized error. Let [lt, ut] be the feasible interval induced by game description constraints and
retrieved Mself:

et = ŷt − yt, ϵt =
|et|

ut − lt + η
, (2)

where η > 0 is a numerical stabilizer to prevent the ratio from exploding under extremely narrow
intervals. We then define the global alignment label

at =


aligned, ϵt ≤ δ1,

misaligned, ϵt ≥ δ2,

neutral, δ1 < ϵt < δ2,

(3)

where 0 < δ1 < δ2 < 1 are thresholds for “acceptable deviation” and “significant deviation,” respec-
tively. Under the same scenario-scale interval, predictions sufficiently close to the realized outcome
are considered aligned; sufficiently large deviations are considered misaligned; and intermediate
cases remain neutral to suppress over-updating.

The responsibility vector is generated via post-mortem reflection: given (xt, ŷt, st, yt) and the
memory snippets referenced by the current prediction, the LLM produces root-cause scores st ∈ R3

(corresponding to Mself,Mbeh,Mstrat), which are normalized as rt = softmax(st). When at =
misaligned, rt concentrates blame on the most likely faulty layer; when at = aligned, it assigns
credit to the hit layers and supports reinforcement. The Reflector thus outputs (at, rt, dt) to guide
memory updates.

3.4 MEMORY MANAGER: STRATEGY ITERATION IN MEMORY SPACE

As shown in Figure 2 (C), the Memory manager translates (at, rt, dt) into atomic operations on
(Mself,Mbeh,Mstrat): create, reinforce, update, merge, and deprecate. Its core principle is local
rewriting, semantic alignment, and layer-wise update pacing: short-term opponent behavior
changes are absorbed quickly in Mbeh, while Mself and Mstrat emphasize cross-instance evidence
to avoid disrupting stable structures.

Three cases drive the update behavior:

Aligned (at = aligned): Reinforce hit units in layers with high rt weights (e.g., increase confi-
dence, update success counts and timestamps, expand reusability tags), turning successful cases into
stronger tacit knowledge that is more likely to be retrieved later.

Misaligned (at = misaligned): Treat rt as an update budget. For the layer with maximal weight,
rewrite hit units with minimal changes according to diagnosis dt: e.g., adjust anchors/template pa-
rameters in Mself, update quantile intervals and drift statistics in Mbeh, or revise type hypotheses and
cross-context evidence aggregation in Mstrat. Create new entries only when the diagnosis identifies
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a critical gap (i.e., no explainable entry exists in the current layer). When entries are highly similar
or obsolete, trigger merge/deprecate.

Neutral (at = neutral): Perform no structural updates; only accumulate metadata (counts, times-
tamps, lightweight confidence) to avoid overfitting to noise. Explicit rewrites are triggered only after
repeated neutral deviations accumulate in a consistent direction and cross-instance evidence exceeds
thresholds.

For example, if ŷt = 15% but yt = 17% and the instance is misaligned, dt may indicate an upward
shift in the opponent’s acceptance interval. The Memory manager would prioritize updating that
opponent’s acceptance range and drift statistics in Mbeh, conservatively revise Mstrat (unless cross-
context evidence suggests a type/stance change), and only backtrack to revise generic templates
in Mself if multiple scenario prototypes exhibit systematic bias. In this way, the system achieves
continual self-evolution through explicit “retrieve–diagnose–rewrite” memory updates.

4 EXPERIMENT

We evaluate EvoTac in a brand-affiliate matchmaking workflow on a large internet marketing plat-
form. We ask whether EvoTac can convert sparse terminal outcomes into reusable tacit negotiation
heuristics, and whether these heuristics remain useful when counterparties and market conditions
drift under partial observability.

As a measurable downstream validation task, we cast evaluation as commission anchoring: given
pre-deal observable signals (brand/affiliate profiles, product and audience tags, historical perfor-
mance) and platform statistics, predict the realized final commission ypp measured in percentage
points (pp) (e.g., 17% ≡ 17 pp). EvoTac is not involved in live bargaining and does not observe
intermediate offers; it produces a heuristic-grounded quote (with a short rationale) as an actionable
first-offer recommendation, and updates its memory only after the terminal outcome is observed. For
negotiations that end without agreement, we treat the terminal result as a failure signal for diagnosis
and memory revision; regression metrics are computed on instances with realized final rates.

We use a dataset from this platform covering commercial matchmaking in calendar year 2024,
containing both successful deals and failed negotiations. Concretely, we use 500 human-audited
matches with a chronological 70/30 split: 350 instances as the offline set for training baselines and
initializing EvoTac’s memory, and 150 instances as a time-ordered online stream. Baselines are
trained only on the offline set and evaluated by single-pass prediction on the online set, whereas
EvoTac performs online memory updates through a “predict–reflect–update” loop under terminal-
only supervision.

4.1 EVALUATION METRICS

We report standard regression quality together with a business-oriented hit rate (MAE/RMSE are
reported in pp):

• MAE / RMSE (pp): mean absolute error and root mean squared error;
• MAPE: mean absolute percentage error;
• R2: coefficient of determination;
• Success@0.5pp: fraction of predictions within ±0.5 percentage points of the true commis-

sion (a practical “first-offer hit” tolerance);

4.2 BASELINE SETTING

We compare (i) feature-based regression, (ii) LLM predictors using long context or retrieval/memory
augmentation, and (iii) MARL self-play trained from terminal rewards. EvoTac (off/on) isolates the
two design choices emphasized in this work: decoupling heterogeneous tacit heuristics into layers,
and rewriting these heuristics online from outcome-only feedback. For a fair comparison, all LLM-
based methods share the same backbone (DeepSeek-v3.1), prompting style, and sampling policy
(10 runs per input; median reported), with no parameter fine-tuning. Table 1 summarizes the seven
systems.
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System Method summary

XGB-Feat XGBoost regressor on handcrafted/statistical features from profiles
and transaction logs.

LLM-MonoMem LLM agent with a single-layer memory pool (flattened from
Mself/Mbeh/Mstrat), all entries share one schema and are jointly re-
trieved without layer decoupling.

LLM-LongCtx One-shot long-context prediction by concatenating a bounded slice of
offline history (up to 8k tokens).

LLM-TabRAG k-NN retrieval over embedded profile/log rows; inject retrieved raw
fields as tabular evidence for the LLM.

MARL Two-agent self-play (brand/affiliate) with Q-learning in a simplified
bargaining game: actions are discretized commission quotes and ter-
minal rewards are computed from the observed settlement; the learned
policy outputs the first-offer anchor.

EvoTac (off) EvoTac with three-layer memory initialized from the offline set;
memory is frozen during the online stream.

EvoTac (on) Full EvoTac with terminal-feedback-driven diagnostics and con-
trolled memory edits (create/reinforce/update/merge/deprecate).

Table 1: Overview of baselines.

System MAE ↓ RMSE ↓ MAPE ↓ R2 ↑ Success@0.5pp ↑
XGB-Feat 0.6002 0.7736 0.1004 0.7327 0.52
MARL 1.0734 1.2167 0.1907 0.3390 0.20
LLM-MonoMem 0.5796 0.8026 0.0933 0.7124 0.56
LLM-LongCtx 0.5986 0.7649 0.0967 0.7437 0.49
LLM-TabRAG 0.5895 0.7551 0.0997 0.7454 0.62

EvoTac (off) 0.4468 0.5621 0.0744 0.8589 0.68
EvoTac (on) 0.4151 0.5084 0.0684 0.8846 0.70

Table 2: Performance on the platform dataset (MAE/RMSE in pp).

4.3 MAIN RESULTS

4.3.1 OVERVIEW

We evaluate EvoTac via three questions aligned with our goal of extracting and maintaining reusable
tacit heuristics from outcomes:

• RQ1: Under terminal-only feedback, does EvoTac produce better commission anchors than
non-evolving predictors (e.g., feature regression and MARL)?

• RQ2: Does the three-layer decoupled memory structure (Mself/Mbeh/Mstrat) improve the
use of tacit regularities compared to single-layer memory, long-context prompting, or naive
RAG?

• RQ3: Does online memory rewriting lead to sustained improvements in terminal outcomes
relative to a frozen, offline-initialized heuristic base?

As shown in Table 2, EvoTac (on) performs best on all reported metrics, and online rewriting pro-
vides consistent gains over the frozen variant.

4.3.2 RQ1 ANALYSIS: GAINS OVER NON-EVOLVING BASELINES

EvoTac secures better commission anchoring by transforming outcome supervision into reusable
tacit heuristics. As detailed in Table 2, EvoTac (on) significantly reduces MAE from 0.6002
(XGB-Feat) to 0.4151 and improves the first-offer hit rate (Success@0.5pp) from 0.52 to 0.70, far
surpassing the MARL baseline (0.20). These gains confirm that explicitly extracting transferable
structures—such as feasibility guardrails, acceptance drift, and stance regularities—yields signif-
icantly better-calibrated anchors across heterogeneous opponents than static feature regression or
prompt-based LLM baselines (LLM-MonoMem/LongCtx/TabRAG).
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Variant MAE RMSE R2 Succ@0.5pp

EvoTac (on) 0.4151 0.5084 0.8846 0.70
w/o Mself 0.5324 0.6407 0.8167 0.50
w/o Mbeh 0.5835 0.7780 0.7297 0.54
w/o Mstrat 0.6059 0.8248 0.6963 0.56

Table 3: Ablation results removing one memory layer at a time. Each layer contributes to overall
performance.

4.3.3 RQ2 ANALYSIS: EFFICACY OF DECOUPLED MEMORY

To isolate the contribution of the structured memory, we compare EvoTac (off) against LLM base-
lines with identical backbones and prompts. EvoTac (off) already improves markedly (e.g., MAE
0.4468 vs. 0.5895 for LLM-TabRAG; R2 0.8589 vs. 0.7454). The gap to LLM-MonoMem (MAE
0.5796) is consistent with the benefit of keeping heterogeneous tacit signals separable: feasibility-
aligned anchors and guardrails (Mself), short-horizon acceptance dynamics and drift cues (Mbeh),
and slower stance/type structure (Mstrat) are retrieved jointly but written and revised independently.
This separation makes misses attributable to a specific layer and enables localized edits, which is
especially useful when intermediate dialogue traces are unobserved.

4.3.4 RQ3 ANALYSIS: IMPACT OF ONLINE SELF-EVOLUTION

Turning on online rewriting yields consistent improvements over frozen memory: MAE drops from
0.4468 to 0.4151, RMSE from 0.5621 to 0.5084, and Success@0.5pp increases from 0.68 to 0.70.
These gains indicate that EvoTac can convert terminal outcomes into targeted heuristic edits that
remain beneficial for subsequent instances, rather than requiring periodic retraining.

Empirically, the benefit is most visible in (i) cold-start entities with limited history, where online
updates quickly calibrate Mbeh (e.g., acceptance ranges and drift cues), and (ii) distribution shifts
(e.g., market or platform changes), where layer-wise diagnosis enables selective edits to the affected
layer (e.g., Mself bounds or Mbeh drift) while preserving stable cross-context priors in Mstrat.

4.3.5 ABLATION STUDY: MEMORY LAYERS

We further study layer contributions by removing one component at a time (Table 3). All variants
degrade, reflecting complementary roles:

• w/o Mself: Success@0.5pp drops from 0.70 to 0.50, consistent with losing feasibility-
aligned anchors and guardrails.

• w/o Mbeh: R2 falls from 0.8846 to 0.7297, indicating weaker tracking of short-horizon
acceptance drift.

• w/o Mstrat: MAE rises from 0.4151 to 0.6059, suggesting that stance/type hypotheses pro-
vide important cross-context generalization.

Overall, the “self bounds–behavioral calibration–strategic type” decomposition separates fast drift
from slower, reusable structure, supporting targeted updates from terminal feedback and more stable
first-offer anchoring.

5 CONCLUSION

This paper proposes EvoTac, a self-evolving framework that addresses the challenge of
LLMs struggling to refine strategies from sparse feedback in complex games through a
prediction–diagnosis–update loop. Inspired by the human accumulation of social tacit knowledge,
the framework utilizes a three-layer decoupled memory mechanism to achieve precise error attri-
bution and continuous learning. Experimental results in real-world marketing negotiation scenarios
demonstrate that EvoTac significantly enhances negotiation efficiency, providing a practical method-
ological perspective for developing intelligent agents endowed with social competence and self-
evolution capabilities.
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LIMITATIONS

While EvoTac demonstrates strong performance in extracting tacit rules from terminal outcomes,
our evaluation is currently constrained by the difficulty of obtaining high-quality real-world datasets
for strategic bargaining settings. EvoTac’s predict–diagnose–update loop crucially depends on (i)
reliable terminal settlement labels, (ii) sufficiently rich and standardized pre-deal context fields to
construct stable scene signatures and actionable guardrails, and (iii) consistent counterparty identi-
fiers to support cross-episode aggregation for opponent behavior and stance hypotheses. In many
real negotiation domains, these ingredients are hard to curate at scale: interactions and settlements
are often fragmented across channels, recorded inconsistently, and protected by privacy or contrac-
tual restrictions, making it non-trivial to release or even internally consolidate a clean outcome-
only stream suitable for continual rule evolution under partial observability. As a result, we val-
idate EvoTac in a single domain and downstream task—regressing the final commission rate in
influencer-marketing negotiation—and further studies across additional bargaining scenarios and
outcome types are needed to assess its generalization.

ETHICAL STATEMENT

This work focuses on developing EvoTac, an LLM-based self-evolving framework for real-world ne-
gotiations, aiming to extract reusable tacit heuristics from terminal outcomes to enhance negotiation
efficiency. We fully acknowledge the potential ethical implications of handling negotiation-related
data and deploying intelligent negotiation agents, and have taken targeted measures to address them.
The dataset used in this study has undergone strict pre-anonymization processing, with all Personally
Identifiable Information (PII) of negotiation participants and related entities replaced with generic
unique identifiers to eliminate the risk of personal information leakage. Data collection and usage
strictly adhere to relevant ethical standards and data governance policies, and the dataset is exclu-
sively used for academic research purposes without any commercial or unauthorized application. To
ensure content safety, EvoTac’s underlying LLM backbone strictly follows alignment principles to
filter out harmful, unethical, or non-compliant content, and sampled instances have been audited by
humans to ensure no offensive or toxic content is included.

The framework’s predict–reflect–update loop is constrained by ethical guardrails, preventing the
generation of risky or malicious content. When deploying EvoTac in practical scenarios, we rec-
ommend establishing transparent data usage policies and ensuring informed consent from relevant
stakeholders. Future work will continue to prioritize ethical considerations, including optimizing
bias mitigation strategies and exploring robust privacy-preserving technologies, to promote the re-
sponsible development and deployment of intelligent negotiation technologies.
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Memory layer Game-theoretic role Index key (Key) Core fields (Value + Meta)
Mself
Self-strategy
memory

Our stable objec-
tives/constraints and
equilibrium response
structure under a given
situation (reusable policy
template)

Scenario signature z: mar-
ket/category, price tier, opponent
type, supply/demand, seasonal-
ity, platform constraints

Situation signature: market/category, price tier, oppo-
nent type, constraints;
Preconditions: brand tier and campaign goals (only the
determinants of the feasible region);
Strategy template: anchor / first-offer rule, concession
schedule, non-price levers (clauses) and triggers, mes-
saging frame;
Guardrails: min/max commission, ROI floor, risk lim-
its;
Evidence: supporting historical records (IDs, outcomes,
tags);
Meta: stability, drift, sample size, success rate, confi-
dence, update history, timestamps

Mbeh
Opponent-
behavior memory

Empirical beliefs about the
opponent in the observ-
able outcome space (sen-
sitive to short-term non-
stationarity/drift)

Opponent signature o: affiliate
ID (unique identifier for cross-
instance aggregation)

Opponent ID: unique identifier for the opponent;
Outcome statistics: recent accept range, mean/std (or
quantiles), accept rate (and sub-scenario conditioning if
needed);
Drift cues: short-term shifts (e.g., upward/downward
move), response-speed/flexibility indicators, clause
sensitivity;
Evidence: time-stamped (context, tag, outcome) traces;
Meta: stability, drift, fit error, interaction counts, confi-
dence, update history, timestamps

Mstrat
Opponent-strategy
memory

Slow-varying hypothe-
ses about opponent
type/stance and more
stable cross-scenario re-
sponse structure (requires
strong evidence accumula-
tion)

Opponent signature o: affiliate
ID + brand profile context

Opponent ID + context key: affiliate ID and coarse
brand/profile context;
Stance hypothesis: stance label and supporting cues;
Stable response structure: anchor aggressiveness, con-
cession speed, deadline/constraint sensitivity, switching
conditions;
Reservation/exit: acceptable range and termina-
tion/hardline triggers;
Guardrails: sweet spot / minimum acceptable, risk
watch points;
Evidence: cross-scene records;
Meta: stability, drift, support size, confidence, update
history, timestamps

Table 4: Structured fields of EvoTac’s three-layer decoupled memory.
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A THREE-LAYER MEMORY STRUCTURE DETAILS

The field schema of the three-layer memory is shown in Table 4. We emphasize that the three layers
are jointly used for retrieval and prompt construction, while remaining decoupled for writing and
rewriting. Each memory unit is stored as “index key (key) + structured fields (value) + statistical
and confidence meta-information (meta),” enabling auditable and locally reversible updates. A direct
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Memory layer Example Entry (Key → Value)
Mself Situation signature: {market category=beauty; price tier=mid-to-high; opponent type=beauty expert; sup-

ply/demand=normal; seasonality=[normal]; platform constraints={}}
Strategy template: {anchor: “first offer pp = hist accept p50 pp + 0.3”; concession: [-0.5, -0.3, -
0.2]pp/round; acceptable range: [15.5%, 18.0%]; levers: [delivery cycle, exclusivity, creative assets];
frames: [scarcity, brand fit]}
Mechanism (optional): {Rubinstein / Nash; discount factors: {0.93, 0.95}}
Guardrails: {min pp: 9.9%, max pp: 24.75%, roi floor: 1.5}
Metrics: {stability score: 0.75, drift score: 0.0, sample size: 15, success rate: 0.80}

Mbeh Affiliate ID: SPORTS-CREATOR-02
Outcome statistics: {accept range: [5.0%, 9.0%], mean: 7.1%, std: 1.5%, accept rate: 0.75}
Drift/style cues: {drift score: 0.05, flexibility: moderate}
Recent evidence: [{2024-12-30, context: {industry: sports, price position: mid}, tag: SUC-
CESS ACCEPT, outcome: 7.099%}, ...]
Metrics: {stability score: 0.68, model fit error: 0.40, total interactions: 8 (6/2 accept/reject)}

Mstrat Affiliate ID: SPORTS-CREATOR-02; Brand profile: {industry: sports, price position: mid}
Type/stance: {stance: cashflow-driven}; stable params: {first offer: moderate, concession speed: moder-
ate, duration: short}
Reservation/exit: {acceptable range: [4.0%, 7.5%]; exit/hardline triggers: [offer < 0.85×
hist success mean, concession too slow]}
Acceptance guardrails: {min pp: 4.0%, sweet spot: 6.25%}
Metrics: {stability score: 0.62, drift score: 0.0, success/failure: 6/2, acceptance rate: 0.75}

Table 5: Field-level examples of three-layer memory in the commission matchmaking scenario.

benefit of this decoupling is that, when prediction deviations occur, the system can attribute errors
more precisely to “bias in the general response template,” “recent opponent behavioral drift,” or
“mismatch in type/stance hypotheses,” making updates more targeted and avoiding the destruction
of long-term reusable structures by local noise.

AN EXAMPLE: COMMISSION NEGOTIATION BETWEEN A BRAND AND AN INFLUENCER
PROMOTER

We use the example of “brand A negotiating a commission rate with promoter B” to illustrate how
the three-layer memory is instantiated. Such negotiations can be viewed as a bargaining game with
incomplete type information: the brand seeks to control commission and contractual costs while
ensuring exposure and fulfillment, whereas the promoter weighs short-term earnings and collabora-
tion terms (e.g., exclusivity, creative asset rights, delivery cycle) under schedule and outside-option
constraints. In our setting, the observable input for a single instance is the profiles and context
xt = ⟨ρ(A)

t , ρ
(B)
t , Ct⟩, and the observable feedback is only the terminal settlement yt (e.g., the final

commission in percentage points), without intermediate offer trajectories.

Table 5 provides a field-level illustration of the three memory layers for a single matchmaking in-
stance. Intuitively, z = g(Ct) corresponds to “what is the current situation/constraints”: it abstracts
key dimensions directly relevant to equilibrium response, used to retrieve our response boundaries
and leverage-exchange templates under the situation. The opponent signature o = h(ρ

(B)
t ) corre-

sponds to “who the opponent is / what class of opponent it belongs to”: it maps opponent profiles
to a stable index, enabling cross-instance aggregation for the same or similar promoters. Based on
aggregated estimates over the historical set {(x, y)}, Mself provides our stable objectives/constraints
and equilibrium anchor under z (and “which clauses can substitute for price concessions”); Mbeh
provides promoter B’s recent acceptance interval, clause sensitivity, and drift under similar sub-
scenarios; Mstrat provides slower type/stance hypotheses and more stable cross-scenario response
structures (e.g., how demand rigidity changes with deadline pressure), and specifies the evidence
thresholds under which these hypotheses should be updated. During online reasoning, all three
sources enter the prompt jointly, enabling the frozen LLM to output numeric anchors as well as
interpretable and actionable strategic recommendations.

B DATA PRIVACY AND ETHICS STATEMENT

To ensure compliance with ethical standards regarding data usage:

• Anonymization and PII protection: The dataset provided by the commercial platform
was pre-anonymized. All Personally Identifiable Information (PII) covering brands and
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influencers was replaced with generic unique identifiers (e.g., SPORTS-CREATOR-02 as
shown in Table 5) prior to our access.

• Content safety: The dataset strictly covers professional commercial negotiations. A hu-
man audit was conducted on the sampled instances to verify the absence of offensive, toxic,
or harmful content.

C IMPLEMENTATION DETAILS

This appendix outlines the main implementation components of EvoTac, organized by the on-
line workflow: (1) retrieve memory → (2) predict → (3) diagnose with terminal feedback → (4)
write/update memory. Unless otherwise stated, we use a fixed top-K retrieval per memory layer and
keep this retrieval setting consistent across all experiments.

C.1 PARAMETER SETUP

We use the following hyper-parameters for all experiments to ensure reproducibility:

• Retrieval configuration: We use an embedding encoder for vector retrieval over each
memory layer. The encoder is fixed throughout a single experiment run.

– Encoder models: DashScope text-embedding-v1.
– Vector index: FAISS IndexFlatL2 for Mself,Mbeh,Mstrat.
– Ranking metric: L2 distance.

• Memory retrieval bounds (Top-K):
– Self-strategy memory (Kself): 5
– Opponent-behavior memory (Kbeh): 3
– Opponent-strategy memory (Kstrat): 3

• Alignment and reflection: Terminal-only labeling utilizes the scenario-normalized error
εt =

|ŷt−yt|
ut−lt+η , where [lt, ut] is the brand-provided feasible range and η = 0.1.

– Aligned threshold (δ1): 0.15 (Aligned if εt ≤ δ1).
– Misaligned threshold (δ2): 0.25 (Misaligned if εt ≥ δ2).
– Values between δ1 and δ2 are treated as neutral to suppress over-updating.

• Cost and latency budgets:
– Predictor: max tokens=16000, timeout=180s (up to 3 retries).
– Experience reflector: max tokens=2000.
– Memory manager: max tokens=8000.
– Embedding: Batch size 5 (1s inter-batch delay).

D CASE STUDY

EvoTac is deployed in a large internet marketing platform’s brokered commission negotiation set-
ting: the platform matches a brand with a promoter and provides profiles, historical statistics, and a
recommended commission band, while EvoTac only observes the final settled commission. Since
the interaction trajectory is unobserved, EvoTac is used as a terminal-outcome predictor: its out-
put serves as a calibrated first-offer anchor to reduce rounds. Figure 3 illustrates two comparable
episodes in the same sub-scenario, highlighting how three-layer memory supports a predict–reflect–
update loop under terminal-only supervision.

Phase 1: Failure with outdated memory. In the first match, the brand opens too low: “we offer
15% commission plus homepage promotion.” The promoter rejects and sets a hard floor: “commis-
sion is core. 17% is the minimum.” The deal settles at 17.0%, yielding a clear underestimation (Pred:
15.0% → Settled: 17.0%, error −2.0pp). The root cause is miscalibrated retrieval: Mself anchors
on an outdated 15% template; Mbeh reflects an older acceptance interval (e.g., 15.5–16.5%) and
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Influencer:15% is too low.Current market 
rate is around 17%.I can’t accept it.

Brand:Based on historical data，we offer 
15% commission plus homepage 
promotion.Does this work for you?

Brand:The promotion slot adds great 
value.Can’t it offset part of the commission? 

Influencer:Fair rate—can you confirm 
payment details?

Influencer:Exposure is extra, but 
commission is core. 17% is the minimum for 
cooperation.

Phase 1:
Failure with outdated memory

Phase 2:
Success with updated memory

Brand:Considering market trends, we 
quote 16.7% commission with monthly 
settlement. Thoughts?

Brand:Sales details by 5th, payment by 
10th (no deductions); you control 
content style.

Influencer:Perfect—let’s finalize the 
collaboration! 

Pred:16.7%→Settled:17.0%
Error:-0.3pp (aligned)

Pred:15%→Settled:17.0%
Error:-2.0pp (misaligned)

M_beh:accept range
Accept:16.5-17.5%

M_strat:stance rule
Deadline:cash-first:weak trade-offs

M_self:template anchor
Anchor:16.7%

Updated

Updated

Updated

M_beh:accept range(stale)
Accept:16.5-17.5%

M_strat:stance rule(stale)
Clause trade-offs reduce price

M_self:template anchor
Anchor:15%

Experience reflector
1) Align predict vs outcome
2) Assign responsiblity:
    self/beh/strat

3) Atomic edits:
    update/refine/adjust

Figure 3: Case study: Self-evolving memory for negotiation pricing.

misses the upward drift; and Mstrat overestimates the effectiveness of non-price trade-offs, delaying
the necessary upward move on commission.

Evolution core: Attributing the deviation and updating the right layer. After observing only the
terminal settlement, the Experience Reflector assigns responsibility across self/beh/strat, and
the Memory Manager applies minimal, layer-specific edits: update Mbeh to a refreshed acceptance
interval with drift cue (e.g., 16.9–17.5% and rising), refine Mstrat into a constraint-sensitive stance
heuristic (e.g., under tight deadlines, cash-first and weak trade-offs), and adjust Mself to a higher
neutral anchor closer to feasibility (e.g., 16.8%) rather than tying the anchor to the final quote.

Phase 2: Success with updated memory. In a subsequent similar match, retrieval surfaces the
updated Mbeh and refined Mstrat, so the brand opens near the feasible region: “we quote 16.9%
commission with monthly settlement.” The promoter makes a small upward request to the floor and
moves to execution (“17.0% is the minimum—confirm payment details?”), and the brand accepts
while confirming key terms (e.g., payment schedule and no-deduction policy). The deal settles
at 17.0% with a small error (Pred: 16.9% → Settled: 17.0%, error −0.1pp), improving one-shot
calibration and reducing rounds.

Overall, the case study shows why three-layer separation matters under terminal-only feedback:
Mself provides reusable feasibility-aligned anchors, Mbeh tracks fast drift in acceptance dynamics,
and Mstrat captures slower stance/constraint response, enabling targeted updates instead of noisy
global rewrites.
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