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Abstract

Analog circuits are essential for analog signal processing, yet their design requires structure—performance reasoning over the coupled relationship between
topology, device, and performance. Recent advances in Large Language Models (LLMs) have inspired their use in analog circuit design, where SPICE netlists
map to text-generation tasks. However, current LLMs fail to design like human designers. They exhibit inconsistent hierarchical design, succeeding in circuit
devices but failing to design them in derived circuits, and show limited circuit modification, struggling to make minor modifications to classic circuits.
Considering that LLMs excel at well-defined, low-complexity tasks, we improve the performance by decomposing the circuit design process and focusing on
structure—performance coupled reasoning. We further propose ACR-Agent, a multi-agent framework that mirrors expert workflows by decomposing circuit
reasoning into choosing, pre-analysis, and analysis steps. We validate its effectiveness by using ACR-Bench, a benchmark that covers a full syllabus of circuit
topics with circuit analysis tasks in four difficulties. Experiments on ACR-Bench show that ACR-Agent significantly improves reasoning accuracy and
consistency compared to baselines. Downstream analog circuit design validation shows ACR-Agent's integration enhances existing circuit design LLMs.
Together, ACR-Agent and ACR-Bench provide a foundation for enhancing LLMs in canonical analog circuit reasoning, encouraging transfer potential to circuit

design.
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1 Introduction

Analog circuits anchor integrated systems by precisely processing
continuous-valued signals (analog signals)[! ). They perform designed
conversions on analog signals, such as amplification, filtering, and
operation, and thereby establish the gain, bandwidth, and binarization
required for downstream processing. Such conversion underpins reli-
able data acquisition and signal processing in domains including wire-
less communication, perception, energy-
constrained biomedical implants, and high-resolution imaging(>-41.

As large language models continue to achieve impressive results on
many challenging tasks, researchers have begun to explore their poten-
tial in analog circuit designl>‘l. In this domain, engineers describe
circuits in SPICE (Simulation Program with Integrated Circuit
Emphasis)[7], a plain-text netlist that specifies each device, its connec-
tions, and key parameters. With this structured representation, Large
Language Models (LLMs) can directly generate complete designs,
defining both the topology and the devices in text(®]. Just as the
successful application of LLMs to code generation has lowered the
entry barrier and decreased the workload by more than 50% for soft-
ware developmentl!?l) their application to analog circuit design is
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expected to further reduce time and labor costs. With exceptional
semantic comprehension capabilities and PhD-level expertise, LLMs
have great potential for application in the specification and schematic
design within the analog circuit design flow shown in Fig. 1.

However, large language models cannot yet work like real analog
circuit designers. Their challenges appear most clearly in two aspects:
Inconsistent hierarchical design. The model can design integrated
circuit devices, but it fails to correctly design the same devices in their
derived circuits. As shown in Fig. 2a, it can design a single-stage
differential common-source operational amplifier (op-amp), yet it
cannot be implemented in an adder. Limited circuit modification.
When faced with requirements for slightly adapted classic circuits, the
model performs poorly and fails to modify the circuit. As shown in
Fig. 2b, it cannot replace the ideal current source with a PMOS current
source according to the requirement.

Given that current LLMs exhibit satisfactory performance when
handling low-complexity tasks with explicit instructionst!-12], we try
to improve the performance by decomposing complex design tasks.
We divide the design process into text-based analysis from require-
ments to circuits, and circuit generation in specific formats like SPICE,
with our focus on the former, which constitutes the foundation of
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Fig. 1 Overview of the key manual steps in analog circuit design flow. The larger the area of a step block, the higher its difficulty and importance.
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Fig. 2 Typical failures of LLMs in analog circuit design. Red marks core failure causes.

successful design but gains little attention in previous works(®-%:137151,
Its core is structure—performance coupled reasoning: The structure and
performance in analog circuits are tightly interdependent; structure
determines performance, and likewise, performance requirements
determine the designed circuit structure. We further subdivide and
enhance this reasoning to improve the overall performance of LLMs in
analog circuit design.

In this way, we propose ACR-Agent (Analog Circuit Reasoning
Multi-Agent Framework). This framework mirrors the workflow of
experienced human designers, who break down circuit analysis into
well-defined steps to achieve self-consistent structure—performance
solutions. The Choosing Agent receives the problem statement, iden-
tifies the relevant subcircuits, and retrieves useful information from a
domain-specific knowledge base. The Pre-analysis Agent examines
the selected netlist, determines intermediate targets that must be
derived before reaching the final result, and splits circuit device groups
by their functions. Finally, the Analysis Agent performs the detailed
derivation, reasoning over circuit topology and device behavior, and
outputs a final solution. By decomposing the overall reasoning process
into smaller, specialized steps, ACR-Agent achieves a deeper and
more structured understanding of the structure—performance relation-
ship in analog circuits, leading to more accurate and interpretable
analysis.

To validate the effectiveness of ACR-Agent, we introduce the ACR-
Bench (Analog Circuit Reasoning Benchmark), a benchmark dedi-
cated to evaluating analog circuit analysis with the structure—
performance relationship. It is constructed from authoritative text-
books in analog and integrated circuit design and spans the essential
syllabus with circuit analysis tasks in 10 topicsl*]. Each task provides a
textual description, a SPICE netlist, and a LaTeX expression solution.
The tasks are organized into four levels reflecting the growing analy-
sis complexity in larger topologies. ACR-Bench thus offers a system-
atic and reproducible way to assess the capacity for textbook-level
structure—performance coupled reasoning, which is the foundation of
real analog circuit design.

This paper makes two main contributions:

1. We propose ACR-Agent, a multi-agent LLM framework that
mirrors expert workflows by dividing the reasoning process into
choosing, pre-analysis, and analysis steps, and it improves the
structure—performance coupled analog circuit reasoning of LLMs on
canonical circuit reasoning tasks.
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2. We construct ACR-Bench to validate the effectiveness of ACR-
Agent, and experiments show that the reasoning accuracy and consis-
tency are improved by 19% and 24% compared with baselines. We
carry out downstream analog circuit design validation and prove
ACR-Agent's improvement to existing analog circuit design LLMs and
show promising transfer potential toward practical usage.

2 Related works

2.1 Artificial intelligence in analog circuits

Recent advances in artificial intelligence have brought analog circuit
design into focus for machine learning researchers!!®!7]. Early studies
framed circuit synthesis as the generation of graphs, where graph
neural networks predict both devices and nets[!%:!19, The arrival of
large language models made it possible to encode circuits as token
sequences so that autoregressive or fine-tuned models could output
topologies!20-221, These pipelines still require highly structured and
domain-specific prompts and provide limited interactivity[?223]. In
response, recent work employs general-purpose language models that
embed SPICE netlists into prompts and produce circuits in a style
similar to code generation, while using retrieval-augmented knowl-
edge and the composition of subcircuits to improve resultsl’-%13.24.251,
The CIRCUIT benchmark gives a snapshot of headline
improvements[?l, yet systematic studies of how these models reason
about device relationships, and how that reasoning can be enhanced,
are still missing.

2.2 Large Language Model reasoning

A Large Language Model (LLM) is a deep neural network with
massive parameters and excels at understanding, generating, and
reasoning about natural languagel?’-28]. As the reasoning capabilities
and methods of LLMs continue to advancel2%3], they demonstrate
robust performance on highly challenging mathematical and real-
world reasoning tasks[3!-32], For a subset of professional tasks, the limi-
tations in LLMs' reasoning abilities within specific domains constrain
their task performancel33-34]. Circuit analysis and generation are one of
these complex reasoning and generative tasks for LLMsl®l, making the
study and improvement of their analog circuit reasoning performance
and capacity highly significant.

Zhou et al. The Knowledge Engineering Review 2026, 41: e011
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3 ACR-Agent

ACR-Agent is a multi-agent framework designed to simulate the
reasoning process of human experts and improve LLMs' ability to
perform structure—performance coupled reasoning in analog circuit
tasks. It consists of three LLM-based agents with chain-of-thought
prompting!?%l: the Choosing Agent, the Pre-analysis Agent, and the
Analysis Agent. They collaborate following the workflow shown in
Fig. 3.

3.1 Choosing Agent

SPICE netlists are not traditional natural language, so conventional
retrieval-augmented generation (RAG)PS] is ineffective and often
introduces noise that harms reasoning(*?l. To address this, the Choos-
ing Agent uses two structured knowledge resources: a Concept Library
and a Subcircuit Library. Based on the task description, keywords, and
selection tips, it retrieves relevant entries for use by the Pre-analysis
Agent and Analysis Agent. Details of libraries are shown in Appendix
Al.

3.1.1 Choosing workflow

Due to LLMs' inherent limitations, it is challenging to simultane-
ously perform simple circuit analysis and process a large volume of
complex selection tips in a single output. This limitation will become
even more pronounced as libraries continue to expand in the future. To
address this challenge, we have designed a selection workflow within
the Choosing Agent. First, knowledge entries are divided into many
units. Entry units are generated automatically and randomly, with the
only constraint that each unit contains no more than three knowledge
entries. For each unit, the corresponding tasks, keywords, and selec-
tion tips are put into a Unit Selection LLM. The Unit Selection LLM
analyzes the input and makes a selection in its unit of knowledge
entries. Its selection includes the keywords of the chosen entries and a
brief reason. Then, the selections made by these Unit Selection LLMs,
along with the original tasks, all keywords, and selection tips, are input
into a Review and Summary LLM through its context window. If the
Review and Summary LLM agree with all selections from the Unit
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Selection LLMs, its output is the final choice of the Choosing Agent.
If there is a disagreement, another Review and Summary LLM
engages in a rebuttal process with the initial one until a consensus is
reached, and this consensus is the final choice of the Choosing Agent.
The review and summary LLMs are prompted to output '**I agree.**'
or "**] disagree.**' at the beginning of their output, which shows their
attitude and acts as a flag to begin or end the rebuttal process. The
Choosing Agent finally outputs a group of keywords of chosen entries,
and then the program automatically generates a knowledge string by
combining them.

3.1.2 Concept Library

A Concept Library is introduced to address the issue of inconsistent
hierarchical understanding of the structure—performance relationship in
an analog circuit. By reintroducing knowledge to supplement the
LLM's inherent knowledge, it enables LLMs to use the conceptual
knowledge from the reasoning prompts, which bridge the cognitive
gaps between devices in different circuit hierarchical levels. Each
entry in the Concept Library defines a concept and provides an associ-
ated analysis method from the textbook[}l. It also comes with
keywords and selection tips, which are shown in the Choosing Agent's
prompt for reference.

3.1.3 Subcircuit Library

A Subcircuit Library is introduced to address the issue of limited
generalization ability. The poor ability of LLMs to modify classic
circuits indicates that they may lack information about inner
structure—performance relationships of these classic circuits, treat these
circuits as a black box, and recite their structures. The clear circuit
structures and their detailed analytical results provided in the subcir-
cuit entries enable LLMs to treat these classic circuits as an explain-
able composition of circuit devices, thereby using them in circuit anal-
ysis and making them more flexible. Each subcircuit entry contains a
subcircuit in SPICE netlists and its corresponding parametric analysis
from the textbookl], which is an analysis without parameter calcula-
tions. It also comes with its keywords and selection tips, which are
provided in the Choosing Agent's prompt for reference.
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Fig. 3 The overview of ACR-Agent. The circuit analysis task is sequentially processed by the Choosing Agent and Pre-analysis Agent. It is sent to the
Analysis Agent along with the selected concept and subcircuit entries, and the generated sequence of sub-tasks and function groups of circuit devices,
ultimately generating LaTeX expressions. The circuits in Task and Subcircuit are all SPICE Netlists, which is simplified by circuit diagrams in the figure.
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3.2 Pre-analysis Agent

Due to the integration of analog circuits and the complexity of their
structure—performance coupled reasoning, direct reasoning imposes
high requirements on large language models (LLMs). The reasoning
process requires LLMs to accurately identify circuit devices relevant
to the problem and quickly find correct reasoning paths. In contrast,
human experts typically perform an overall functional analysis of the
circuit and plan the analysis scheme based on existing experience
before initiating local, detailed analysis. Like human experts, we
design a Pre-analysis Agent to accomplish reasoning, planning, and
functional device group splitting, and send this information to an Anal-
ysis Agent to help its reasoning.

3.2.1 Planning LLM

Analog circuit structure—performance coupled reasoning is a
complex reasoning process that requires the combination of general
circuit analysis and local reasoning. Planning and separating the prob-
lem into simple steps is essential for complex reasoning and multi-
agent collaborationl?”l. The Planning LLM decomposes a reasoning
task into manageable subtasks based on the selected concepts and
subcircuits. To avoid overly fine-grained plans that introduce noise, its
prompt includes constraints that ensure each subtask remains at an
appropriate level of detail. The Planning LLM finally outputs a
sequence of subtasks in the form of questions, which ask for key
parameters or functions of the circuit. It is prompted to place its
sequence of subtasks between the tags < answer > and < answer/ >
for extraction, and then concatenate them into the Analysis Agent's
prompt between the tags <BEGIN INSTRUCTION > and < END
INSTRUCTION >.

3.2.2 Splitting LLM

Analog circuits are typically composed of multiple functional device
groups. For example, an operational amplifier consists of four func-
tional groups: the input stage, intermediate stage, output stage, and
biasing circuitl®]. Reasonable separation of these devices enables rapid
identification of components relevant to the desired quantity and their
corresponding parameters. The Splitting LLM conducts a brief func-
tional analysis of the circuit, partitioning it into distinct functional
device groups based on selected concepts and subcircuits. To avoid
meaningless over-partitioning, constraints are incorporated into its
prompt to regulate the splitting approach. The Splitting LLM finally
outputs several functional device groups, along with their main func-
tions and devices. It is prompted to place its functional device groups
between the tags < answer > and < answer/ > for extraction, and
then concatenate them into the Analysis Agent's prompt between the
tags <BEGIN FUNCTION ANALYSIS> and <END FUNCTION
ANALYSIS >.

3.2.3 Constraints

The analog circuit reasoning task is characterized by significant
flexibility and inherent complexity. Even a single step of circuit-based
reasoning can be decomposed into numerous excessively detailed
subtasks, posing challenges to the normal analysis of the Analysis
Agent as noise in reasoning. Since some devices collectively fulfill a
single function while differing in specific details, an overly granular
classification would result in every device being deemed distinct,
which is meaningless. Our method incorporates constraints in prompts
into the Pre-analysis Agent's LLMs' prompts to ensure they separate
functional device groups and generate subtasks at an appropriate level
of detail. The constraints are phrased as tips; for example, for numeri-
cal symbols already given in the problem, don't generate a question to
determine them; assume they are known.
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3.3 Analysis Agent

The Analysis Agent is the core reasoning component. It takes the
original task, the retrieved concepts and subcircuits, and the planned
subtasks, splits functional device groups in its engineered prompt, then
performs structured reasoning and generates the final LaTeX-format-
ted expression solution. The form of the solution can vary with the
task, and Fig. 3 presents an example of a circuit analysis task.

3.4 Workflow

As shown in Fig. 3 and Algorithm 1, ACR-Agent's workflow
includes three main steps: The Choosing Agent acquires tasks, concept
keywords, subcircuit names, and selection tips. Based on these, it
selects relevant concepts and subcircuit entries from the Concept
Library and Subcircuit Library. The Pre-analysis Agent breaks down
tasks and splits circuits under constraints, generating sequences of
subtasks and functional device groups according to the task require-
ments and selected entries. The Analysis Agent reasons and generates
the final solutions guided by the subtasks, referencing the selected
entries. This design reduces reasoning complexity, improves consis-
tency, and enhances the overall performance of LLMs on analog
circuit reasoning tasks.

4 ACR-Bench construction

We have developed ACR-Bench, a benchmark for analog circuit
device-relationship reasoning tasks to validate if ACR-Agent is effec-
tive, and fill the gap in open-source and dedicated benchmarks in this
field. The benchmark construction process is shown in Fig. 4. We
select various analog circuit reasoning tasks from authoritative text-
books based on specific criteria. Each chosen analog circuit reasoning
task is converted and manually analyzed. Totally, we selected 131
analog circuit reasoning tasks, grouped them up, and constructed our
ACR-Bench in the format of question-answer pairs. Our ACR-Bench
offers a novel data structure and approach for evaluating LLMs' struc-
ture—performance coupled comprehension and reasoning of analog

Algorithm 1. ACR-Agent Workflow.

Require: Analog Circuit Reasoning Task T
Ensure: Final Solution £

1: Agent 1: Choosing Agent (A.)

2: L« Lc VU Lgc
Library(Lgc)

1 (Ly,Ls,...L,) < Separate(L)
4: for each L; in L, do
5 si « Aciy(Li, T)
6: end for
7
8
9

> Combine Concept Library(L¢) with Subcircuit

W

1S« A('()Hl)(Ls 81552500580, T)
1if S # ) 5; then
S’ — Acnaay(L, S1,52, s 50, T, S)
10:  while S" #S do

11: § « Debate(Ac(rH—l)(Ls S1seeesSns Tssl)sAC(}’H-z)(Ls S1seeesSns TaS))
12:  end while
13: end if

14: Agent 2: Pre-analysis Agent (A,)
15: L « Ap(sp[,',)(S,T,C)

16: P « Ap(plan)(s» T, C)

17: Agent 3: Analysis Agent (A,)

18: E «— A,(S,P,L,T) return E

> C means Constraints
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Fig. 4 The construction process of ACR-Bench. The data undergoes selection, conversion, and human analysis, and grouping to form ACR-Bench. The figure
omits the depiction of human operators in the conversion, human analysis, and grouping.

Table 1. Comparison between ACR-Bench and other datasets.

Analog

Dataset circuits SPICE Data type Task type Expression
Masala-chail*®! v v Real Generate X
Amsnet*] v v Real Generate X
Amsbench!(] v X Real  Reason + design X
Eee-bench[*!] V! X Real Reason X
Analogcoder!®] v v Real Design X
Analoggeniel”?l v/ v Real Design X
Autocircuit-rl’l v/ v Synthetic Design? x
LaMAGICR2"] v v Synthetic Design? x
Chipnemol”! v! X Real  Reason + design X
CIRCUITI?) v v Real Reason X
ACR-Bench (4 v Real Reason v

! Mix of analog circuit and other topics. > Containing only one type of typical analog
circuit. Analog circuits: dataset theme on analog circuits; SPICE: whether
analog- circuit representations are SPICE netlists; Data type: source type of the
dataset; Task type: target task types of the dataset; Expression: whether the output is
in expression format. The bold text indicates that ACR- Bench possesses all the
characteristics listed in the table.

circuits. The comparison between ACR-Bench and other datasets is
presented in Table 1. 'Expression' means the solution is an expression
rather than SPICE or a number. 'Generate' in task type means generate
SPICE form circuit diagrams. Details of ACR-Bench are shown in
Appendix A2.

4.1 Circuit representation
An analog circuit processes continuous-time signals such as sinu-
soidal voltages to implement specific functions(!-2]. In Fig. 5, a simple

amplifier amplifies an input AC signal V; by a factor of —&,

. . . s+
where r, denotes the equivalent resistance of the small-signal model
for Qy, and outputs the result at the V,,,, terminal.

Analog Circuit Diagram

Component
Node

Vi

SPICE Netlist: To describe circuit topology in a machine-readable
form, we use SPICE, a text-based language widely adopted for analog
circuit simulation’]. In SPICE syntax, each component is defined by
its name, connected nodes, and key parameters. In Fig. 5, the ampli-
fier contains five components: V;, Rg, Rc, Ve, and Q). The resistor
Rs is written as '|R_S 2 3 500/, where 'R_S' is the component name, 2"
and '3' are its connected nodes, and 500Q is its resistance value. This
textual representation preserves the same topology as the original
circuit diagram, enabling reasoning tasks to be expressed consistently
in ACR-Bench.

4.2 Data source and selection

We selected device—relationship reasoning tasks from widely used
textbooks such as Analysis and Design of Analog Integrated
Circuitsl?], including examples and exercises, and conducted a prelimi-
nary screening based on three criteria:

1. Difficulty: select tasks at an undergraduate difficulty level while
eliminating those that are too simple or overly challenging

2. Circuit Complexity: select circuits with 4 to 30 components,
excluding single-component detailed reasoning tasks

3. Engineering Value: select common and classic circuits as well as
their derivatives while excluding those with no practical applicability
or representativeness.

In ACR-Bench, we totally select circuit analysis tasks in 10 topics
as shown in the Table 2.

4.3 Data processing and grouping

4.3.1 SPICE representation

We converted the circuit topologies into SPICE netlists to embed
them into text, which is carried out by an experienced human operator
in the Ngspice simulator. Since the benchmark requires analog circuit
reasoning tasks, we remove all specific numerical parameters from the

SPICE Netlist
* Voltage Sources
VCC10DC 5V
Vi2 0 AC ImA
* Resistors
R_S 2 3 500; Source resistance Rs, between node 2 and node 3
R_C 41 10k; Collector resistor Re, between node 4 and node 1
* Transistors
Q1 4 3 0 NPN; NPN transistor Q1: Collector at node 4, Base at
node 3, Emitter at ground (node 0)
* Output is on node 4

Fig. 5 Representations of the circuit. The example amplifier in diagram can be represented by the SPICE Netlist.

Zhou et al. The Knowledge Engineering Review 2026, 41: e011
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Table 2. Number of ACR-Bench problems in each topic.

Topic Number
Transistor fundamentals 6
Basic amplifiers 16
Differential amplifiers 10
Active loads 8
Output stages 19
Feedback networks 18
Operational amplifiers 28
Frequency response and compensation 16
Circuit noise 4
Non-linear circuits 6
Total 131

SPICE and questions, retaining only symbolic representations of the
values, which alters the syntax of the SPICE netlists. To ensure the
integrity of the circuit information in the task, we add comments to the
SPICE to further clarify the circuit connections and avoid ambiguity.

4.3.2 Analysis

We manually analyzed selected tasks and provided human solutions.
Every task is analyzed by three experienced human operators. When
they have different opinions on the solution, we introduce a profes-
sional expert to make the final decision. To guarantee that the human
solution is the only reasonable solution for the task, we adjusted the
parameters that can be used and assumed that all the ungiven parame-
ters and their effects can be neglected in reasoning. This raises the
requirements for circuit structure—performance coupled understanding
and avoids pre-training data contaminationl*2]. To ensure final correct-
ness and consistency, the adjusted tasks and solutions have been re-
reviewed by two out of the three experienced human operators who
previously conducted manual analysis of the original tasks. For exam-
ple, in the task shown in Fig. 4, we remove all the capacitance parame-
ters and frequencies of the input signal to guarantee the solution

B-Rc-Ry,

“(Rc+Rp)-T, . L.
transistor is the only reasonable solution, which instructs LLMs to

assume that the capacitors in the circuit are ideal and the capacitors in
the transistors can be neglected. Such adjustments may simplify the
reasoning processes but pose a higher requirement for reasoning flexi-
bility. By enforcing unique symbolic solutions and simplifying
secondary effects, ACR-Bench prioritizes standardized reasoning eval-
uation over real-world design realism. It is designed to assess text-
book-level symbolic structure—performance coupled reasoning, the
core foundation of real analog circuit design, rather than end-to-end
practical analog circuit analysis capability.

based on the standard small-signal-m model of the

4.3.3 Task grouping

We group the tasks into four categories: simple single-step tasks,
simple multi-step tasks, complex single-step tasks, and complex multi-
step tasks to evaluate reasoning on different complexity of
structure—performance coupled reasoning. The criterion for distin-
guishing between single-step and multi-step tasks is whether there is
multi-step combined circuit reasoning in human analysis. The criteria
for distinguishing simple from complex tasks are whether the total
components of the circuit exceed 10 or whether there are more than
five components with over two pins (e.g., transistors, operational
amplifiers); meeting either criterion groups it into complex tasks.
Additionally, if a task requires more than four steps of combined-
circuit reasoning (e.g., small-signal model equivalence), it is grouped
into complex multi-step tasks. The number of tasks in each category is
shown in Fig. 4.

Page 6 of 12
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S Experiments

5.1 Experiment details
5.1.1 Evaluating LLMs

Our evaluation covers nine leading LLMs, which are mainly
composed of advanced closed-source commercial LLMs. We evaluate
the analog circuit reasoning capacity of GPT40, GPT4.1, Deepseek-
V3, Gemini-2.0-Flash, Qwen3-32B, Qwen2.5-Max, Llama4-17B-
128E, Doubao-Seed-1.6, and Hunyuan-Turbos. All LLMs do not acti-
vate thinking modes if equipped with them.

5.1.2 Metrics

We use Pass@k[*3] (k=1,5) and R@k (k=5) to evaluate the
performance of LLMs on ACR-Bench. Pass@k is a universal metric
for complex tasks, defined as the probability of at least one success in
k trials. It is computed by Pgss@k =1— u where n represents the
total number of trials and c is the numbegkgf successful trials. Simi-
larly, we designed the R@k metric, defined as the probability of

()

achieving all correct results in k trials. It is computed by R@k = =
If an LLM produces entirely correct outputs across k trials for a tasgck,)it
is considered consistently reliable on that task. R@k demonstrates
LLMs' capability to independently carry out the analog circuit reason-
ing task successfully without human supervision. It indicates the feasi-
bility of utilizing LLMs for fully automated analog circuit design
based on their reasoning result. Both selected metrics are theoretically
unbiased estimators, and the derivation for Pass@k is provided in
previous work by Chen et al.l*3]. The derivation for R@k is provided
in Appendix A3.

5.1.3 Baseline

Currently, existing research has not yet developed solutions specifi-
cally designed for analog circuit reasoning with large language
models. We select the circuit analysis and reasoning workflow within
the following design frameworks as the baseline for comparison with
our method: (1) Analogxpertl!3]l: using its sub-circuit library for real-
world tasks and a designed reasoning method. (2) SizingAgentl!3l:
using its planning and execution strategy for circuit analysis. (3)
Analogcoder!®]: using its incorporating subcircuits lists and one-shot
CoT prompts. (4) Atelierl®): using its supplementary knowledge and
prompts designed for analyzing and designing circuits. (5) AMS-
KGU': using its specifically designed reasoning method.

5.1.4 Settings

For all LLMs, we performed 10 tests for each task (n =10). When
directly evaluating LLMs, we employ 0-shot prompts to eliminate the
effects of few-shot prompt sensitivity(*4l. To balance the stability and
randomness of the results[*’], we set all LLMs' temperature to 0.5. To
compare whether the output expressions of LLMs are truly equal to
human results, we introduce the Sympy parsing package to parse the
expressionsl*%], which can simplify the expression and compare mathe-
matical equality. In our prompt, we specify that the output answer
must be enclosed between the designated tags < answer > and
< answer/ >. Only the string content inside these tags shall be
extracted during expression extraction. If equal signs are present,
expressions following the last equal ones are compared. Otherwise, the
two expressions are compared directly.
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5.2 Results

5.2.1 Overall performance

Table 3 compares our ACR-Agent directly using base models and
baselines. For each improvement method, experiments were conducted
using the advanced GPT-4.1 and DeepSeek-V3 as base models. The
ACR-Agent successfully improved the Pass@1, Pass@5, and R@5
metrics of both models on the ACR-Bench, outperforming the base-
line methods. A comparison of the results for GPT-4.1 and DeepSeek-
V3 reveals that the stronger an LLM's inherent analog circuit reason-
ing capability, the greater the performance improvement achieved by
our enhancement method. Furthermore, we found that among the five
selected baselines, none effectively enhanced circuit structure—perfor-
mance coupled reasoning capability; some even exhibited degradation,
which probably limits the overall circuit design capabilities of their
frameworks.

5.2.2 Base LLM evaluation

We directly tested the performance of different LLMs on ACR-
Bench. ACR-Bench successfully evaluates and differentiates the
analog circuit reasoning capabilities of various LLMs. Results are
shown in Fig. 6. DeepSeek-V3 demonstrated the best performance,
achieving Pass@1 of 0.36. However, even the most advanced LLMs
currently achieve only around 0.5 in Pass@5, indicating limited

Table 3. Main results. The performance of ACR-Agent on ACR-Bench.
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reasoning capabilities for analog circuits. Their R@5 metrics fall
below 0.2, suggesting low reliability for most task analysis. These
results show that while current LLMs hold value as supervised reason-
ing assistants for analog circuit design, their low consistency makes it
difficult to achieve highly automated analog circuit design workflows.
Detailed results of base LLM evaluation are shown in Appendix A4.

5.2.3 Ablation study

We evaluated the effectiveness of components within ACR-Agent
using the DeepSeek-V3 model, with results presented in Table 4. We
conducted ablation studies on the Choosing Agent, its Concept
Library, its Subcircuit Library, the Pre-analysis Agent's planning LLM
(abbreviated as plan in Table 4) and splitting LLM (abbreviated as
split in Table 4), and its constraints to evaluate their individual impacts
on the ACR-Agent framework in analog circuit reasoning tasks. The
results show that the existence of each component can impact the
results, and the complete ACR-Agent framework achieves overall best
performance on the whole ACR-Bench. Basic Libraries corresponds to
the experimental setting that directly inputs all entries in libraries to
the Analysis Agent, without any other agent. Its result shows that the
ACR-Agent framework amplifies the positive effect of knowledge
entries. w/o Libraries corresponds to the experimental setting without
any knowledge libraries, and this result demonstrates that the multi-
stage reasoning framework itself yields a limited yet positive impact,

Method ACR-Bench Simple single-step Simple multi-step Complex single-step Complex multi-step
eme Pass@! Pass@5 R@5 Pass@l Pass@5 R@5 Pass@l Pass@5 R@5 Pass@l Pass@5 R@5S Pass@l Pass@5S R@5
GPT4.1 0.30 048 0.14 0.48 0.70  0.24 0.24 0.45 0.08 0.18 035  0.05 0.09 0.11  0.03
Analogxpert (GPT4.1) 0.30 051 0.12 0.44 0.68 0.21 0.27 0.48  0.04 0.23 0.45 0.05 0.09 0.17  0.05
SizingAgent (GPT4.1) 0.29 0.50 0.11 0.41 0.66 0.19 0.26 049 0.07 0.24 0.44  0.06 0.07 0.15 0.01
Analogcoder (GPT4.1) 0.28 045 0.14 0.43 0.63  0.26 0.23 0.43  0.05 0.16 034  0.05 0.10 0.13  0.06
Atelier (GPT4.1) 0.23 0.41 0.08 0.33 0.54 0.14 0.22 0.40  0.09 0.14 036  0.01 0.07 0.13  0.01
AMS-KG (GPT4.1) 0.30 049 0.13 0.44 0.67 0.21 0.27 0.46 0.11 0.18 0.40  0.05 0.10 0.17  0.02
ACR-Agent (GPT4.1) 0.37 0.56 0.18 0.60 081 0.34 0.27 0.41  0.08 0.22 047  0.07 0.12 020 0.02
DeepSeek-V3 0.36 0.53  0.19 0.54 0.71 034 0.24 0.44 0.13 0.25 0.52  0.06 0.15 023  0.06
Analogxpert (DeepSeek-V3)  0.32 051 0.18 0.47 0.69 0.28 0.22 036  0.13 0.27 0.53  0.11 0.11 021  0.05
SizingAgent (DeepSeek-V3)  0.34 0.56 0.16 0.53 0.79  0.29 0.20 0.42  0.05 0.26 0.52  0.11 0.10 0.19  0.03
Analogcoder (DeepSeek-V3)  0.34 052 0.19 0.52 0.73 034 0.27 047 0.13 0.20 039  0.07 0.11 020  0.02
Atelier (DeepSeck-V3) 0.31 050 0.18 0.46 0.67 030 0.25 0.44 0.14 0.23 045 0.10 0.07 0.18  0.00
AMS-KG (DeepSeck-V3) 0.37 0.53 021 0.55 0.71  0.36 0.26 0.38  0.14 0.31 0.59 013 0.10 022 001
ACR-Agent (DeepSeck-V3)  0.44 0.61 0.26 0.68 0.86 0.46 0.28 037 0.13 0.33 0.60 0.13 0.16 0.28 0.06

Pass@]1: probability of success in one trial. Pass@5: probability of at least one success among five repeated trials. R@5: probability of success across all five repeated trials.
The bold values indicate the best-performance metrics of different methods built upon the same base model on ACR-Bench and various tasks.
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which is particularly concentrated on complex single-step tasks. w/o
Choosing Agent corresponds to the experimental setting that removes
the process of choosing knowledge and inputs all entries in the two
libraries to the following Pre-analysis Agent and Analysis Agent, and
its result shows that the choosing agent itself has the ability to choose
proper knowledge entry, thus improving the performance.

We further analyze the task-dependent gains of each module on
analog circuit reasoning. The Planning LLM benefits simple multi-step
tasks, where step-by-step decomposition helps the model follow
correct small-signal or DC derivation chains. However, it slightly
degrades performance on complex single-step tasks, as over-
segmented subtasks may distract from the input knowledge and intro-
duce minor noise. The Splitting LLM benefits complex single-step
tasks by grouping devices into functional blocks. However, it shows a
slight drop in performance on simple single-step tasks. To more
precisely test the influence of the Planning LLM and the Splitting
LLM, we have conducted manual error analysis on these two ablation
settings. The Concept Library and Subcircuit Library mainly benefit
tasks relying on principle consistency and classic circuit adaptation,
which are exactly the two key challenges in analog circuit reasoning.
All modules collectively yield the best performance on the full reason-
ing benchmark, and task-specific noise is limited to narrow categories
rather than widespread degradation. In an EDA application, if the
directly or indirectly targeted circuit analysis tasks mainly fall in one
specific category, adjusting the framework to respond well corre-
spondingly is a good choice.

5.2.4 Manual error analysis

We manually reviewed 604 incorrect answers from two runs of
DeepSeek-V3, ablation setting w/o Pre-analysis Agent (plan), ablation
setting w/o Pre-analysis Agent (split), and full ACR-Agent. Errors

Table 4. Results of ablation study.
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were classified as topology, concept, generalization, approximation, or
expression (Fig. 7). Topology errors reflect an incorrect circuit struc-
ture, concept errors show wrong definitions of parts or parameters,
generalization errors appear when correct ideas are not applied to new
topologies or calculations, approximation errors replace given symbols
with imprecise estimates, and expression errors invent parameters that
were not provided.

More specifically, the criterion for topology errors is the presence of
explicit textual mistakes in describing the topological relationships
within the output. The criterion for concept errors is the output of
incorrect theoretical formulas when defining certain parameters, where
such definitions involve pure conceptual misunderstandings indepen-
dent of the task-specific symbols. The criterion for generalization
errors is errors caused by flawed procedural reasoning in the absence
of concept errors, including mismatches between formulas and task
parameters, mathematical reasoning mistakes, and similar issues. The
criterion for approximation errors is the unjustified omission of certain
parameters either before or after the reasoning process. The criterion
for expression errors is the introduction of parameters that are not
provided in the task statement. All borderline cases that are uncertain
for classification by a single operator are classified following discus-
sion by two experienced human operators.

Most DeepSeek-V3 mistakes fell into concept and generalization
categories, indicating weak coupling between concept and reasoning
and little generation on variant circuits, which is closely related to
shortcomings in circuit design. ACR Agent cuts these two types
sharply and thus improved its ACR-Bench score. The Splitting LLM
(w/o Pre-analysis Agent [plan]) generates more errors in generaliza-
tion capability and expression classification. This is probably because
functional area segmentation breaks intact DC and AC circuits, hinder-
ing the model's analysis of large-scale circuits. Furthermore, the

Method ACR-Bench Simple Single-step Simple Multi-step Complex Single-step Complex Multi-step
e Pass@! Pass@5 R@5 Pass@l Pass@5 R@5 Pass@l Pass@5 R@S5 Pass@l Pass@5 R@5 Pass@l Pass@5 R@5
DeepSeek-V3 0.36 053 0.19 0.54 071 034 0.24 0.44 0.13 0.25 0.52  0.06 0.15 023 0.06
Basic libraries 0.40 0.57 025  0.65 0.81  0.46 0.23 0.38  0.13 0.27 0.53  0.08 0.11 023 0.01
w/o Libraries 0.37 0.57 020 0.7 0.80 032 0.24 036  0.15 0.29 0.58  0.09 0.14 025 0.04
w/o Subcircuit Library 0.39 0.58 022 0.9 0.82 036 0.27 0.41 0.17 0.28 0.54  0.11 0.13 023  0.03
w/o Concept Library 0.41 0.60 0.21 0.64 086 039 0.27 043 0.12 0.32 0.53  0.10 0.10 022 0.00
w/o Choosing Agent 0.41 0.57 024 0.64 0.80 043 0.25 035 0.14 0.30 0.60 0.10 0.13 023  0.03
w/o Constraints 0.41 0.61 0.21 0.65 086 039 0.27 045 0.12 0.33 0.56  0.10 0.10 024  0.00
w/o Pre-analysis Agent (split)  0.42 0.58 024  0.65 0.84 041 0.30 045 0.16 0.25 0.48  0.11 0.14 023  0.03
w/o Pre-analysis Agent (plan)  0.42 0.60 024  0.66 086 043 0.25 035 0.13 0.32 056  0.17 0.15 028 0.02
ACR-Agent 0.44 0.61 026 0.68 0.86 0.46 0.28 037 0.13 0.33 0.60 0.13 0.16 0.28  0.06

Pass@]1: probability of success in one trial. Pass@5: probability of at least one success among five repeated trials. R@5: probability of success across all five repeated trials.
The bold values indicate the best-performance metrics of different methods built upon the same base model on ACR-Bench and various tasks.
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splitting agent occasionally modifies the parameter notations defined
in the tasks during output, triggering expression errors. The Planning
LLM (w/o Pre-analysis Agent [split]) generates more errors in topo-
logical structure and conceptual classification. This phenomenon may
stem from overly refined task settings, which prevent the model from
effectively utilizing the concept library and impair the recognition of
topological paths.

5.2.5 Computational cost analysis

We conducted a computational cost analysis to quantify the addi-
tional token overhead introduced by the ACR-Agent. The results are
shown in Table 5. All experiments are repeated on the full ACR-
Bench dataset, and we report the average per-task consumption
metrics. The Input Tokens and Output Tokens are directly extracted
from the API responses, representing the total number of input and
output tokens consumed per task. The Cache Hit Tokens are also
extracted from the API responses, corresponding to the number of
input tokens served by the input in-cache acceleration. The cached
context and prompts are built upon the previous inputs. To eliminate
cross-contamination of cached tokens between different test rounds,
we use distinct DeepSeek APIs for each round of evaluation. The cost
is calculated based on the actual monetary amount charged by the API

Table 5. Token consumption of ACR-Agent on ACR-Bench.

Method Input tokens ~ Cache hit tokens ~ Output tokens  Cost ($)
DeepSeek-V3 614 158 530 0.0009
ACR-Agent 8,174 5,072 1,513 0.0033
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service. As shown in the table, ACR-Agent significantly increases the
total token consumption. However, with the structured prompt design
and fixed framework, the cache hit rate increases from 26% to 62%,
which effectively mitigates the overhead and results in a moderate rise
in the total per-task cost. Notably, the average cost of ACR-Agent
remains well below US $0.01 per task, demonstrating acceptable
economic efficiency. Given the substantial improvements in canonical
circuit reasoning accuracy and consistency, such a moderate increase
in cost is considered a reasonable trade-off.

5.2.6 Case study of analog circuit reasoning

Four representative successful and failed analog circuit reasoning
tasks are shown in Fig. 8. We selected one representative example for
each of the four problem classifications where ACR-Agent achieved
clear performance improvements over the single-model baseline solu-
tion. We compare the results of DeepSeek-V3 and its agent-enhanced
variant ACR-Agent and found that ACR-Agent successfully over-
comes the previous shortcomings in structure—performance coupled
reasoning:

1. Figure 8a shows a simple single-step task of non-linear circuits.
In its reasoning, DeepSeek-V3 processed nodes sequentially, incor-
rectly determining that transistor Q; was partially shorted, leading to

R
R_l and 0. In ACR-Agent, the Choosing Agent successfully selected

the subcircuit entry 'Transistor Voltage Regulator', and the Analysis
Agent correctly identified that transistor Q; was non-operational.
Combining this with the properties of the operational amplifier, the

Analysis Agent derived the result —i—R.
1

Simple Single-step Task

Simple Multi-step Task

Determine the /frac{Vout} {Vin} of the circuit when Vout is between -
2V_{BE(on)} and 2V_{BE(on)} shown in SPICE code. Assume that
\(V_{BE(on)}).Assuming \(I_S -> 0\) for the transistor. Approximate the op
amp by a voltage - controlled voltage source with a gain of +co.

R1 Qi

Ei Vout

[

For the circuit of SPICE code, assume that V_{CC} ,R_L,and V_{CE}.
Assume that there is sufficient sinusoidal input voltage available at V_i to
drive V_o to its limits of clipping. Calculate the corresponding efficiency
before clipping occurs. Neglect crossover distortion.

Vin

X

Deepseek-V3 Typical Result: Ri, 0
1

X

Deepseek-V3 Typical Result: %

ACR-Agent Result: — ;—R
1

n(Vec—VcE)

ACR-Agent Result: T

Complex Single-step Task

Complex Multi-step Task

Use \(V_{ov}\) for all transistors and \(V_{tn}=-V_{tp}\). Assume \(V_{DD}), \(V_{ic}
=0\) and \(\gamma = 0\) for the two - stage op amp in SPICE code. Assume that switched -
capacitor CMFB is used, which does not limit the output swing. Also, assume that the
common - mode feedback circuit does not limit the output swing. What are the upper limits
for output Vol of the differential amplifier in SPICE code?

For the output stage of SPICE code, assume that \(V_{CC}\).Assume the absolute value of
the maximum positive voltage is greater than that of the maximum negative
voltage.Calculate the circuit efficiency (for the output devices only) before clipping occurs.
Assume sinusoidal signals.You can use \(V_{op}\) to represent the maximum positive
voltage and \(V_{on}\) to represent the maximum negative voltage.(V_{on}<0)

Deepseek-V3 Typical Result: Vpp — Vo, = Vi, Vo — Vin x

T (Vazp +V02n)
4'VCC(Vop +|Von |)

X

Deepseek-V3 Typical Result:

ACR-Agent Result: Vpp —V,,

TVon

ACR-Agent Result: —
4Vcce

Fig. 8 Four representative tasks of successful reasoning and errors. All circuits in tasks are SPICE Netlist, which is simplified by circuit diagrams in the figure.
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2. Figure 8b shows a single multi-step task of output stages. In its
reasoning, DeepSeek-V3 incorporates its background knowledge and
g

directly disregards the given Vg, incorrectly arriving at 7, which is

an example of limited generalization ability. In ACR-Agent, the plan-
ning LLM in Pre-analysis Agent successfully generates a subtask for
output voltage analysis. The Analysis Agent first reasons to obtain the
voltage amplitude V,,, and then, based on this result, reasons to the
7(Vee — Ver)

3. Figure 8c shows a complex single-step task of full operational
amplifiers. In its reasoning, DeepSeek-V3 fails to find a DC path
directly related to the output in its analysis; it outputs that both M; and
M are relevant to the upper voltage limit, and therefore incorrectly
arrives at Vpp —V,, — V;,. It also introduces self-defined variables to
the final result during its reasoning, such as V. In ACR-Agent, the
Pre-analysis Agent's splitting LLM succeeds in extracting the correct
DC path and listing the correct devices in it. The Analysis Agent then
reasons out the voltage of each node in the DC path following the
guidance of subtasks and the correct expression Vpp—V,, step by
step.

4. Figure 8d shows a complex multi-step task of output stages. In its
reasoning, DeepSeek-V3 understands the concept of clipping without
examining the sinusoidal symmetry of the input signal, leading it to a
wrong output-signal amplitude of V,,+|V,,| and an efficiency of

7( pr +V2)
4VCC(V0p + |Von|) ’
representation—reasoning decoupling. In ACR-Agent, the Choosing

correct expression

which is a  typical example of

Table 6. ACR-Agent application in circuit designing on the Analogcoder
benchmark.

https://doi.org/10.48130/ker-0026-0012

Agent successfully selects the concept entry ‘Power in Circuit', and the
Analysis Agent accurately reasons out the correct amplitude —2V,,,
then reasons out the result _7Von based on it.
cc

5.2.7 ACR-Agent in analog circuit design

To verify that our ACR-Agent can effectively integrate with analog
circuit design frameworks, we incorporated the ACR-Agent frame-
work into Analogcoder. We then evaluated the circuit design capabili-
ties of the improved Analogcoder with the open-source Analogcoder
benchmark, which contains 24 analog circuit design tasks with differ-
ent themes and difficulty levels, along with corresponding functional
verification. Using GPT-4.1 and DeepSeek-V3 as the base LLM, we
compare the performance of ACR-Agent-improved and unimproved
Analogcoder (Retry = 3) with and without utilizing subcircuit tools. As
shown in Table 6, the enhanced base LLMs within the ACR-Agent
framework demonstrate significant improvements on the Analogcoder
Benchmark, both with and without utilizing subcircuit tools provided
in Analogcoder. This shows that ACR-Agent with improved analog
circuit structure—performance coupled reasoning can be effectively
applied to enhance the performance of analog circuit design tasks.
However, since physical layout and silicon implementation are not
included in the current validation, the current experiment only shows
its potential to future practical use. Detailed results of ACR-Agent in
analog circuit design are shown in Appendix AS.

5.2.8 Case study of analog circuit design

Four representative designs of DeepSeek-V3 and its agent-enhanced
variant ACR-Agent in Analogcoder, utilizing subcircuit tools, are
shown in Fig. 9. We selected two representative tasks that best demon-
strate the performance improvements achieved by integrating ACR-
Agent into Analogcoder. For the four selected analog circuit designs,

Analogcoder (w/o tools) Analogcoder . " . . . . . .
Model Metrics in addition to conducting simple functional verification using Analog-
Base ACR-Agent Base ACR-Agent coder's built-in PySpice-based verification tool, we manually stimu-
Pass@]1 0.57 0.59 0.69 0.72 lated and validated the circuit effectiveness on SMIC18mmRF after
GPT4.1 : : 4 :
Pass@5 0.68 0.70 0.90 0.96 simple voltage scaling. SMIC18mmRF is a process library developed
DeepSeck-V3 Pass@1 0.54 0.60 0.63 0.69 by Semiconductor Manufacturing International Corporation (SMIC)
Pass@s 0-62 0.7 0.82 0-88 for the 180 nm RF CMOS process, commonly used in the design and
Deepseek-V3 ACR-Agent
Vbigg
Cascode
Current
Mirror
Op-amp
GND

Fig. 9 Four representative design of DeepSeek-V3 and ACR-Agent based on DeepSeek-V3 in Analogcoder with utilizing subcircuit tools. All circuits in their

design are PySpice code, which is simplified by circuit diagrams in the figure.
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simulation of analog circuits, especially RF circuits. In this part, all
circuits marked success have passed the performance verification on
SMIC18mmRF, demonstrating their preliminary practical potential for
circuit design. We compare the designs of DeepSeek-V3 and its agent-
enhanced variant ACR-Agent in Analogcoder and find that the circuits
designed by ACR-Agent are more practical and better able to handle
complex circuit topologies:

1. The Cascode Current Mirror section presents two successful
stable current sources based on current mirror designs. Even though
clearly requested in Analogcoder, DeepSeek-V3 fails to output any
reasoning text before outputting Spice code. It designs the same ideal
Cascode Current Mirror in every successful trial. The stable operation
of the circuit relies on a stable fixed voltage bias, and it fails to work
stably when the process variation of the actual chip or the load fluctua-
tion is excessive. In addition, the designed circuit includes an ideal
current source. The design of ACR-Agent is more practical and
diverse with its accurate knowledge and serious circuit splitting. It
utilizes Mg to generate a PMOS bias aligned with NMOS, which
adapts to the chip process and temperature, thereby improving the
stability of the chip. It also replaces the ideal current source with a
PMOS active current source, allowing current adjustment by modify-
ing its parameters.

2. The Op-amp section presents one successful and one failed Tele-
scopic Cascode Operational Amplifier design. DeepSeek-V3 in
Analogcoder designs a failed Operational Amplifier after a long text of
reasoning. In terms of feedback in the Analogcoder framework,
DeepSeek-V3 also fails to deeply analyze its previously designed
circuit and find the mistakes, but generates a new Op-amp from the
very beginning. Thus, in the final output of Analogcoder, it incor-
rectly connects the sources and drains of M3 and My, causing these
two PMOS transistors to malfunction, ultimately resulting in the fail-
ure of the entire circuit. In contrast, ACR-Agent splits the targeted
circuit into several parts, provides reasonable guidance for topology
generation, and accurately handles the topology of nine MOS transis-
tors, designing a combination of a current mirror and an amplifier. It
also precisely configures four bias voltages, enabling the operational
amplifier to function properly.

6 Conclusions

We advance large language models in canonical analog circuit anal-
ysis in analog circuit design by strengthening their structure—perfor-
mance coupled reasoning. Specifically, we propose ACR-Agent, a
multi-agent framework that plans, separates, and solves circuit-reason-
ing tasks, and construct ACR-Bench, the first benchmark for rigorous
evaluation, to test the effectiveness of ACR-Agent. Experiments show
that ACR-Agent both outperforms established design baselines on
ACR-Bench and boosts the effectiveness of existing circuit-design
LLMs, showing promising transfer potential toward practical usage.

The current study is limited by the reliance on general-purpose
foundation models, the increase in tokens consumed, and the scale of
the dataset. Future work will explore post-training techniques to create
a dedicated analog-design assistant, further decrease the computa-
tional consumption, and expand the range of circuit-reasoning tasks.
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