
000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053

Under review at the ICLR 2026 Workshop on Time Series in the Age of Large Models (TSALM)

PIERN: TOKEN-LEVEL ROUTING FOR INTEGRATING
HIGH-PRECISION COMPUTATION AND REASONING

Anonymous authors
Paper under double-blind review

ABSTRACT

Tasks on complex systems require high-precision numerical computation to sup-
port decisions, but current large language models (LLMs) cannot integrate such
computations as an intrinsic and interpretable capability with existing architec-
tures. Multi-agent approaches can leverage external experts, but inevitably intro-
duce communication overhead and suffer from inefficiency caused by limited scal-
ability. To this end, we propose Physically-isolated Experts Routing Network
(PiERN), an architecture for integrating computation and reasoning. Instead of the
tool-use workflows or function-calling, PiERN endogenously integrates computa-
tional capabilities into neural networks after separately training experts, a text-to-
computation module, and a router. At inference, the router directs computation
and reasoning at the token level, thereby enabling iterative alternation within a
single chain of thought. We evaluate PiERN on representative linear and non-
linear computation-reasoning tasks against LLM finetuning and the multi-agent
system approaches. Results show that the PiERN architecture achieves not only
higher accuracy than directly finetuning LLMs but also significant improvements
in response latency, token usage, and GPU energy consumption compared with
mainstream multi-agent approaches. PiERN offers an efficient, interpretable, and
scalable paradigm for interfacing language models with scientific systems.

Track: Research

1 INTRODUCTION

Decision-making processes in complex systems arising from scientific research and engineering
practice often rely critically on high-precision numerical computation results (Kennedy & O’Hagan,
2002; Hennig et al., 2015). For example, power grid scheduling in modern power systems requires
the accurate prediction of system loads and renewable energy generation to support reliable and
optimal scheduling decisions (Hasan et al., 2025; Sharifhosseini et al., 2024; Biswal et al., 2024).
Although large language models (LLMs) have recently achieved breakthrough progress in language
understanding and logical reasoning, they still exhibit significant shortcomings in their intrinsic
ability for high-precision numerical computation (Yang et al., 2025a). LLMs can generate seemingly
reasonable chains of logic during reasoning, but once high-precision float operations, multi-step
calculations, or partial differential equations (PDEs) solving are involved, they often yield incorrect
or imprecise results (Huang et al., 2025; Jiang et al., 2025b). This deficiency severely constrains the
applicability of LLMs in complex system decision-making scenarios (Alampara et al., 2025).

To compensate for this deficiency, existing studies have mainly pursued two approaches. The first
approach is to perform end-to-end finetuning of LLMs, enabling them to directly learn numerical
computation capabilities. However, it often remain insufficient when the task inputs and outputs take
the form of high-dimensional numerical matrices or spatiotemporal grid solutions (e.g., PDE solu-
tion fields) (Bao et al., 2025; Spathis & Kawsar, 2024; Yang et al., 2025b), and may face catastrophic
forgetting (Li et al., 2024a; Kotha et al., 2024). The second approach is based on multi-agent sys-
tems that invoke external experts, where LLMs act as the central brain (Schick et al., 2023; Wu et al.,
2023; Li et al., 2025), responsible for functions such as task understanding and scheduling, while
external experts are responsible for executing specific high-precision computations. Although this
approach ensures the accuracy, it inevitably introduces additional communication and coordination
overhead, leading to low reasoning efficiency, high response latency, large GPU energy consumption
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(Chen et al., 2024b), and limited scalability in large-scale deployments. Recent work has explored
directly integrating high-precision computation capabilities into language modeling (Wu et al., 2024;
McLeish et al., 2024). Although these approaches demonstrate promising performance on specific
tasks, they still remain difficult to extend to more complex computation–reasoning scenarios such
as text-to-computation and multi-step computation, due to the lack of coupling computation with
reasoning at the architectural level.

Figure 1: PiERN achieves high precision with low
token usage. The horizontal axis represents the to-
ken usage of multi-agent systems with LLMs, and
the vertical axis represents the precision of LLMs
after finetuning.

Therefore, how to faithfully and efficiently in-
tegrate high-precision numerical computation
with language reasoning, has become the core
scientific problem in advancing next-generation
scientific intelligence systems.

To address this issue, we propose Physically-
isolated Experts Routing Network (PiERN),
and we compare the token usage and precision
across representative open-source LLMs to fur-
ther highlight the limitations of existing LLMs
in high-precision computation–reasoning tasks.
As shown in Figure 1, the two paradigms re-
veal complementary limitations when viewed
along different axes. Along the x-axis, multi-
agent systems can reach relatively high preci-
sion but only at the cost of extremely large to-
ken consumption, raising scalability concerns.
Along the y-axis, fine-tuned LLMs consume
fewer tokens but fail to achieve sufficient pre-
cision, showing poor stability. In contrast,
PiERN simultaneously overcomes both draw-
backs, achieving the highest precision with the
fewest tokens and demonstrating clear advantages in efficiency and robustness.

As shown in Figure 2, the key idea of PiERN is to couple high-precision scientific computation
with LLMs reasoning at the token level. Different from multi-agent approaches that rely on external
function calls, PiERN internalizes expert invocation into a single reasoning chain, thereby ensur-
ing both the high-precision of numerical computation and the efficiency and stability of reasoning-
computation tasks. PiERN consists of three components: physically-isolated scientific computa-
tion experts, a text-to-computation module, and a token router, enabling dynamic expert switching
and efficient coordination between high-precision computation and reasoning during inference (Ap-
pendix. A). We conducted systematic evaluations of PiERN on representative linear and nonlinear
scientific computation–reasoning tasks (Sec. 2). The results show that PiERN significantly outper-
forms fine-tuned LLMs in prediction accuracy, and multi-agent baselines in inference cost.

2 EXPERIMENTS AND RESULTS

2.1 TASK AND DATA

We consider two representative battery-related tasks—a non-linear battery capacity prediction task
and a linear battery profit calculation task—and construct task-specific numerical datasets paired
with tailored language templates to support effective training of the text-to-computation module,
with full details provided in Appendix B.

2.2 PERFORMANCE OVER LLM FINETUNING

Setups. Finetuning is a common solution to bring domain knowledge into LLMs, thereby it can
also be used to enhance LLMs with high-precision computation capabilities. We compare the MSE
among the finetuned LLMs and PiERN-1.0B on the test data of both Non-Linear Task and Linear
Task. For fair comparison, LLMs are finetuned by the same training data used in the training of
expert models. Meanwhile, only one language template is used to generate training data to let
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Figure 2: (a): Training of Expert Model for specific tasks. (b): Training the Text-to-Computation
Module for text-computation alignment (c): Training the Token Router to determine experts for each
token. Middle: The overall architecture of PiERN.

LLMs focus on computation. On the selection of LLMs, we used open-source models of various
sizes, including Qwen and LLama series.

Table 1: Comparison of MSE among finetuned LLMs of different sizes and PiERN

Methods PiERN-1.0B
(Ours)

Qwen2.5 Llama
0.5B-Instruct 1.5B-Instruct 7B-Instruct 3.2-1B-Instruct 3.1-8B-Instruct

Non-Linear Task 0.000104 0.0159 0.0116 0.00847 0.00601 0.0224
Linear Task 0.000126 0.0712 0.0178 0.00238 0.129 0.000203

Results. Table 1 shows the accuracy of PiERN-1.0B on these two tasks is consistently better than
all finetuned LLMs. Our method has the lowest MSE in all cases. The MSE of PiERN-1.0B can be
one or two orders of magnitude lower, even compared with models whose parameter sizes are more
than six times larger.

2.3 PERFORMANCE OVER MULTI-AGENT SYSTEM

Setups. We build multi-agent systems based on Qwen series and Llama series LLMs of different
sizes, combined with two high-precision scientific computation experts: the battery capacity pre-
diction expert and the battery profit calculation expert (Schick et al., 2023; Patil et al., 2025; Yao
et al., 2023), on two Nvidia A800 GPUs with 80GB memory under the vLLM inference acceleration
framework (Kwon et al., 2023). To highlight the performance advantages of the PiERN architec-
ture, we design a series of comparative experiments to compare PiERN-1.0B with these multi-agent
systems on the two tasks. We compare performance along four dimensions, which directly reflect
the core differences between PiERN and the multi-agent systems, with detailed information of these
metrics provided in Appendix C.1. More results are in Appendix C.2.

Latency. Table 2 presents the maximum, minimum, and average latency of models with different
architectures and sizes on the corresponding tasks. PiERN-1.0B consistently maintains the low-
est response time across all tasks. In the Non-Linear Task, the average latency of PiERN-1.0B is
only 0.663s, more than 37 times faster than Qwen-1.5B-Instruct (25.04s) and nearly 60 times faster
than Llama-1B (60.18s). Compared with larger models such as Qwen-32B (20.12s) and QwQ-32B
(93.48s), PiERN-1.0B still maintains an advantage of one to even two orders of magnitude. In the
Linear Task, the average latency of PiERN-1.0B is only 0.50s, while the latency of the multi-agent
models ranges from 4.5s to over 100s. Even the baseline model with the lowest latency, Qwen-0.5B,
still requires an average of 4.53s—almost 9 times slower than PiERN-1.0B. Overall, across the two
tasks, PiERN-1.0B reduces latency by one to two orders of magnitude compared to current main-
stream multi-agent systems, demonstrating significant and robust advantages in response speed.
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Figure 3: Token usage comparison among PiERN and multi-agent systems with LLMs: (left) Non-
linear battery capacity estimation task, (right) Linear battery profit calculation task.

Table 2: Latency comparisons among PiERN and Multi-agent system baselines on Non-linear Task
and Linear Task.

Architecture PiERN (Ours) Qwen2.5 QwQ Llama Tongyi-DeepResearch
1.0B 0.5B-Instruct 1.5B-Instruct 7B-Instruct 32B-Instruct 32B 1B-Instruct 8B-Instruct 30B-A3B

Non-linear Task

Max 1.14 195 315 12.3 33.7 596 320 286 358
Min 0.632 1.24 3.01 5.23 13.9 57.2 1.52 6.72 28.4
Avg 0.663 6.63 25.0 8.42 20.1 93.5 60.2 15.4 159

Linear Task

Max 0.525 216 8.33 12.1 22.6 231 314 10.5 198
Min 0.270 1.33 3.37 6.42 18.2 67.2 3.25 6.67 21.2
Avg 0.281 4.53 5.21 8.87 20.2 108 106 7.71 81.2

Token Usage. As shown in Figure 3, PiERN-1.0B demonstrates significant advantages over the
multi-agent system in terms of token efficiency. In the Non-Linear Task, PiERN-1.0B requires only
182 tokens on average, representing a 92% reduction compared with Qwen-1.5B (2.3k tokens) and
a 98% reduction compared with Llama-1B (9.4k tokens). In the Linear Task, the average token
usage of PiERN-1.0B is further reduced to 95 tokens, while Llama-1B consumes tens of thousands
of tokens, yielding more than 99% savings for PiERN-1.0B. This efficiency improvement stems
from the native text-to-computation architectural advantage of PiERN, which eliminates repeated
context expansion and redundant cross-agent message passing. Therefore, PiERN not only achieves
an order-of-magnitude reduction in user-side inference cost but also lays the foundation for the
economic feasibility of large-scale deployment and applications.

3 DISCUSSION

In this study, we propose PiERN, an architecture that unifies high-precision experts computation
with LLMs reasoning. PiERN goes beyond the traditional workflow paradigm of tool invocation
by enabling token-level alternating execution of expert computation and language reasoning within
a single chain of thought. In computation–reasoning tasks, PiERN not only outperforms finetuned
LLMs, but also significantly surpasses mainstream multi-agent methods in response latency, token
usage, and GPU energy consumption. It should be noted that the statistical paradigm of current
LLMs is mainly embodied in inductive reasoning and analogical reasoning, while PiERN endoge-
nously integrates high-precision computation (deductive reasoning) into LLMs. The integration of
inductive, analogical, and deductive reasoning paradigms introduces a new paradigm of intelligence.
Nevertheless, the current evaluation of PiERN remains limited to specific computation–reasoning
tasks. Future research will focus on three main directions: first, extending a single expert to multiple
logically composable experts to support the alternating invocation of more complex high-precision
computation tool call chains and language reasoning chains; second, exploring the reasoning capa-
bility of PiERN in scientific multimodal scenarios to realize a unified computation–reasoning frame-
work across text, high-precision computation, images, equations, and code; finally, promoting the
practical application of PiERN in complex system engineering tasks, such as power grid schedul-
ing, drug discovery, and materials simulation, thereby verifying its feasibility and transformative
potential as the infrastructure for next-generation scientific intelligence systems.
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STATEMENT OF LLM USAGE

In our experiments, we used LLMs to assist in implementing parts of the technical pipeline code.
We have carefully reviewed and verified all generated codes. In preparing the manuscript, we used
LLMs to translate parts of our drafts that had been carefully prepared, and to polish the language. All
generated content has been thoroughly checked by us to ensure accuracy. We take full responsibility
for the validity of the research results and the final content of the paper.
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A PIERN METHODOLOGY

In this section, we detail the methodology of PiERN. The PiERN architecture integrates high-
precision scientific computation experts and LLMs as modules in the same model. The expert
integration is interpretable and controlable, supporting efficient training and inference and allowing
for dynamic expansion of experts. We first give an overview of the overall architecture of PiERN,
then introduce the stepwise training method for each component module, and finally present the
inference paradigm of alternating invocation of different experts at the token granularity.

A.1 ARCHITECTURE OVERVIEW

As shown in Figure 2, the PiERN architecture consists of three core components: (i) a set of high-
precision scientific computation experts, which are trained on domain-specific data; (ii) a text-to-
computation module, which aligns the inputs of language computation task inputs with expert input
representations; and (iii) a token router, which dynamically decides whether to invoke an expert or
the LLM for each token.

A.2 STEPWISE TRAINING

We propose a stepwise training method that decouples the training processes of different modules
in PiERN, reduces the interference between heterogeneous optimization objectives of numerical
computation and natural language, thereby improving training convergence stability, and ensures
high-precision, interpretability, and dynamic scalability of experts.

Stage 1: Expert Model Pre-training. As shown in Figure 2(a), for neural network based high-
precision scientific computation experts, the first stage involves training on fixed numerical input-
output pairs, where the data come from a scientific or industrial domain. It should be noted that
this stage can be skipped for non-neural network experts. Let the training data be (x,y) ∈ Dexp,
where x denotes the input conditions and y denotes the corresponding ground-truth high-precision
numerical computation results. The expert model fθ approximates the true mapping by minimizing
the mean squared error (MSE):

Lexp =
1

N

N∑
i=1

∥fθ(xi)− yi∥2. (1)

After convergence, the parameters of the expert model are frozen to maintain its high-precision
scientific computation capability during subsequent PiERN training and inference.

Stage 2: Text-to-Computation Module Training. In the second stage, we optimize the text-to-
computation module so that it can align inputs of language-computation task with the inputs of
high-precision scientific computation experts. The training data are (s,x) ∈ Dtext2comp, where s
denotes the natural language computation task inputs and x denotes the structured numerical inputs
required by the experts. The mapping function gϕ learns to project text inputs into numerical input
representations compatible with the experts, as shown in Figure 2(b), by minimizing the MSE loss:

Ltext2comp =
1

N

N∑
i=1

∥gϕ(si)− xi∥2. (2)

To further strengthen the alignment between semantics and numerical values, we optionally intro-
duce a contrastive loss (van den Oord et al., 2018), inspired by its successful application in cross-
modal representation learning such as CLIP for vision–language alignment (Radford et al., 2021):

Lcontrastive = −
N∑
i=1

log
exp(sim(gϕ(si),xi)/τ)∑N
j=1 exp(sim(gϕ(si),xj)/τ)

, (3)

where sim(·, ·) denotes the similarity function (e.g., cosine similarity), and τ denotes the temperature
coefficient. The final training objective is defined as the weighted sum of equation 2 and equation 3:

Lstage2 = Ltext2comp + λLcontrastive, (4)
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Figure 4: Token routing for reasoning-computation inference paradigm in PiERN. Left: Token
Router decides to send tokenized inputs into LLM for generating the next token. Middle:Token
Router decides to send tokenized inputs into the expert model for high-precision computation.
Right: Token Router decides to send tokenized inputs with computation results to LLM for sub-
sequent reasoning and planning.

where λ is the balancing coefficient. This joint training objective can distinguish correct and incor-
rect language–expert pairs, improve training efficiency, and promote the text-to-computation module
to accurately regress language tasks to expert required numerical inputs.

Stage 3: Token Router Training. In the final stage, we train the token router to dynamically decide
at each time step whether to invoke a high-precision scientific computation expert or the LLM.
Its input is the hidden representation ht of all tokens at the current time step, and its output is a
probability distribution p(e | ht) over the set of experts and the LLM E , which indicates which
expert model or the LLM should be selected in the next-token prediction process. The training data
are (ht, et) ∈ Drouter, where et denotes the corresponding token-level invocation label, as shown in
Figure 2(c). The router is optimized using a cross-entropy (CE) loss:

Lrouter = −
∑
t

∑
e∈E

yt,e log p(e | ht), (5)

where yt,e is a one-hot vector. In particular, when E contains only one expert and the LLM, this
objective naturally degenerates into the binary cross-entropy (BCE) loss.

A.3 INFERENCE PARADIGM

During the inference paradigm shown in Figure 4, PiERN integrates the pre-trained expert model,
text-to-computation module, and token router into a LLM via neural network connections. This
integrated model is then used to execute computational tasks, and subsequent inference and planning
are carried out based on the high-precision computation results. Since both the LLM and the text-to-
computation module are based on Qwen2.5-0.5B, and the token router as well as the expert model
are implemented as lightweight custom neural networks, the total parameter count of the current
PiERN is approximately 1.0B, denoted as PiERN-1.0B.

Building on this architecture, PiERN-1.0B dynamically switches between standard language reason-
ing and high-precision computation of expert model. For example, given inputs “The battery health”,
the token router detects no computation requirement (as the next token is likely to be ”is”) and for-
wards the sequence to the LLM for ordinary next-token prediction. In contrast, given “The battery
health is” when a concrete numeric value is required, the router invokes the text-to-computation
module to transform the sequence into expert inputs; then the expert model returns a high-precision
value (e.g., 0.95), which is appended to the sequence as “The battery health is 0.95.” The computed
value is seamlessly incorporated into the context, enabling the LLM to continue reasoning (e.g., “,
which is in a relatively good state for daily use.”). In this way, PiERN-1.0B preserves numerical
accuracy while maintaining coherent language reasoning, planning, and decision making.
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B TASK AND DATA

B.1 DATA DESCRIPTION OF BATTERY CAPACITY PREDICTION TASK

The main objective of this task is to predict the remaining state of health of a battery based on
time-series data of current. Battery health is a core indicator for measuring battery performance
degradation, typically defined as the ratio of the current remaining capacity to the initial capacity
of the battery. The battery degradation is a complex non-linear process. It is affected by multiple
coupled physicochemical reactions and mechanisms such as electrode material aging, electrolyte
decomposition, and solid electrolyte interphase growth, usually modelled with PDEs.

The data input include two main information. First is the time-series current data, which refers to 11
current values collected over a 2-hour period with a sampling interval of 12 minutes. Second is the
time of the to-be-predicted time point and its corresponding current value. The above information
constitutes 13 input feature values. In addition, the initial health status of the battery is set to 1 by
default. In terms of data scale, the training dataset contains 7,200 matching samples of ”current data
- time point - state of health”, and the test dataset contains 2,400 samples of the same type. Both
of the training dataset and the test dataset are generated based on the P2D model constructed via
COMSOL Multiphysics modeling. All training data are used in the training process of the expert
model and the fine-tuning task of the large language model.

B.2 DATA DESCRIPTION OF BATTERY PROFIT CALCULATION TASK

The core of this task is to calculate the battery profit from arbitrage in electricity markets or electric-
ity bill saving. Among these, the key parameters are defined as follows. α: Battery degradation coef-
ficient; ∆p: Price difference between charging and discharging; P : Battery charge-discharge power;
ca: Marginal degradation cost. This calculation can be formulated as R = ∆p · P − α · ca · 1200, a
simple linear calculation task.

Data input includes four parameters: α, ∆p, P , ca. and the output is the final profit R. There are
a total of 10,000 data entries, with training data accounting for 90% and the remaining being test
data. Consistent with the Battery Capacity Prediction Task, all training data are used in the training
process of the expert model and the fine-tuning task of the large language model.

B.3 LANGUAGE TEMPLATES AND DATA COMBINATION METHODS

To better train the text-to-computation module, we have designed multiple language templates
specifically for the above two tasks. These templates are combined with the numeric data for each
task for model training, enabling the text-to-computation module to better understand semantics and
generate numbers accurately across various scenarios.

The specific composition methods of the language templates, task data, and large model fine-tuning
data are shown in Figure 5 and Figure 6.

Figure 5: The combination of fine-tuning data for non-linear tasks, including time-series current
data, time, battery health data, and language templates.
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Figure 6: The combination of fine-tuning data for linear tasks, including calculation data related to
profit and language templates.

C METRICS AND MORE RESULTS FOR PIERN AND MULTI-AGENT SYSTEMS

C.1 METRICS

We compare performance along four dimensions, which directly reflect the core differences be-
tween PiERN and the multi-agent systems: (i) Latency: determines the response speed of the
system in interactive scenarios, directly affecting user experience and the feasibility of real-time
decision-making tasks; (ii) Token Usage: measures the additional overhead in inference caused by
long-context understanding and cross-agent communication, directly reflecting the user-side infer-
ence cost and the overall economic efficiency of task execution; (iii) GPU Energy Consumption:
reflects resource utilization and energy efficiency, serving as a key metric for evaluating deployment
scalability and sustainability; (iv) Success Rate: measures the proportion of correct high-precision
results obtained in computation–reasoning tasks, directly reflecting the system’s reliability and task
completion capability.

C.2 MORE RESULTS

Figure 7: Token usage decomposition for PiERN and QwQ-32B based multi-agent systems on Non-
Linear Task.

To further illustrate why the token usage gap between the PiERN architecture and the multi-agent
system is so huge, Figure 7 presents the token usage decomposition of PiERN and the multi-agent
system during the execution of a single task (Shen et al., 2023; Li et al., 2023). In PiERN, inference
always alternates between next-token prediction and high-precision expert computation, thereby
eliminating redundant communication overhead. In contrast, the multi-agent system must sequen-
tially perform task understanding, tool invocation confirmation, data alignment, expert computation,
and result analysis, with each step introducing additional communication and synchronization costs.
This decomposition clearly reveals why PiERN can achieve significantly faster inference.

GPU Energy Consumption. As shown in Figure 8, we also report the GPU energy consumption
of PiERN and LLM function calling in the Non-Linear and Linear Tasks, and the results consis-
tently show that PiERN-1.0B is one–two orders of magnitude more efficient than the multi-agent
systems. In the Non-Linear Task, PiERN-1.0B consumes only 271J on average, whereas Qwen-
1.5B consumes 5.8kJ, Qwen-32B exceeds 11.7kJ, and QwQ-32B exceeds 55kJ. Even Llama-1B,
whose parameter size is smaller than that of QwQ-32B, consumes more than 14.5kJ, nearly two
orders of magnitude higher than PiERN. In the Linear Task, PiERN-1.0B consumes only 99J on
average, while Qwen-1.5B exceeds 1.4kJ, Qwen-32B consumes 11.7kJ, Llama-1B consumes 26kJ,
and QwQ-32B reaches as high as 63kJ. This means that GPU energy consumption is reduced by
93–99.8%. These results indicate that the PiERN architecture significantly reduces GPU utilization.
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Figure 8: GPU energy consumption comparison between PiERN and multi-agent systems: (left)
Non-linear battery capacity estimation task, (right) Linear battery profit calculation task.

Beyond direct energy savings, this efficiency improvement also translates into stronger scalability
and lower carbon emissions.

Figure 9: Success Rate between PiERN and
multi-agent systems on inference tasks.

Success Rate. As shown in Figure 9, PiERN-
1.0B achieves 100% success rate on both two
tasks. In contrast, multi-agent systems show insta-
bility on non-linear tasks, same-scale LLMs such
as Qwen2.5-0.5B perform poorly, and even larger
LLMs fail to consistently maintain 100% success.

These results represent a paradigm shift: PiERN
eliminates the costly external communication
and coordination overhead in multi-agent sys-
tems by internally unifying the integration of
high-precision scientific computation experts,
the text-to-computation module, and the token
router, thereby establishing a unified computa-
tion–inference workflow. The PiERN architecture
demonstrates that efficiency and flexibility are
not conflicting goals, but can be simultaneously
achieved within the same design. By tightly coupling high-precision computation with LLMs
reasoning in a single architecture, PiERN not only provides a more efficient, economical, scalable,
and sustainable solution, but also outlines a blueprint for next-generation scientific intelligence
systems (Wang et al., 2023; Morgan & Jacobs, 2020).

D RELATED WORK

Multimodal Capabilities of LLMs Multimodal learning has become a central direction in today’s
AI, aiming to integrate text, vision, and audio within unified architectures (Zhang et al., 2024;
2023). Recent breakthroughs such as GPT-4o (OpenAI, 2024) and GLM-4.5V (Team et al., 2025)
highlight these rapid progress. Mixture-of-Experts (MoE) has emerged as an efficient paradigm,
demonstrating strong performance in multimodal generation, alignment, and controllable content
creation (Li et al., 2024c; Chen et al., 2024a; Qin et al., 2023). Despite these advances, their utility
in specialized scientific and industrial computation remains limited (Jiang et al., 2025a).

Mathematical and Reasoning Abilities LLMs have achieved impressive results in mathematical
reasoning, solving problems at or beyond high-school level (Achiam et al., 2023; Hurst et al., 2024;
Tang et al., 2024), but often fail at basic arithmetic and numerical consistency (Huang et al., 2025;
Li et al., 2024b). End-to-end finetuning can not fundamentally improve the numerical understand-
ing and processing abilities (NUPA). Multi-agent systems mitigate this gap by leveraging external
experts through function call (Schick et al., 2023; Patil et al., 2025; Wu et al., 2023), significantly
enhancing high-precision problem-solving capabilities. Yet, they still suffer from communication
overhead, and limited scalability (Chen et al., 2024b).
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Integrating High-Precision Computation with Language Recent attempts have explored directly
embedding numerical representations into Transformers (McLeish et al., 2024; Wu et al., 2024),
and benchmarks such as NUPA (Yang et al., 2025a) have been introduced to evaluate progress.
Nonetheless, existing methods still struggle with multi-step calculations, solving complex nonlinear
PDEs systems, and generalization beyond trained ranges, leaving the challenge of real-world high-
precision computation unresolved.

E ADDITIONAL ANALYSIS ON TOKEN-LEVEL ROUTING AND TOOL-USE
PARADIGMS

E.1 CONNECTION TO MIXTURE-OF-EXPERTS

The relationship between PiERN and Mixture-of-Experts (MoE) deserves precise clarification, be-
cause the surface similarity conceals a fundamental difference.

The MoE lineage, from Jacobs (1991) to Shazeer’s Sparsely-Gated MoE (2017), and later to Switch
Transformer and GShard, is built on a common architectural premise: experts are internal sub-
networks learned through end-to-end joint optimization. Rather than encoding pre-existing domain
knowledge, they are simply parameterized modules whose functional roles arise during training.
In this sense, “expert” is primarily a technical label rather than a literal indication of externally
grounded expertise. Such modules generally lack a stable and interpretable identity, cannot be val-
idated in isolation as independent components, and are not easily replaced or upgraded without
re-optimizing the broader system. Their specialization is therefore better understood as an emergent
consequence of training dynamics than as an explicitly designed or controlled property.

By contrast, the experts in PiERN are fundamentally different. They are physically isolated domain-
specific computational units, which may be either neural or non-neural. These experts exist as
independent components with well-defined functionality and verifiable behavior. For example, the
FNO solver has been systematically validated on PDEBench, while GCAM is an established cli-
mate–economy simulation model. These are not merely sub-networks labeled as “experts,” but gen-
uine computational specialists with explicit physical semantics, independently verifiable accuracy,
and modular replaceability.

This distinction for PiERN has three concrete consequences MoE cannot provide:

Interpretability: each expert corresponds to an identifiable scientific function. We know what it
does and can audit it independently.

Stability: frozen experts do not drift during training. Their behavior is fully predictable and does
not degrade.

Modularity: experts can be upgraded, replaced, or validated independently without touching the
LLM.

E.2 COMPARISON WITH AGENTIC TOOL-USE STRATEGIES

To make the comparison with multi-agent systems more rigorous, we introduced more additional
PDEBench variants. The first is Lean Function-Calling, a single-agent setting that produces direct
JSON outputs without chain-of-thought, intended to approximate the lowest possible overhead of an
external invocation framework. The second is Reduced CoT MAS, a multi-agent variant in which
each stage contains only 1–2 sentences of brief reasoning. Together with the original AutoGen
MAS baseline, which uses a five-stage chain-of-thought design, these variants cover a broad range
of representative agentic tool-use configurations. The corresponding results on all three PDEBench
tasks and six backbone scales are in Table 3.
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Table 3: Comparison of diverse agentic tool-use strategies vs. PiERN on three PDEBench tasks. SR
= Success Rate (%). Lat = Latency (s). Tok = tokens per call. PiERN model sizes include the base
LLM, T2C module, and the token router.

Diff-Reaction Diff-Sorption Burgers

Method Size SR Lat Tok SR Lat Token SR Lat Tok

AutoGen MAS (5-stage CoT reasoning)
0.6B 1.5 9.8 649 14.5 7.7 1336 4 5.3 489
1.7B 1 15.3 758 64.5 20.0 1598 25 22.5 386
4B 93.5 16.4 485 77.5 29.5 1630 88.5 22.0 495
8B 57.5 29.4 487 83.5 53.8 1622 92 32.8 494
14B 97 43.8 486 92 90.0 1640 98 51.2 499
32B 98 92.4 482 94 154.7 1655 97 96.1 499

Lean FC (no reasoning)
0.6B 59.5 7.7 1059 41.5 5.8 815 70.5 1.9 282
1.7B 83 2.2 203 57.5 7.2 665 83 1.3 133
4B 51 2.7 151 46.5 13.8 724 85 2.4 138
8B 54.5 8.1 272 47 32.0 1096 86 3.5 134
14B 93.5 5.9 128 53 75.7 414 86 5.9 132
32B 95 13.3 126 52 69.8 587 90.5 13.3 133

Reduced CoT MAS (1–2 sentence brief reasoning)
0.6B 7 3.5 494 13 10.4 914 70 7.2 282
1.7B 16 9.1 482 25.5 19.3 945 85 8.8 339
4B 28.5 8.4 472 25.5 20.9 970 91 9.2 337
8B 20 296.1 461 24.5 220.8 960 72 120.9 313
14B 44.7 309.0 1752 90 105.5 1126 97.5 26.9 343
32B 20 147.8 461 24.5 183.3 960 72 101.8 313

PiERN (ours)
2.4B 100 1.0 20 100 2.0 20 100 0.7 20
3.5B 100 1.9 20 100 3.5 20 100 1.4 20
5.8B 100 3.7 20 100 7.4 20 100 2.8 20
9.8B 100 6.3 20 100 12.4 20 100 4.7 20
15.8B 100 1.9 20 100 2.6 20 100 1.1 20
33.8B 100 2.9 20 100 4.8 20 100 2.0 20

In brief, PiERN consistently achieves the highest success rate, the lowest token cost, and the low-
est latency across different model scales and tasks, and these advantages persist regardless of how
aggressively CoT is reduced in external-invocation approaches.

E.3 GRADIENT CONFLICT BETWEEN REASONING AND TOOL-USE

Recent studies (e.g., LEAS/DART) have demonstrated that reasoning token gradients and tool-use
token gradients are nearly orthogonal in parameter space. Forcing them through shared weights
produces a seesaw effect, improving tool-calling degrades reasoning, and vice versa. This is not an
artifact of particular training setups; it is a fundamental geometric property from an optimization
perspective.

A common response is to separate the two functions in weight space, as in DART, which uses distinct
LoRA adapters for reasoning and tool use. This helps alleviate the interference, but it does not fully
resolve the underlying issue. Even under such a design, the LLM must still express tool parameters
as text tokens. The burden of mapping linguistic intent to structured numerical inputs therefore
remains within the language generation process itself. In this sense, the conflict is reduced, but not
removed.

15



810
811
812
813
814
815
816
817
818
819
820
821
822
823
824
825
826
827
828
829
830
831
832
833
834
835
836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863

Under review at the ICLR 2026 Workshop on Time Series in the Age of Large Models (TSALM)

A parallel line of work on token-level routing (e.g., FusionRoute) discovers the value of routing at
the decoding step rather than at the sequence level. But these approaches route between language
model variants, they never cross the text-to-computation modality boundary, and they have no mech-
anism for cross-modal alignment. They find the right level of granularity, but stop short of the right
abstraction.

E.4 DEGRADATION EXPERIMENTS UNDER HIGH-DIMENSIONAL NUMERICAL CONTEXT

To make the above problem more concrete, we conducted two controlled degradation experiments,
directly measuring how LLM native routing and text-based parameter transmission degrade under
high-dimensional numerical context.

Experiment A: Routing degradation. We constructed a 6-solver routing task where the LLM must
identify the correct PDE expert from physically similar descriptions. After the task description, we
appended N random floats to simulate real MAS invocation context. Routing accuracy results are
in Table 4.

Table 4: Routing accuracy (%) vs. numerical context length N (6-solver PDE task, 120 trials each).

N (floats) 0.6B 1.7B 4B 8B 14B 32B

0 (control) 83 100 100 100 100 100
128 75 100 100 100 100 100
512 82 100 100 100 100 100
1024 83 100 100 100 100 100
2048 83 86 100 100 100 100
3000 48 84 100 100 100 100
4000 32 82 92 98 100 100

Routing degradation is systematic and scale-dependent. For 1.7B, accuracy is perfect at N = 1024
but drops to 86% at N = 2,048. For 0.6B, accuracy collapses to 48% at N = 3,000, and the
dominant failure mode shifts from wrong expert to no call, which the model abandons the tool-call
format entirely and outputs free text.

Experiment B: Parameter transmission accuracy degradation. We evaluate the accuracy of LLMs
in generating parameters when numerical inputs are transformed through linguistic semantics and
passed to an expert model. Specifically, the model is given an array of N random floats together with
an arithmetic operation. It must first interpret the operation at the semantic level, and then output
the transformed numerical results as text, thereby simulating the “language intent → numerical
parameters” conversion in a typical MAS invocation.

We report the full-match rate, defined as the fraction of outputs for which all N elements have
relative error within 0.1%. The metric is averaged over four operations of increasing complexity
(×2.0, ÷3.0, +1.5, ×0.5−0.25), with 30 trials per operation. Full-match rate reflects the operational
reliability of this process: in a real expert invocation, a single incorrect parameter can invalidate the
entire computation.

Table 5: Full-match rate (%) for numerical array transmission vs. array length N .

N (floats) 0.6B 1.7B 4B 8B 14B 32B

5 43 53 66 66 75 75
10 17 41 54 53 73 73
20 1 5 47 48 62 73
50 0 0 7 32 53 66
100 0 0 0 13 48 51
200 0 0 0 0 40 40
500 0 0 0 0 2 12
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The full-match rate shows that text-based parameter transmission deteriorates rapidly as the param-
eter dimension increases. It drops to 0% at N = 20 for 0.6B and 1.7B, at N = 100 for 4B, and at
N = 200 for 8B; even for 14B and 32B, it is already close to 0% at N = 500. The reason is straight-
forward: if the per-element accuracy is p, then the probability that all elements are simultaneously
correct is pN , which decays exponentially with N . Larger models can only delay this degradation,
but cannot eliminate it.

E.5 PIERN’S ARCHITECTURAL SOLUTION

PiERN removes the cross-modal alignment burden from the LLM entirely. Once the token router
fires, the LLM produces zero numerical parameter tokens. The Text-to-Computation (T2C) module
handles the mapping from linguistic semantics to expert input space directly in the hidden-state
geometry. The LLM’s gradient contains only ∇Lreasoning. There is no ∇Ltool use in the LLM at all.
This is not weight-space decoupling; it is the complete architectural elimination of the conflict.

It is worth being precise about what “T2C” represents at the architectural level. The module is not
specifically about “text-to-computation” as a modality pair; it is about having a dedicated align-
ment module between any two computationally incompatible domains that need to be bridged. The
specific case of T2C is one instance. The general principle is: whenever a router separates two com-
putational paths, a dedicated alignment module is needed to handle the cross-domain translation
without delegating it back to the language generation process. This is precisely what the token-
level routing works lack — they find the right routing granularity but miss the need for an explicit
alignment module, and as a result still implicitly force the LLM to handle the translation through
generation.

Zero MMLU/GLUE degradation across six backbone scales is the direct empirical signature of this
elimination. A system that still generates tool parameters through language (whether via plain tool-
calling or DART-style LoRA) cannot provide this guarantee without additional regularization effort.

This separation also has a direct implication for training efficiency that weight-space approaches
cannot match. In PiERN’s architecture, three components can be optimized independently: the
LLM via reinforcement learning on reasoning trajectories, T2C via supervised learning on language-
to-expert-parameter alignment, and the expert remains frozen throughout. There is no gradient
interference between these paths by construction.

This opens a broader design question: for any system pairing language reasoning with specialized
domain computation, the critical question is not how do we teach the LLM to call the tool, but
how do we build an architecture so the LLM never has to. PiERN is one answer. As scientific
AI systems grow more complex, more experts, higher-dimensional state spaces, and tighter latency
requirements, this architectural separation becomes not an optimization but a necessity.
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