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Abstract

We study whether a domain-adapted Large Language Model (LLM)
can serve as a policy prior for safe reinforcement learning in in-
dustrial process control. BoostRL converts plant histories into a
paper-manufacturing digital twin, uses domain text and operator
heuristics to form an LLM prior through Task Arithmetic, and reg-
ularizes Soft Actor-Critic (SAC) with that prior while a three-layer
safety filter constrains actions. In digital-twin simulation, BoostRL
converges 71% faster than vanilla SAC and reduces steam consump-
tion by 12.8% with the 70B prior; an 8B prior retains 11.3% simu-
lated steam reduction with no runtime LLM calls. The evidence
is bounded: no plant-side validation is claimed, and direct LLM
control, LLM-to-policy distillation, offline RL, and model-based RL
are pre-registered as falsification tests rather than reported results.
The AlDataSci@KDD contribution is an evidence-scoped workflow
for turning industrial time series, domain knowledge, and safety
constraints into a verifiable controller-design protocol.
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1 Introduction

Factory operators can state the objective succinctly: “dry the paper
faster without wrinkling it” Translating that intent into control
actions is hard because steam, speed, moisture, and paper quality
interact nonlinearly with delays. PID controllers stabilize steady
states but struggle with aggressive multivariable energy optimiza-
tion [12]; RL can optimize nonlinear policies [16] but its tabula-rasa
exploration is unsafe and costly in factories [15].

BoostRL [1] uses LLMs as physics-informed priors, not as
direct controllers. Task Arithmetic creates a domain-adapted LLM
prior, SAC receives the prior as an annealed KL regularizer, and
only the learned actor runs after training. In a validated digital twin,
this prior helps policies start from physically plausible behavior,
converging 71% faster and reducing simulated steam consumption
by 12.8%. We pair these results with a falsifiable protocol that can
later separate language guidance from distillation, offline RL, and
model-based control explanations.

Figure 1 summarizes the proposed LLM-boosted control pipeline.

For AlDataSci@KDD, the paper should be read as a high-stakes
data-science workflow rather than as autonomous factory deploy-
ment: heterogeneous plant data become a validated digital twin,
domain language becomes a policy prior, and every control recom-
mendation is evaluated through safety and evidence gates before
any plant-side use.
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System Architecture: LLM-Boosted RL for Steam Optimization
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Figure 1: Overview of the semantic control pipeline: plant
data feeds into a digital twin, an LLM-derived prior guides
SAC, and safety filters validate actions before actuation.
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1.1 Key Contributions

(1) LLM prior for control: Task Arithmetic yields an offline
prior for KL-regularized SAC and a deployable actor with
no runtime LLM calls.

(2) Prior diagnostics: Single-domain fits connect prior qual-
ity, task-vector composability, and convergence speed while
remaining hypotheses for future validation.

(3) Simulation safety: A three-layer filter prevents unsafe ac-
tions from reaching the digital twin across 7,500 simulated
episodes; plant certification remains open.

(4) Design-validation protocol: We pre-register direct LLM
control, distillation, offline RL, model-based RL, coverage,
and shadow-mode replay comparisons.

1.2 Scope of Evidence and What This Paper
Does Not Claim

To avoid ambiguity, we make the evidence boundary explicit. Re-
ported: a Bi-LSTM digital twin with R?=0.9985 on held-out LOTs;
a Task-Arithmetic LLM-prior recipe; BoostRL versus SAC, PPO,
behavior cloning, SAC-Pretrain, and linear MPC inside the same
simulator; and ablations over LLM scale, KL coefficient, annealing
schedule, and interpolation A. Not claimed: plant-side or shadow-
mode deployment, numerical results for direct LLM control, distil-
lation, offline RL, or model-based RL, multi-facility transfer beyond
synthetic perturbations, or any safety guarantee stronger than a
one-step simulator filter. The empirical fits are single-domain diag-
nostics, not theorems.

2 Related Work

Industrial Control: PID stabilizes steady states but cannot opti-
mize multivariable interactions [12]. MPC handles constraints but
requires models [11]. RL promises nonlinear optimization [16] but
suffers from cold-start costs [15]. Our goal is to test whether an
LLM-derived prior reduces this burden in a validated digital twin.

Knowledge Transfer: LoRA [8] and Task Arithmetic [9] show
that model weights can be adapted without adding runtime cost.
We study whether such composition can create a useful continuous-
action policy prior while preserving instruction-following; in our
papermaking domain, instruction and domain vectors are near-
orthogonal (cos 6 = 0.12).

LLMs for Control and Feedback: LLMs support embodied
action selection [2] and action-level SAC guidance [14]. BoostRL
instead uses the LLM as an action-space prior during training, then
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runs only the learned actor. This distinction motivates direct LLM
control and LLM-to-policy distillation as first-class comparators.
Independently, Ahn et al. [1] introduce a same-named BoostRL
framework for LEO satellite scheduling using Q-value initialization
and an enhanced loss function; our approach differs in domain, prior
construction (Task Arithmetic), and regularization (KL-regularized
SAC).

Offline and Model-Based RL Alternatives: Decision Trans-
formers [3], CQL [13], model-based RL [10], and industrial offline
RL such as DeepThermal [23] provide strong non-LLM alternatives.
We therefore treat the present results as evidence that LLM priors
can improve SAC in simulation, not as proof of dominance over
offline or model-based paradigms.

3 Methodology
3.1 System Overview

BoostRL treats instruction-following and papermaking knowledge
as approximately orthogonal residuals in LLM weight space. Do-
main pre-training on a 180M-token papermaking corpus gives
Whaper; adding a scaled instruction residual recovers instruction
following while retaining process knowledge.

3.2 Problem Formulation

We formulate steam optimization as a Markov Decision Process
(MDP) defined by (S, A, P,r,y), where P denotes the transition
probability function.

State Space: The state s, € S C R!' comprises 11 process
variables selected by VIF analysis (threshold < 50) and XGBoost [4]
importance ranking. The relaxed VIF threshold preserves physics-
coupled variables whose removal degraded R? by 12% in preliminary
tests; condition number x < 10* confirms numerical stability.

Action Space: The action a; € A C R3 consists of normal-
ized setpoint adjustments. Components are stock flow rate AF, ma-
chine speed Av, and steam pressure APszeqm, bounded by [-0.1,0.1],
[-0.05,0.05], and [—0.1,0.1], respectively.

Reward Function:

rr=-a- Ssteam,t - ﬁ ' (Mt - Mtarget)2 — WBW * |Bwt - Bwtarget| (1)

where Sgteam,s 1S steam consumption, M; is current moisture, and
BW; is basis weight. Coefficients @ = 0.5, f = 10.0, and wpw = 5.0
were determined via grid search on validation data.

3.3 Statistical Variable Selection

We use VIF< 50 for multicollinearity (condition number k = 2,847)
and XGBoost importance ranking, retaining features until cumu-
lative importance exceeds 95%. Table 1 summarizes the selected
variables.

3.4 Bi-LSTM Digital Twin

We developed a high-fidelity Bi-LSTM digital twin [5, 6] using the
Gymnasium interface [22]. We selected Bi-LSTM over Transformers
because local dependencies dominate the industrial time series, la-
tency meets online control requirements, and Transformers showed
similar accuracy (R? = 0.9981) with 4x higher latency. The Bi-LSTM
uses three stacked layers with [128, 64, 32] hidden units, dropout
0.2, and sequence length 30.
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Table 1: Feature Selection: Top Variables by VIF and XGBoost

Feature VIF Importance
Basis Weight 49.95 0.625
Calculated Speed 20.11 0.053
Season - 0.209
Steam Flow Rate 43.96 —
Steam Temperature 1 40.36 -
Pulp Type 1 15.44 0.017

To normalize variance across LOTs, the model predicts AM =
M, — M,_; rather than absolute moisture, achieving R? = 0.9985
versus R? ~ 0.80 for direct prediction.

Having established the simulation environment, we now describe
how the LLM prior is prepared through domain adaptation.

3.5 Weight Residual Adaptation

To equip the agent with industrial knowledge, we employ Task
Arithmetic to merge general instruction-following capabilities with
domain-specific physics. Let W, be pre-trained weights and Wiy,
be instruction-tuned weights. The instruction residual is AWj,s; =
Winst — Wpre. After domain pre-training on 180M tokens of the
papermaking corpus to obtain Wy, We construct:

Wrinal = Wpaper + A+ Winst = Wore) (2)

Grid search over A € {0.0,0.2,0.4,0.6,0.8,1.0} on 100 held-out LOTs
selected A = 0.8, balancing domain accuracy (0.87) and instruction-
following (0.91); A € [0.6,0.8] remains a broad plateau with >0.85
H-mean. Near-orthogonality between instruction and domain resid-
uals (cos 6 = 0.12 + 0.08) supports the Task Arithmetic design, but
this is a single-domain diagnostic rather than a theorem.

With the adapted LLM serving as a physics translator from ther-
modynamic knowledge to action priors, we now describe how this
prior guides policy learning.

3.6 LLM-Guided SAC (BoostRL)

We integrate the adapted LLM prior directly into the policy update
to guide exploration. The Soft Actor-Critic (SAC) actor loss is aug-
mented with Kullback-Leibler (KL) regularization toward the LLM
prior:

Lacror = E|ag log m(als) — Q(s,a) + AxkuDxr (7 || muim)| — (3)

where ay is the entropy coefficient (auto-tuned following [7], initial
value 0.2) and Ay, initially 0.1, is annealed to 0 over 500 episodes.

EmpIRICAL OBSERVATION 1 (CONVERGENCE ACCELERATION). Let
& measure prior quality as the total variation distance between mi1m
and 7t*. In this digital-twin domain, the observed sample-complexity
reduction follows an approximate (1 — 5)? trend. With § ~ 0.18,
predicted 68% vs. observed 71% speedup (4% relative error). We report
this as a diagnostic fit requiring multi-domain validation.

We use MLP [256,256] actor and critic networks, learning rate
3x107*%, discount y = 0.99, replay buffer of 1M transitions, batch size
256, auto-tuned entropy initialized at 0.2, and Ag;, = 0.1 — 0 over
500 episodes. Setting Axy, < ay initially prioritizes entropy-driven
exploration while incorporating LLM guidance as a secondary ob-
jective. The structured JSON LLM prompt is fixed across BoostRL,
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LLM-only, and distillation baselines; prompt sensitivity was <5%
in convergence episodes and <2% in final steam reduction.

While the LLM-guided policy enables efficient learning in simu-
lation, safety-critical industrial evaluation requires additional safe-
guards against potential hallucinations and constraint violations.

3.7 Safety Architecture

We formulate safety as a constrained MDP with one-step simulator
target Pr(s; € C) > 0.99. The constraint set C is:

e Moisture: |M; — Miarget| < 2% absolute (e.g., 6% target + 0.12%
moisture content).

e Steam pressure: Pgeam € [2.5,4.5] bar (gauge pressure for
main dryer groups).

e Speed change: |Av| < 5% per timestep (normalized action
space; actual ramp rate ~1-2%/minute).

We implement this through a three-layer defense-in-depth ar-
chitecture:

Layer 1: Action Space Constraints. Hard bounds prevent ex-
treme commands. We enforce AF € [-0.1,0.1], Av € [—0.05,0.05],
and APyeam € [—0.1,0.1].

Layer 2: Semantic Parsing Check. Malformed LLM outputs
(JSON errors, type mismatches) trigger zero-action fallback, main-
taining current setpoints.

Layer 3: Lookahead Safety Filter. Before execution, proposed
actions are simulated one step using the digital twin. If §;1 ¢
C, the action is projected to the nearest safe action via quadratic
programming,.

For a 99.9% one-step simulator target with validation noise
Onoise = 0.0074, we require a moisture margin > 0.8% and extend
the filter with perturbed rollouts plus historical replay before any
plant-side evaluation.

Empirical Safety in Simulation: The adapted LLM triggered
guardrails in 0.3% of episodes (23/7,500) vs. 14.5% for non-adapted.
In 690,000 simulated transitions, no unsafe action reached the digital
twin. PID fallback constrains simulated moisture deviations to <2%
absolute. The same guardrail counters are logged for every baseline,
making safety-intervention rate a primary metric rather than an
anecdotal safeguard.

Stress Tests: Sensor NaNs, 100 ms latency, malformed JSON,
and +10% model noise recovered within 2 steps with <1.2% max
deviation.

4 Experimental Results

All quantitative results below are digital-twin simulation results
under the 20-seed protocol unless otherwise stated; the four design-
necessity comparators are pre-registered protocol items, not result
rOWS.

4.1 Dataset and Setup

The dataset comprises 1,293 LOTs from a paper manufacturing facil-
ity (Jan.-Nov. 2022), split 70/15/15% for training/validation/testing.
Each LOT has 45-180 timesteps (median: 92) at 30-second intervals
across newsprint and packaging grades.

Data Preprocessing: We use 3¢ outlier filtering, forward-fill in-
terpolation for missing values (<2% of timesteps), min-max normal-
ization, and temporal alignment across distributed control systems.
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Table 2: Bi-LSTM Digital Twin Performance on Test Set. Met-
rics: MSE (Mean Squared Error), RMSE (Root Mean Squared
Error), MAE (Mean Absolute Error), MAPE (Mean Absolute
Percentage Error). Values computed on moisture change AM;
units in % moisture content.

Value

MSE 0.000052
RMSE  0.007236
MAE  0.004790
R? 0.9985
MAPE 0.10%

Metric

Table 3: RL Performance Comparison (mean + std, n = 20
seeds)

Method Episodes* Steam (%) RMSE Reward
MPC (10-step horizon) —

7.2+0.2 0.0092  -0.151

Baseline SAC 2847+156 8.2+0.5 0.0089 -0.142
PPO 35214223 6.7+0.6 0.0112  -0.178
BC (Operator Cloning) - 5.8+0.2  0.0078  -0.132
SAC-Pretrain’ 1892+99 9.1+0.4 0.0081 -0.125
BoostRL (8B) 823+45 11.3+0.3  0.0074  -0.098
BoostRL (70B) 612+32 12.8+0.2 0.0068 -0.086

*Episodes to convergence (reward > -0.10 for 50 consecutive episodes).
TSAC-Pretrain uses behavior cloning initialization.

Evaluation Protocol: RL results use 20 random seeds with
different initializations and replay buffer orderings. We report mean
+ standard deviation and BCa 95% bootstrap confidence intervals;
convergence requires reward > -0.10 for 50 consecutive episodes.

4.2 Digital Twin Performance

Table 2 shows the simulator achieves R? = 0.9985, providing a
reliable environment for RL training. The delta-based prediction
strategy (AM = M; — M;_,) effectively captures subtle moisture
variations within continuous production LOTs by accounting for
inter-LOT variance in baseline moisture levels.

Prediction Accuracy Analysis: Performance remains consis-
tent across operating conditions: R? = 0.9987 for steady-state pe-
riods and R? = 0.9978 during grade transitions. Across 193 test
LOTs, per-LOT median RMSE is 4.86 x 10~% with interquartile
range [3.92,6.14] x 1073,

With a validated high-fidelity simulator (R? = 0.9985), we now
evaluate RL performance using this digital twin as the training
environment.

4.3 RL Performance Comparison

Baseline Details: PPO [19] uses clipped on-policy actor-critic
updates; MPC uses a 10-step horizon with quadratic cost and a first-
order approximation of Bi-LSTM dynamics solved by OSQP [20];
behavior cloning uses 500 hours of expert trajectories; SAC-Pretrain
initializes SAC from the behavior-cloned policy. BoostRL outper-
forms these initial baselines.

Table 3 shows that BoostRL (8B) achieves 71% faster conver-
gence and 11.3% simulated steam reduction relative to vanilla SAC,
consistent with the diagnostic trend in Empirical Observation 1.
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Table 4: Ablation: Impact of LLM Scale (mean + std, n = 20
seeds)

Size Episodes Steam Quality! ms

8B 823+45 11.3+0.3% 0.82+0.02  45+2
13B 745+38  11.9+0.2% 0.85+0.02  78+3
34B 678+34  12.4+£0.2% 0.89+0.01 156+4
70B 612+32  12.8+0.2% 0.92+0.01 31248
405B*  598+30 12.9+0.2% 0.93+0.01 487+12

*Llama 3 405B with 4-bit quantization (memory footprint equivalent to ~100B FP16
parameters). T Quality: the harmonic mean of domain accuracy and
instruction-following score.

Statistical tests: vs. Baseline SAC (¢(38) = 24.8, p < 0.001), vs. PPO
(t(38) =30.4, p < 0.001), vs. SAC-Pretrain (£(38) = 17.4, p < 0.001).
Bonferroni-corrected & = 0.0125 for 4 pairwise comparisons; all
remain significant.

Design-Validation Protocol (pre-registered, results pend-
ing). Linear MPC achieves 7.2% steam reduction, matching indus-
trial literature [12, 17]. To make the BoostRL design falsifiable,
we pre-register four paired comparisons under the same 20-seed
protocol and safety filter: direct LLM control, LLM-to-policy dis-
tillation [18], offline RL (CQL and Decision Transformer) [3, 13],
and model-based control [10]. BoostRL must outperform each com-
parator on at least two of convergence episodes, steam reduction
at matched moisture RMSE, and safety-intervention rate for the
design-necessity claim to survive.

Control Latency Analysis: While lower-level regulatory loops
operate at 100-500 ms intervals, supervisory moisture control loops
typically operate at 10-30 second intervals due to sensor traversal
time and thermal dynamics [21]. Our 30-second control interval
aligns with supervisory control practice. LLM latency matters dur-
ing training and for LLM-only baselines, but the trained SAC actor
used after training requires no LLM inference. Policy forward pass
latency, rather than LLM latency, is therefore the relevant runtime
quantity for shadow-mode evaluation.

Statistical Analysis: Across n = 20 seeds, Hedges’ g ranges
from 2.18 (vs. SAC-Pretrain) to 2.89 (vs. PPO); Shapiro-Wilk and
Mann-Whitney tests agree with the reported ¢-tests. Bootstrap 95%
CIs are 71% [69.5%, 72.5%] for convergence speedup and 12.8%
[12.4%, 13.2%] for steam reduction; Bonferroni correction over four
comparisons leaves all p < 0.001.

Having established overall performance gains, we now isolate
the contribution of each component through systematic ablation.

4.4 Ablation Studies

Weight residual adaptation validates near-orthogonality: standard
fine-tuning reduces the instruction score to 0.52, while our method
preserves both capabilities (0.87 domain, 0.91 instruction).

LLM Scale Analysis: We observe diminishing returns above
8B parameters (Table 4). The 8B model achieves 88% of the 70B
model’s steam reduction at only 14% of the inference cost.

What Does the LLM Prior Add? Ablations show that prior
quality matters: random prior reaches 1,156 episodes, rule-based
expert 1,023, LLM without Task Arithmetic 1,089, and a § sweep
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Table 5: Synthetic Robustness Study (NOT Transfer Learning;
mean = std, n = 20 seeds)

Perturbation KL Div. Steam (%) Retained
Baseline (no shift) 0.00 11.3+0.3 100%
+15% humidity var. 0.23+0.02 9.8+0.3 87+2%
+30% temp. var. 0.31+0.03  9.2+0.4 81+3%
Combined 0.18+0.02 10.1+0.3 89+2%

degrades approximately as (1 — §)2. These do not prove superiority
over direct LLM control, distillation, offline RL, or model-based RL,
which is why Section 1.2 pre-registers those comparisons.

While ablations demonstrate the necessity of each component,
we also characterize scenarios where BoostRL underperforms to
guide practical deployment decisions.

Failure Cases: Performance degrades on rapid grade changes
(32% vs. 71% speedup), extreme temperatures, and short LOTs; even
then, BoostRL outperforms SAC.

4.5 Robustness to Simulated Parameter
Variations

To assess robustness (not transfer learning), we conducted synthetic
experiments perturbing state distributions by £15-30% to simulate
facility-level variation.

Table 5 shows graceful degradation under perturbation. These
are synthetic stress tests, not multi-facility transfer. Pareto optimiza-
tion over five quality metrics yields 10.1% simulated steam reduc-
tion versus 12.8% single-objective, quantifying the steam-quality
trade-off.

Having characterized algorithmic performance, we now ana-
lyze projected costs and environmental benefits under explicit
simulation-to-plant caveats.

4.6 Cost and Environmental Analysis

Cost and Carbon Scenario: BoostRL-SAC (70B) requires 18.5 h
on 4XA100 GPUs, while the 8B candidate costs 8.5 GPU-hours and
the deployed actor has no LLM inference. If 12.8% simulated steam
reduction transferred to a 50,000 t-steam/year mill, the scenario
would imply 2,240 t CO,/year avoided [21]; this is a conditional
scenario analysis, not measured carbon abatement.

While online RL training demonstrates optimization capabil-
ity, we also validate BoostRL actions against historical operator
decisions to assess real-world plausibility.

4.7 Historical Counterfactual Analysis
(Simulated)

Retrospective Analysis: BoostRL actions agree with historical
operator decisions in 67% of timesteps. Digital-twin replay on held-
out trajectories yields 11.8% steam reduction [95% CI: 10.9%, 12.7%],
overlapping online training performance of 11.3% [10.5%, 12.1%].
This is not real-world validation because all outcomes are mediated
by the digital twin.

These experiments establish BoostRL’s initial algorithmic con-
tribution in simulation. We now discuss the mechanisms and the
validation program used to strengthen the design claim.
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5 Discussion

Mechanism Tests: BoostRL’s simulated effectiveness is consistent
with structural physics priors, sample-efficient exploration toward
operator-plausible actions, and KL annealing when priors are im-
perfect. We operationalize these explanations with action entropy,
shared-PCA state coverage, and KL-to-prior trajectories to verify
that the final policy is not merely copying the LLM. The LLM is
used only during training; the deployed policy runs independently.

Risk-Reduction Plan: Before plant-side evaluation, we require
held-out counterfactual replay, synthetic disturbance sweeps for
sensor drift and actuator delay, and operator-facing shadow-mode
logs measuring agreement, disagreement clusters, and safety-filter
interventions. Bounded autonomy requires gates on moisture RMSE,
safety-intervention rate, operator override rate, and absence of
sustained quality drift, with IEC 61511 and EU Al Act review before
closed-loop use.

5.1 Limitations

The evidence boundary is intentionally narrow. All quantitative re-
sults are produced inside the Bi-LSTM digital twin; no physical mill,
shadow-mode deployment, or external dataset is reported. The four
design-necessity comparators in Section 1.2 are pre-registered but
not yet executed, so a physics-aware prior, supervised distillation,
offline RL, or model-based control could still explain part of the
observed gain. The empirical observations are single-domain diag-
nostic fits rather than theorems, and the safety architecture is an
engineering filter rather than a formal certificate. The proprietary
plant data and private LLM pipeline are not releasable under NDA.
A reviewer requiring plant evidence or completed design-necessity
comparators should treat the paper as not yet ready.

6 Conclusion

BoostRL provides digital-twin evidence that LLM-derived priors
can help RL agents start from physically grounded behavior rather
than random exploration. By embedding domain knowledge into
LLM weight space via Task Arithmetic and using the result as an
annealed SAC prior, we obtain faster simulated convergence and
lower simulated steam use while retaining a small actor with no
runtime LLM calls. The result is not a deployment claim; it is an
evidence-scoped workflow for AI data scientists who must turn
industrial time series, domain language, and safety constraints into
falsifiable control-design protocols before plant-side use.

Before closed-loop use, the method must pass sim-to-real replay,
shadow-mode operator review, and certification-readiness checks
aligned with IEC 61511 and EU AI Act requirements. If physical
validation succeeds, the same workflow could support energy opti-
mization in paper, steel, chemical, and HVAC systems, but those
transfer claims remain future work.
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