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Abstract
Vision Language Models (VLMs) have shown strong per-
formance in multimodal understanding, offering promise for
the circuit-to-netlist translation task. However, the diverse
component symbols and complex connections in circuit im-
ages challenge VLMs in understanding physical layouts and
reasoning for electrical connection logic. To address these,
we propose Circuit-Think, the first multimodal reasoning
framework for the automated circuit-to-netlist translation
task, which employs a Trajectory-Guided Reinforcement
Learning (TGRL) paradigm for structured logical reasoning
on circuit images. Circuit-Think initializes reasoning capa-
bilities through supervised fine-tuning (SFT) on image-netlist
pairs, then optimizes reasoning trajectories and netlist gener-
ation decisions using TGRL. Firstly, TGRL introduces a step-
by-step reasoning paradigm, which guides the model with
stepwise reward functions to simulate the human cognitive
trajectory of “identifying ports, recognizing devices, and in-
ferring connections”. Secondly, we customize a multi-level
reward that maps reasoning and answers into graph struc-
tures and node sets, jointly optimizing logical consistency
and netlist accuracy via graph similarity and set matching.
Thirdly, TGRL contains a reflective learning mechanism for
low-scoring samples, which corrects the reasoning trajec-
tory through reference answers as hints, avoiding local op-
tima caused by sparse reward signals or erroneous reason-
ing paths. Moreover, we construct a circuit image-netlist rea-
soning dataset with 3,100 samples, offering step-by-step an-
notations for converting circuit images to netlists. Extensive
experiments demonstrate that Circuit-Think achieves SOTA
netlist accuracy and significantly improves the accuracy of
downstream tasks.

Datasets — https://github.com/7jiangyq/CircuitThink

Introduction
The circuit-to-netlist translation task aims to extract elec-
trical components and interconnections from circuit images
and convert them into a standardized SPICE netlist format.
Unlike the visual representation of circuit images, the SPICE
netlist (Bhandari et al. 2024) structurally describes compo-
nent types, connections, and electrical properties, eliminat-
ing the layout complexity and symbol diversity inherent in
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images. Therefore, by introducing the SPICE netlist as a
unified circuit representation, it provides readable input for
downstream tasks, such as circuit QA and optimization (Shi
et al. 2024; Jiang et al. 2025), thereby reducing the interpre-
tive bias caused by differentiated visual layouts.

In recent years, many methods have defined the circuit-
to-netlist translation task as an image description problem.
Computer vision-based methods (Zhang et al. 2022; Shi
et al. 2025a; Jin et al. 2025) rely on fixed rules and al-
gorithms to identify component types and connections, but
their lack of a global layout perspective makes it difficult to
handle scenarios such as component occlusion and symbol
variations. Traditional Vision Language Models (VLMs)-
based methods (Chen et al. 2024; Jiang et al. 2024) endow
them with cross-modal semantic understanding through su-
pervised fine-tuning (SFT) on circuit data, enhancing ro-
bustness in recognizing unconventional connection struc-
tures. However, this method treats reasoning as a static map-
ping from circuit images to SPICE netlists, neglecting the
dynamic logical constraints and structural verifiability re-
quired for circuit decision-making. Therefore, when dealing
with circuits involving multi-component functional collab-
oration, they fail to dynamically model the logical relation-
ships within the circuit layout, limiting their generalization.

Reasoning VLMs are expected to become powerful tools
for efficient inference in circuit-to-netlist translation tasks.
Their advanced reasoning capabilities are attributed to the
integration of Chain-of-Thought (CoT) (Ge et al. 2023;
Zhang et al. 2024; Xu et al. 2024), which guides the grad-
ual unfolding of the reasoning process to solve problems,
thereby suppressing overfitting to the training data. Despite
these advancements, the current training paradigm, such as
Group Relative Policy Optimization (GRPO) (Guo et al.
2025), implicitly constrains the reasoning process with an-
swer correctness, which often results in erroneous or self-
contradictory reasoning logic, as shown in Figure 1. Partic-
ularly when dealing with real-world circuit scenarios, mis-
understandings or omissions in node connections divert rea-
soning from the correct path. Even if the answer is correct by
chance, the disconnection between reasoning and answer re-
duces interpretability. Furthermore, most existing paradigms
cannot locate and correct reasoning trajectories, preventing
the tracing and adjustment of biases, thus limiting their gen-
eralization ability in large-scale complex circuits.
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VLM with GRPO Reasoning

3 VLM with TGRL Reasoning (Ours)

Question：What 
is the SPICE 
Netlist 
corresponding to 
the circuit image?

Answer：[M1 node4 node5 
node5 PMOS]... 

Without Reasoning

Question：What is the SPICE Netlist 
corresponding to the circuit image?

Answer：<think> It looks like a CMOS
inverter, with two transistors: M1 (PMOS)
and M2 (NMOS) both connected with Vin ...
</think>   
<answer> [M2 node2 node3 node5 NMOS]... 
</answer>

Question：What is the SPICE Netlist corresponding to the 
circuit image?

Circuit Structure Reasoning

Visual Hallucination and Topological
Reasoning Inconsistency Consistent with the circuit image reasoning paradigm

1 ...

Device Count

...
2 3 4 13 14

Direct image inference is very difficult…Can I first generate the 
SPICE Netlist from the circuit image using VLM for querying?

Circuit Structure Parse Failed

Visual Reasoning Consistency and Correctness

Circuit-Think：<think> There are two MOSFET transistors 
labeled M1 and M2, with five port named Vin, Vb, VDD, Vout 
and GND. The gate of M1 is connected with Vin ... 
<Port> VDD(Port)[[143, 33, 192, 49]]... </Port> 
<Device> M2(PMOS)[119, 77, 171, 132]... </Device>  
<Connection>  node1: [VDD, M2.S]... </Connection>
</think> 
<answer> [M2 node4 node3 node5 NMOS]...  </answer>

Basic VLM

Circuit Image Querying

1 2

Circuit-Netlist Reasoning Data

SPICE Netlist：
[Vb node2 0]
[VDD node1 0]   [Vin node4 0]
[GND node5 0]  [Vout node3 0]
[M2 node2 node3 node1 PMOS]
[M1 node4 node3 node5 NMOS]Thinking Thinking

1 2 Only Circuit  w/ Netlist

Training

Figure 1: Motivation and advantages of our proposed framework. The top-left corner shows the assistance of SPICE netlist hints
in answering circuit image questions. The top-right corner presents our constructed circuit image-netlist dataset and its difficulty
distribution. Below are three VLM models: one without reasoning ability, one trained with Group Relative Policy Optimization
(GRPO), and one trained with TGRL. Results show that our framework outperforms others in circuit image reasoning.

To overcome these, we propose Circuit-Think, the
first reasoning VLM framework tailored for automated
circuit-to-netlist translation, which is designed to gener-
ate structured SPICE netlists from complex circuit im-
ages. The framework first employs SFT to warm up the
model’s reasoning ability, and then adopts the pioneer-
ing Trajectory-Guided Reinforcement Learning (TGRL)
learning paradigm to constrain reasoning logic, generate ac-
curate SPICE netlists, and correct reasoning biases. To ac-
tivate TGRL, we first introduce a step-by-step reasoning
paradigm that sequentially identifies ports, devices and con-
nections. And a stepwise reasoning reward function that uti-
lizes type-region recognition and list element matching is
customized to constrain the direction and quality of this rea-
soning trajectory. Secondly, we develop a netlist accuracy
reward based on node set matching, and a graph consis-
tency reward that compares the similarity between reason-
ing and answer. These reward signals maximize the cumu-
lative precision feedback and guide the model toward high-
accuracy SPICE netlists and reasoning paths aligned with
ground truth logic. Lastly, to improve the stability and ef-
ficiency of TGRL, a reflective learning mechanism adjusts
the reward values by actively incorporating reference an-
swers, facilitating the model to converge faster and improve
decision-making trajectories in sparse reward signals.

We construct a reasoning dataset with 3,100 circuit
image-netlist pairs to support our framework training. It in-
cludes images of varying complexity, with reasoning involv-
ing ports, device positions, connections, and the correspond-

Circuit Image

SPICE Netlist

[Vb node2 0]      [VDD node1 0]
[Vin node4 0]     [GND node5 0]
[Vout node3 0]
[M2 node2 node3 node1 PMOS]
[M1 node4 node3 node5 NMOS]

Port: Vb、VDD、
       Vout、Vin、
       GND
Device: M2、M1
Connection

{VDD, M2.S}
{M2.G, Vb}
{M2.D, Vout}
{M2.D, M1.D}, 
{M1.G, Vin}
{M1.S, GND}

Graph Representation
VDD

Vout

GND

Vin

Vb M2

M1S

S
D

D
G

G

1 2

34

Labeling

Figure 2: Given a circuit image, the ports, devices, and con-
nections are identified to derive the corresponding SPICE
netlist. Each netlist can be uniquely represented as a graph.

ing SPICE netlist topology, as shown in Figure 2. Bench-
mark results show that Circuit-Think, trained with minimal
data, outperforms existing models in SPICE netlist accuracy
across multiple datasets, demonstrating strong generaliza-
tion. Our contributions are as follows:

• We propose Circuit-Think, the first multimodal reason-
ing framework based on the Trajectory-Guided Rein-
forcement Learning training paradigm, applying step-by-
step reasoning to automated circuit-to-netlist translation.
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Stage 1: SFT Activation

Full SFT
Pretrained 

VLM 

Initial Policy Model

Stage 2: TGRL Enhancement

TGRL

     Policy Model

Multi-Level Reward Calulation 

Stepwise 
Reasoning Reward

Netlist Accuracy 
Reward

Format
Reward

Circuit-Netlist DataCircuit-Netlist Data
w/ CoT

Reference
Model

KL Divergence
output

Sum

High Reward

Low Reward

Reflective Learning

Answer Hint 
+ Question

Trigger

Group Computation + Policy Gradient Upate

Reference Answer Hint + Bias Correction

Prompt：During reasoning, output the 
identified Ports (format: name (type) 
[[bbox]]), Devices (format: name (type) 
[[bbox]]), and Equipotential Connection 
Relations (format: node<digit>: [device 
name.port, device name.port, ...]).

Answer：<Port> VDD(Port)[[143, 33, 192, 49]]... 
</Port>     <Device> M2(PMOS)[[119, 77, 171, 132]]... 
</Device>  <Connection>  node1: [VDD, M2.S]... 
</Connection>

reward: 0/0.5 reward：0/0.5

reward: 0/1

Stepwise Reasoning Reward
Prompt：Output the answer in 
netlist format, with each line 
in the following list format: 
[device name, node1, node2, 
node3, device type].

Answer：[R1 node1 node2 Resistor]
[R2 node1 node3 Resistor]
[M4 node4 node2 node5 NMOS]  ....

Netlist Accuracy Reward

Convert to Set：node1: {R1, R2};  node2: 
{R1, M4.D}; node3: {R2}; node4:{M4.G}; 
node5:{M4.D}.....

Reasoning-Graph：
Graph Consistency Reward

Answer-Graph：

Format Reward
Prompt：The reasoning is enclosed within 
<think> </think> tags, containing: <Port>, 
<Device>, and <Connection>. The answer is 
enclosed within <answer> </answer> tags.

reward：0/1

reward：0~1

reward：0~1

M2.S

VDD

M4.D
Vb

M1.G

M1.S
GND M2.G

M2.D

Vout

M1.D

M1.S
VDD

M4.D

Vb

M1.G

M2.S

GND

M2.G

M2.D

Vout

M1.D

Graph Consistency 
Reward

Figure 3: The architecture of Circuit-Think. Pre-train the model with SFT, then apply TGRL to enhance circuit-to-netlist trans-
lation abilities through the circuit-specific reward and reflective learning mechanism. Present scores for four reward functions.

• We tailor a multi-level reward mechanism for circuits that
progressively evaluates reasoning direction, netlist qual-
ity, and logical consistency, filling the gap in dynamic
reasoning optimization.

• We introduce reflective learning that corrects reasoning
biases through reward feedback and answer hints, han-
dling the challenge of tracing visual reasoning.

• We construct a circuit image-netlist reasoning dataset,
improving the circuit-to-netlist translation accuracy by
43.79% and boosting performance in downstream multi-
scenario QA tasks by 19.44%.

Preliminaries
Dataset Construction
We systematically construct a dataset of 3,100 high-quality
circuit image-netlist pairs from public sources (Gao et al.
2025), covering analog, digital, and mixed-signal designs
ranging from simple to complex systems. Subsequently,
components within these images were precisely annotated,
and the YOLO11 model (Jocher and Qiu 2024) was trained
on this annotated dataset for automated component detec-
tion and bounding box annotation. Given the complexity of
circuit topologies and connections, we incorporate human
expert intervention to ensure accuracy. Specifically, experts
establish correct connection relationships based on electri-
cal principles and generate their SPICE netlists. Each data
entry follows a standardized JSON, containing three main
reasoning steps, and undergoes rigorous quality control.

AI for Circuit-to-Netlist Translation
Circuit images contain component layouts and connections,
while SPICE netlists provide a more structured description.

With deep learning advancements, many studies explore
converting circuit images into SPICE netlists for analysis.
For example, Hemker et al.(Hemker et al. 2024) decompose
circuit images into component detection, wiring detection,
and text recognition to convert them into SPICE netlists; Tao
et al.(Tao et al. 2024) use a data-driven approach to map
circuit images to netlists. However, existing models strug-
gle to understand and reason about complex topologies, par-
ticularly when handling circuit images with interwoven ele-
ments and intricate connections.

VLMs for Circuit Image Analysis
VLMs demonstrate exceptional multimodal understanding
and reasoning capabilities in image analysis tasks. These
models combine image and text information, enabling them
to parse complex components and connections in circuit im-
ages effectively. For example, MAPS (Zhu et al. 2025) com-
bines a physical perception model and simulation process,
enhancing VLM’s ability in the physical domain through
SFT. Auto-SPICE (Bhandari et al. 2024) improves the ac-
curacy of analog circuit netlist generation through circuit
labeling, prompt tuning, and netlist verification. However,
current VLMs primarily depend on surface image informa-
tion and lack effective reasoning, often overlooking implicit
logic and structural patterns in circuit images, resulting in
inaccuracies and inconsistencies in netlist generation.

Our Framework
Figure 3 illustrates the two-stage training pipeline of Circuit-
Think. Firstly, Qwen2.5-VL (Bai et al. 2025) is fine-tuned
via SFT to enhance reasoning capabilities; in the second
stage, TGRL is applied to improve circuit image analysis
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and SPICE netlist generation. Next, we provide a detailed
explanation of the TGRL learning paradigm.

TGRL: Step-by-Step Reasoning Paradigm
Since the same SPICE netlist may correspond to mul-
tiple circuit image layouts, the circuit-to-netlist transla-
tion task is inherently a multistep constraint satisfaction
problem. Therefore, we propose a step-by-step reasoning
paradigm based on stepwise decision-making through “port-
device-connection” decoupling, simulating the human cog-
nitive logic of “locating interfaces-identifying components-
establishing associations” when analyzing circuit layouts, as
shown in Figure 4. This paradigm follows a clear, struc-
tured reasoning path that reduces the difficulty of joint multi-
attribute learning while preserving the space to explore alter-
native reasoning pathways.

Specifically, during the reasoning process, the model is
required to identify the names, types, and relative coordi-
nates of the ports and devices. Based on the results of these
two steps, the model establishes the electrical connections
between the device ports. To prevent the continuation of er-
roneous reasoning paths, if the reward score for any step falls
below a predefined threshold, subsequent reasoning steps
will not receive any rewards. This dynamic reasoning mech-
anism can be represented as:

Statet = g(
t−1∑
i=1

Statei),

Rthink(t) =

{
fthink(t)(Statet), if Rthink(t−1) > τ1
0, if Rthink(t−1) < τ1

,

(1)

where Statet is the reasoning state at step t ∈ {0, 1, 2, 3},
g(·) and fthink(t)(·) are the reasoning state update and reward
functions for step t, τ1 is the threshold that changes with
training steps, starting at 0.5 and gradually increasing to 0.8,
and Rthink(t) is the reward score for the reasoning step t.

TGRL: Multi-level Reward Mechanism
Traditional single-reward mechanisms typically focus only
on the final SPICE netlist quality, neglecting reasoning qual-
ity and logical consistency. This may lead to the “gam-
bling optimization” strategy, where the model improves the
SPICE netlist quality through random simplifications rather
than stable optimization, thereby disrupting the learning of
the circuit’s physical and electrical properties and reduc-
ing the interpretability of the reasoning process. Given that
the reasoning chain may be logically inconsistent with the
prompt or the final SPICE netlist, this bias exacerbates error
accumulation. So we propose a multi-level reward mecha-
nism that decomposes the global reward signal into three
fine-grained rewards across “reasoning-answers-logic.” We
define the multi-level reward score as:

Rtotal = αRthink + βRanswer + γRlogic + δRformat, (2)

where α, β, γ and δ are four parameters set to 0.2, 0.4, 0.2,
and 0.2, respectively.

Answer: Based on the result I observed, the SPICE netlist is: [Vb node2 
0] [VDD node1 0] [Vin node4 0] [GND node5 0] [Vout node3 0] [M1 
node4 node3 node5 NMOS] [M2 node2 node3 node1 PMOS].

First ,  let  me identify the port  information in this  image: 
VDD(Port)[[143, 33, 192, 49]] GND(Port)[[149, 347, 182, 380]] 
Vin(Port)[[69, 270, 86, 287]] Vb(Port)[[70, 95, 86, 112]] 
Vout(Port)[[225, 205, 241, 221]].

Question: 
Please generate a 
corresponding 
SPICE netlist for 
this circuit 
image.

Step-by-Step Reasoning

Next, I need to identify the devices. The image includes the following 
devices: M2(PMOS)[[119,77, 171,132]] M1(NMOS)[[119,253,172,307]].

To generate a SPICE netlist, I need to identify the ports, devices and 
connections between them. Below is my detailed reasoning process:

 Identifying Devices

 Identifying Ports

 Capturing Connection
Finally, I need to capture connections. By analyzing the image, I 
obtain the equipotential connection relationships: node1: [VDD, 
M2.S] node2: [M2.G, Vb] node3:[M2.D, Vout, M1.D] node4: 
[M1.G, Vin] node5: [M1.S, GND].

Circuit Image

Figure 4: An example of step-by-step reasoning for circuit
image to netlist translation.

Stepwise Reasoning Reward (Rthink) Based on the step-
by-step reasoning paradigm, we score the three reasoning
steps using structured measurement criteria to quantify the
compliance of the reasoning chain. In the port and device
recognition stage, the unified format “name (type) [[bbox]]”
is adopted, with dual rewards for semantic and geometric
space. The semantic reward is awarded 0.5 points for match-
ing the same “name (type),” and the geometric reward is
given 0.5 points for calculating the mean Intersection over
Union (mIoU ≥ 0.5) of normalized bounding boxes, with
each total score being 1 point. In the connection relationship
validation stage, the connections are described in the format
“node<ID>: [device name.port, . . . ],” which is treated as a
list of device-port pairs. We design a list reward mechanism,
scoring 1 point by matching the list length and aligning the
elements. All scores range from 0 to 1. This reward enhances
the VLM’s spatial understanding and evaluates the reason-
ing chain’s correctness.

Netlist Accuracy Reward (Ranswer) To constrain the
topological accuracy of the generated SPICE netlist and pro-
vide more stable reward signals for small-scale sets, we con-
struct a continuous reward function based on set matching.
This method applies regularization constraints to map the
list of SPICE netlist (e.g., “[VDD node1], [Vb node2], [R1
node1 node2 Resistor]”) into the connection sets between
devices and ports (e.g., “(VDD, R1), (Vb, R1)”). The re-
ward is derived by comparing the proportion of equivalent
connections between the ground truth SPICE netlist set Cgt
and the generated SPICE netlist set Cpred, thus rewarding the
correctly matched node sets in the generated SPICE netlist.
The reward score can be expressed as:

Ranswer =
2× |Cgt ∩ Cpred|
|Cgt|+ |Cpred|

, (3)

where ∩ is the intersection.

Graph Consistency Reward (Rlogic) Since the generated
reasoning chain differs in format from the SPICE netlist and
cannot be directly evaluated, we use a unified graph structure
to quantify their similarity, which enforces the logical con-
sistency between reasoning and answers. Specifically, we
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employ the Depth-First Search (DFS) algorithm to extract
the SPICE netlist and reasoning connection graphs. To elim-
inate node naming discrepancies (e.g., mapping “node1”
in the SPICE netlist to “node5” in the reasoning graph as
equivalent nodes), we compare the adjacency relationships
of nodes to determine their equivalence. Even if node names
differ, they can be considered equivalent as long as they con-
nect to the same node type and share the same connectiv-
ity pattern. In the graph, each endpoint represents a port or
device in the circuit image, while edges represent the con-
nectivity between endpoints. By comparing the overlapping
portions of corresponding edges in the reasoning connection
graph G and the SPICE netlist graph Ĝ, we compute the
similarity and provide a reward. The reward score can be
expressed as:

Rlogic =

∑n
i=1

∑m
j=1 I(Gei = Ĝej )∑n

i=1

∑m
j=1 I(Gei = Ĝej ) + I(Gei ̸= Ĝej )

, (4)

where ei and ej are the i-th and j-th edges in graphs G and
Ĝ, respectively, and I is the indicator function used to deter-
mine whether the two edges are equal or not.

Format Reward (Rformat) This reward encourages the
model to adopt a structured reasoning process, requir-
ing it to output reasoning steps within the <think> and
</think> tags, with the reasoning content explicitly includ-
ing the <port> and </port>, <device> and </device>,
and <connection> and </connection> tags. The final an-
swer is between the <answer> and </answer> tags.

Rformat =

{
1, Format Correct,
0, Otherwise.

(5)

TGRL: Reflective Learning Mechanism
In the circuit-to-netlist translation task, we observe that the
model receives low reasoning rewards during the initial ex-
ploration stage. Due to sparse reward feedback and error ac-
cumulation, the model struggles to receive sufficient posi-
tive feedback and is prone to getting stuck in local optima
or halting learning. To address this issue, we propose a re-
flective learning that, when all reward values Rtotal fall be-
low a certain threshold, actively provides reference answers
as hints for low-reward samples, encouraging the model to
reverse-engineer the reasoning trajectory based on the con-
nection relationships and electrical properties in the SPICE
netlist. Based on the improved reward results, we adjust the
final score by calculating the difference between the reflec-
tive and original rewards, granting additional rewards only
when a positive improvement occurs. If no positive improve-
ment is made, a relative penalty is introduced to guide the
model toward further optimizing the reasoning process. The
final reward score is:

R̂total =

{
Rtotal, if Rtotal > τ2

Rtotal + λref · max(0,Rtotal,hint−Rtotal)
1−Rtotal+ϵ , if Rtotal ≤ τ2

,

(6)
where Rtotal,hint is the reflective reward from the reference
answer, λref is the reference reward weight, set to 0.6, ϵ is

Methods Training Steps

50 100 150 200

SFT 37.13 36.85 36.01 34.78 (+0.00%)
DPO 35.30 36.72 39.58 42.15 (+21.19%)
PPO 35.16 37.14 38.63 40.09 (+15.27%)
GRPO 35.94 37.02 38.81 40.23 (+15.67%)
TGRL 38.73 47.51 54.36 60.17 (+73.00%)

Table 1: The performance of Qwen2.5-VL 7B on our dataset
with TGRL v.s. other tuning methods.

the stability constant, set to 1e-6, and τ2 is the threshold, set
to 0.7.

TGRL: Overall Optimization Objective
The TGRL training paradigm in Circuit-Think optimizes the
reasoning trajectory and answer accuracy based on relative
differences within groups. Given a query x, generate N sam-
ples {Ôi}Ni=1 from the old policy πθold , TGRL objective is:

JTGRL(θ) = Ex,{ôi}∼πθold

[
1

N

N∑
i=1

Li − βDKL(πθ ∥ πref)

]
,

(7)
where the loss Li can be defined as:

Li = min

[
πθ(ôi|x)
πold(ôi|x)

Âi, clip
(

πθ(ôi|x)
πold(ôi|x)

, 1− ϵ, 1 + ϵ

)
Âi

]
,

(8)
and the normalized advantage Âi is:

Âi =
R̂total,i − mean

(
{R̂total,1, . . . , R̂total,N}

)
std

(
{R̂total,1, . . . , R̂total,N}

) , (9)

where β and ϵ are hyperparameters.

Experiments
Experimental Settings
Implementation Details We use Qwen2.5-VL-7B (Bai
et al. 2025) as the base model, starting with 2 epochs of full-
parameter SFT followed by 200 steps of TGRL fine-tuning
on the pretrained model. During the two-stage training, the
batch size is set to 16, with 8 samples per training step, an
initial learning rate of 1e-6, and weight decay of 0.01. The
training is conducted on 8 NVIDIA A100 GPUs.

Datasets We conduct two-stage training using our circuit
image-netlist dataset, which includes 2,500 training and 600
test pairs. During training, SFT is performed on a 1,000-
sample subset, and TGRL uses the full training set. We eval-
uate SPICE netlist accuracy on our test set and the AMSNet
dataset (Tao et al. 2024), and assess downstream circuit QA
accuracy on the AMSBench dataset (Shi et al. 2025b).

Evaluation Metrics We evaluate circuit-to-netlist trans-
lation accuracy from two dimensions: answer accuracy is
computed using the Jaccard similarity between the predicted
and ground-truth SPICE netlists, while logic consistency is
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Models Params Thinking Accuracy ↑

Our Dataset AMSNet Dataset†

GPT-4o 200B × 39.08 53.83
Qwen2.5-VL 72B × 35.05 47.15
QVQ-Preview 72B ✓ 43.41 25.40
Deepseek-V2 27B ✓ 33.56 33.75
GLM-4.1V 9B ✓ 31.92 38.44
Qwen2.5-VL 7B × 37.13 25.04

AMSNet - ∗ × 27.14 -
Auto-SPICE - ∗∗ × 29.48 58.90

Circuit-Think 7B ✓ 73.27 69.32

† constructed using AMSNet. Therefore, it achieves 100% the-
oretical performance on itself.
∗ It uses the YOLO-V8 for component detection and generates
the netlist pseudocode according to predefined rules.
∗∗ It annotates the images using YOLO-V8 and generates the
netlists using GPT-4o.

Table 2: The SPICE netlist accuracy on our circuit image-
netlist dataset and the AMSNet dataset.

measured by comparing the predicted SPICE netlist with
the intermediate connection reasoning via Jaccard similar-
ity. For circuit QA tasks, Accuracy is the evaluation metric.

Main Experiment Results
TGRL Learning Paradigm Result Table 1 compares dif-
ferent fine-tuning paradigms on Qwen2.5-VL 7B (Bai et al.
2025). We compare SPICE netlist accuracy within 200 steps.
The results show that the proposed TGRL paradigm im-
proves accuracy by 25.39% over traditional SFT at 200
steps, while SFT exhibits overfitting in later steps. Addition-
ally, TGRL outperforms the reinforcement learning-based
GRPO technique by 19.94% in accuracy. These results show
that TGRL steadily improves model performance and sig-
nificantly enhances the model’s generalization and robust-
ness in complex circuit-to-netlist translation tasks. Figure 5
shows the reward scores for format, reasoning, netlist, and
logic over 200 steps in TGRL. The results indicate steady
improvement in all dimensions as training progresses.

Circuit-to-Netlist Translation Result We compare
Circuit-Think with other general VLM models on our
dataset and the publicly available AMSNet dataset (Tao
et al. 2024) for circuit-to-netlist accuracy. As shown in
Table 2, Circuit-Think improves SPICE netlist accuracy
by 34.19% over the closed-source GPT-4o with reasoning
capabilities on our dataset, and more than 15.49% on the
AMSNet dataset. Compared to Auto-SPICE (Bhandari et al.
2024) based on computer vision, Circuit-Think improves by
43.79% on the custom dataset and over 10.42% on the AM-
SNet dataset. Despite fine-tuning on a small-scale dataset,
these results demonstrate that the 7B model outperforms
larger models, showcasing state-of-the-art performance
and strong generalization capability. Furthermore, Figure 4
illustrates a complete example of the reasoning process
from circuit image parsing to SPICE netlist generation.
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Figure 5: Batch-wise reward comparison during training:
Circuit-Think v.s. w/o Reflective Learning Mechanism.

Circuit Image QA Result We evaluate QA accuracy
across multiple circuit image QA scenarios on the AMS-
Bench dataset (Shi et al. 2025b) to assess the effectiveness of
our framework on downstream tasks. We compare the results
of using only circuit images and using both circuit images
and SPICE netlists generated by Circuit-Think. As shown in
Table 3, in the Connection Identification scenario, Gemini-
2.5-pro (Comanici et al. 2025) achieves a 10.97% improve-
ment, and Qwen2.5-VL 72B (Bai et al. 2025) improves by
9.2%. The results demonstrate that integrating SPICE netlist
information significantly enhances performance across mul-
tiple circuit image QA scenarios, validating the auxiliary
role of the netlist in this task and further confirming the ef-
fectiveness of our SPICE netlist generation method in sup-
porting reasoning and improving QA accuracy.

Ablation Results
We conduct ablation studies to validate the effectiveness of
reward functions and reflective learning mechanism.

Soft v.s. Hard Format Reward We apply three levels of
format constraints (w/o: no format constraint, Soft: con-
straining only think and answer, strict: constraining think,
port, device, connection, and answer together) to evaluate
their impact on SPICE netlist accuracy and logic consis-
tency. As shown in Table 4, removing constraints reduces
accuracy to 39.21%, while stricter constraints significantly
improve both metrics. This indicates that the step-by-step
reasoning paradigm effectively regulates the reasoning tra-
jectory and enhances task performance.

Design of Stepwise Reasoning Reward We evaluate the
effectiveness of stepwise reasoning rewards across three key
stages: port recognition, device recognition, and connection
reasoning. Port and device recognition involves type clas-
sification and location identification. As shown in Table 5,
incorporating port and device recognition increases SPICE
netlist accuracy from 45.76% to 48.13% and improves logic
consistency by approximately 22%. With connection rea-
soning added, both metrics improve significantly. Results
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Models Input Element Connection Connection Function Total Type-wise
Classification Identification Judgment Counting Counting

GPT-4o Image 87.01 64.36 70.78 81.50 57.73 56.49
+ Netlist† 94.33 68.70 77.78 92.86 59.51 75.93

Gemini-2.5-pro Image 92.99 67.09 79.17 91.72 58.59 76.13
+ Netlist† 93.80 78.06 87.18 93.50 54.35 78.95

Claude-4-Sonnet Image 91.67 61.80 64.67 78.89 52.72 71.32
+ Netlist† 93.75 67.45 73.05 89.80 59.30 79.03

Qwen2.5-VL-72B Image 86.49 57.38 74.83 81.58 33.77 54.33
+ Netlist† 88.86 66.58 78.57 89.00 47.73 67.12

† indicates that the images are first translated into SPICE netlists by our framework and then fed into the models to enrich the input.

Table 3: The accuracy of representative VLM models across multiple downstream tasks is compared on the AMSBench
dataset (Shi et al. 2025b), using our Circuit-Think as a prefix to extract the netlist or not.

Models Type Accuracy ↑
Answer ↑ Logic ↑

Circuit-Think w/o 39.21 -
Circuit-Think Soft 52.69 65.83
Circuit-Think Strict 73.27 85.76

Table 4: Ablation on various format constraints.

highlight the critical role of stepwise constraints in enhanc-
ing netlist quality while maintaining logical consistency.

Design of Bbox and Type Table 6 evaluates the accu-
racy impact of type classification and location identification.
When port and device type classification is removed (w/o
port/device type), SPICE netlist accuracy drops to 47%, and
logical consistency is not maintained. It shows that identify-
ing component types and port attributes is fundamental for
understanding circuit structures and determining functional
relationships during reasoning. When location identification
is removed (w/o port/device bbox), SPICE netlist accuracy
drops to 49%. It shows that type classification and location
identification play distinct yet complementary roles in cir-
cuit interpretation: type information is more critical for con-
structing the structural framework, while spatial information
ensures accurate inference of positional relationships.

Strategy of Reasoning Logic To evaluate the impact of
the step-by-step reasoning paradigm and logic consistency
constraint, Table 6 reports ablation results. Removing the
“port-device-connection” trajectory (w/o step-by-step) re-
duces SPICE netlist accuracy to 35.38%, indicating that the
absence of structured reasoning disrupts the reasoning chain
and impairs netlist generation. Omitting the logic consis-
tency reward (w/o Rlogic) also decreases accuracy, highlight-
ing the importance of maintaining alignment between the
reasoning process and netlist output for reliable results.

Strategy of Reflective Learning Mechanism As shown
in Table 6, removing the reflective learning (w/o Reflective
Learning) reduces SPICE netlist accuracy from 73.27% to
65.76% and logic consistency from 85.76% to 70.10%. Fig-

Port Device Connection Accuracy ↑
Answer ↑ Logic ↑

× × × 45.76 41.45
✓ × × 45.93 59.39
✓ ✓ × 48.13 63.82
✓ ✓ ✓ 73.27 85.76

Table 5: Ablation on the three steps in the reasoning process.

Operation Accuracy ↑
Answer ↑ Logic ↑

Circuit-Think 73.27 85.76

w/o port/device type 47.13 59.21
w/o port/device bbox 49.91 63.92

w/o Step-by-Step 35.38 -
w/o Rlogic 63.25 -

w/o Reflective Learning 65.76 70.10

Table 6: Ablation of the important operations independently.

ure 5 further illustrates its impact on reward scores. The
results show that reflective learning mechanism effectively
reduces early-stage reasoning errors, boosting performance.
In later stages, it ensures consistency between the reasoning
trajectory and SPICE netlist output, preventing error accu-
mulation and ensuring stable, logical netlist generation.

Conclusion
This work presents Circuit-Think, a multimodal reason-
ing framework for circuit-netlist translation. Leveraging the
TGRL paradigm, the framework integrates step-by-step rea-
soning, a multi-level reward mechanism, and the reflec-
tive learning mechanism to optimize reasoning quality and
SPICE netlist generation. Extensive experiments show that
Circuit-Think surpasses existing netlist accuracy and reason-
ing coherence methods. Future work will focus on enhanc-
ing generalization and adaptability for broader applications.
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