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Abstract

This paper explores several Reinforcement Learning algorithms, in-
cluding Q-learning, CNN(Convolutional Neural Network) and DQN(Deep
Q-Network). This paper then uses Q-learning to find the optimal strategy
for the classical ”Snake Game”, reproduces the MNIST model with the
help of CNN, and finally explores a model to optimize a random quantum
circuit.

1 Introduction

Reinforcement Learning (RL) is a machine learning paradigm where an agent
learns to make optimal decisions by interacting with an environment through
trial and error. The agent’s goal is to maximize the cumulative reward it receives
over time. The core components of RL include: the agent (learner), the envi-
ronment (world with which the agent interacts), states s (representations of
the environment), actions a (choices available to the agent), a policy π (strat-
egy mapping states to actions), a reward function r (immediate feedback),
and a value function V (s) or Q(s, a) (estimates long-term cumulative reward).
The learning process is formally modeled as a Markov Decision Process (MDP)
[1,3](@ref).

1.1 Convolutional Neural Networks (CNN)

CNNs are a class of deep neural networks particularly effective for processing
grid-like data such as images. In RL, CNNs are often used as function approx-
imators to extract features from high-dimensional state spaces (e.g., raw pixel
inputs in Atari games). The basic architecture consists of convolutional layers,
pooling layers, and fully connected layers.

The core mathematical operation in a convolutional layer is the discrete
convolution. For a 2D input image I and a kernel K, the output feature map
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O at position (i, j) is computed as:

O(i, j) = (I ∗K)(i, j) =
∑
m

∑
n

I(i−m, j − n) ·K(m,n)

Activation functions like ReLU (ReLU(x) = max(0, x)) introduce non-linearity.
The final layers often use a softmax function for classification or a linear layer
for value regression.

0: Input: Raw state representation (e.g., image pixels tensor) st
0: Procedure CNN ForwardPass(st):
0: x← Preprocess(st) {Normalize input}
0: for each convolutional layer l do
0: x← ReLU(Conv2D(x,Kl)+bl) {Convolution + activation + bias}
0: x← MaxPooling(x) {Optional downsampling}
0: x← Flatten(x) {Convert to vector}
0: for each fully connected layer l do
0: x← ReLU(Wlx+ bl) {Linear transformation + activation}
0: Output: Feature vector ϕ(st) or predicted value V (st) =0

1.2 Q-learning

Q-learning is a classic model-free RL algorithm that learns the action-value
function Q(s, a), which estimates the expected cumulative reward of taking
action a in state s and thereafter following the optimal policy. It is an off-policy
algorithm, meaning it can learn the optimal policy while following a different
behavior policy (e.g., an ϵ-greedy policy).

The core of Q-learning is the value iteration update rule. The Q-function is
updated using the Bellman equation as follows:

Q(st, at)← Q(st, at) + α
[
rt+1 + γmax

a′
Q(st+1, a

′)−Q(st, at)
]

where α is the learning rate, γ is the discount factor, rt+1 is the immediate
reward, and maxa′ Q(st+1, a

′) is the estimate of optimal future value [2,5](@ref).

0: Initialize Q(s, a) arbitrarily (e.g., to zero) for all s ∈ S, a ∈ A
0: Set learning rate α ∈ (0, 1], discount factor γ ∈ [0, 1], exploration rate

ϵ ∈ (0, 1]
0: Loop for each episode:
0: Initialize state s
0: Loop for each step of episode:
0: Choose action a from s using policy derived from Q (e.g., ϵ-greedy:

with prob. ϵ random, else a = argmaxa Q(s, a))
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0: Take action a, observe reward r, next state s′

0: Q(s, a)← Q(s, a) + α [r + γmaxa′ Q(s′, a′)−Q(s, a)]
0: s← s′

0: Until s is terminal =0

1.3 Deep Q-Networks (DQN)

Deep Q-Networks (DQN) combine Q-learning with deep neural networks, specif-
ically CNNs, to handle high-dimensional state spaces. It addresses instability
in naive Q-learning with neural networks through two key mechanisms: expe-
rience replay and a target network.

The loss function minimized by gradient descent is the Mean Squared Error
(MSE) between the current Q-network’s prediction and the target value from
the target network:

L(θ) = E(s,a,r,s′)∼D

[(
r + γmax

a′
Q(s′, a′; θ−)−Q(s, a; θ)

)2
]

Here, θ are the parameters of the online network, θ− are the parameters of the
target network (updated periodically from θ), and D is the experience replay
buffer [2](@ref).

0: Initialize replay memory D to capacity N
0: Initialize online action-value function Q with random weights θ
0: Initialize target network Q̂ with weights θ− = θ
0: Loop for episode = 1 to M:
0: Initialize sequence s1 = {x1} and preprocess ϕ1 = ϕ(s1)
0: Loop for t = 1 to T:
0: With probability ϵ select random action at
0: otherwise select at = argmaxa Q(ϕ(st), a; θ)
0: Execute action at, observe reward rt, image xt+1

0: Set st+1 = st, at, xt+1, preprocess ϕt+1 = ϕ(st+1)
0: Store transition (ϕt, at, rt, ϕt+1) in D
0: Sample random minibatch of transitions (ϕj , aj , rj , ϕj+1) from D

0: Set target yj =

{
rj if episode terminates at step j + 1

rj + γmaxa′ Q̂(ϕj+1, a
′; θ−) otherwise

0: Perform a gradient descent step on (yj −Q(ϕj , aj ; θ))
2 w.r.t. θ

0: Every C steps reset Q̂ network: θ− ← θ
0: st ← st+1

0: End Loop
0: End Loop =0
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2 MNIST Reproduction

2.1 Introduction to MNIST Task

The MNIST (Modified National Institute of Standards and Technology) dataset
represents a fundamental benchmark in computer vision and machine learning.
The primary task involves handwritten digit recognition, where the goal
is to classify grayscale images of handwritten digits (0-9) into their respective
categories. Each image in the dataset is 28×28 pixels, containing a single digit
centered within the frame.

The mathematical formulation can be expressed as:
Let X ∈ R28×28 be an input image and y ∈ {0, 1, 2, . . . , 9} be the target

digit. The objective is to learn a mapping function f : R28×28 → {0, 1, . . . , 9}
that minimizes the classification error.

2.2 Code Architecture Overview

2.2.1 Document: MNIST.py

This script implements the complete training pipeline for the handwritten digit
classification task. The main components include:

Data Processing Flow:

• transform = transforms.Compose([...]) - Preprocessing pipeline

• DataLoader - Efficient batch processing with configurable workers

Model Architecture (StandardCNN class):

• Convolutional layers with ReLU activation and max pooling

• Fully connected layers with dropout regularization

Training Mechanism:

• train epoch() function handles iterative weight updates

• test() function evaluates model performance

• Adam optimizer with learning rate scheduling

2.2.2 Document: MNIST Prediction.py

This script focuses on model deployment and prediction:
MNIST Test Set Evaluation:

• predict from mnist() - Random sampling from test set

• visualize predictions() - Comparative visualization

Custom Image Prediction:

• predict image from file() - User-provided image processing

• Image preprocessing and format normalization
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2.3 Mathematical Formulation

2.3.1 Convolutional Operations

The convolutional layers implement:

conv(x)i,j =

kh−1∑
m=0

kw−1∑
n=0

xi+m,j+n · wm,n + b

Where kh = kw = 3, w denotes learnable weights, and b is bias.

2.3.2 Max Pooling Operation

The max pooling layers reduce spatial dimensions:

pool(x)i,j = max
0≤m<2,0≤n<2

x2i+m,2j+n

This downsampling preserves important features.

2.3.3 Cross-Entropy Loss Function

The training minimizes cross-entropy loss:

L = − 1

N

N∑
i=1

10∑
c=1

yi,c · log(ŷi,c)

Where N is batch size, yi,c is ground truth, ŷi,c is predicted probability.

2.3.4 Softmax Activation

The final layer uses softmax for probability distribution:

ŷc =
exp(zc)∑10
j=1 exp(zj)

Where zc represents raw output score for class c.

2.4 Method Implementation Details

2.4.1 Training Process (train epoch)

The training loop implements gradient descent:

2.4.2 Image Preprocessing Pipeline (predict image from file)

The custom image prediction follows rigorous preprocessing:

1. Grayscale conversion: Igray = 0.299R+ 0.587G+ 0.114B

2. Background normalization: Inorm = 255− I if mean intensity ¿ 127

3. Standardization: Istd = Inorm−µ
σ with µ = 0.1307, σ = 0.3081
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Algorithm 1 Model Training Algorithm

0: Initialize parameters θ
0: for epoch = 1 to E do
0: for each batch (x, y) in DataLoader do
0: Forward pass: ŷ = f(x; θ)
0: Compute loss: L = CrossEntropy(ŷ, y)
0: Backward pass: ∇θL = ∂L

∂θ
0: Update parameters: θ ← θ − η∇θL
0: end for
0: end for=0

2.5 System Integration

The two scripts form a cohesive system:

Table 1: Training-Inference Pipeline Integration

Component Document 2 (Training) Document 1 (Inference)

Model Creation StandardCNN() StandardCNN()

Model Saving torch.save(model.state dict()) -
Model Loading - torch.load(model path)

Data Processing transforms.Normalize() image preprocessing

Evaluation test() function predict from mnist()

2.6 Performance Metrics

The reproduction achieves high accuracy through systematic approach:

• Batch size optimization: batch size = 256

• Learning rate scheduling: ηt+1 = γ · ηt

• Dropout regularization: p = 0.5

• Early stopping based on validation accuracy

The mathematical foundation ensures robust performance across both stan-
dardized testing and real-world handwritten digit recognition scenarios.

2.7 Result

The first image depicts the training process of the machine learning model over
10 episodes (epochs). Each episode represents a full pass through the training
dataset, and the training time for each episode was consistently between 40 and
50 seconds, indicating a stable and efficient training procedure. Key metrics
recorded include epoch duration, training loss, training accuracy, test loss, and
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test accuracy. The training loss decreases steadily from 0.3319 in Epoch 1 to
0.0242 in Epoch 10, while training accuracy improves from 89.75% to 99.25%.
Test accuracy also shows a strong upward trend, rising from 98.11% to 99.21%,
demonstrating effective learning without significant overfitting.

The following table reproduces the data from the first image:

Epoch Time (s) Train Loss Train Acc (%) Test Loss Test Acc (%)
1/10 41.43 0.3319 89.75 0.0579 98.11
2/10 39.98 0.0991 97.06 0.0382 98.77
3/10 39.20 0.0708 97.88 0.0331 98.91
4/10 40.60 0.0504 98.50 0.0273 99.02
5/10 42.98 0.0459 98.65 0.0267 99.05
6/10 44.45 0.0397 98.78 0.0241 99.12
7/10 46.37 0.0333 99.01 0.0226 99.18
8/10 46.87 0.0297 99.14 0.0226 99.21
9/10 50.18 0.0285 99.14 0.0224 99.18
10/10 54.39 0.0242 99.25 0.0226 99.21

The second image showcases the prediction results of the trained model. Five
sample images were randomly selected from the MNIST dataset, and the model
successfully predicted all five digits correctly, achieving 100% accuracy on this
small sample. This confirms the model’s effectiveness in handling unseen data.

The following table reproduces the content from the second image, with
Chinese text translated to English:

Sample Model Prediction Ground Truth
Sample 0 7 7
Sample 1 2 2
Sample 2 1 1
Sample 3 0 0
Sample 4 4 4

3 Snake Game Model

3.1 Game Overview

The Snake Game is a classic arcade game where the player controls a snake
that moves around a grid-like playing field. The game’s objective is to navigate
the snake to consume food items that randomly appear on the field. Each time
the snake consumes food, it grows longer, and the player’s score increases. The
game ends if the snake collides with the walls or its own body.

3.2 Game Implementation Architecture

The implementation consists of two main components: the game environment
and the AI agent with deep Q-learning capabilities.
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3.2.1 Game Environment (SnakeGameAI)

The game environment is implemented in SnakeGameAI class, which provides
the following key functionalities:

• Initialization: The init () method sets up the game window us-
ing Pygame with dimensions 640×480 pixels and initializes game state
through the reset() method.

• Game State Management: The reset() method initializes the snake
at the center of the screen with three segments and places the first food
item using place food().

• Game Mechanics: The core gameplay loop is handled by play step(action),
which:

– Processes user input events

– Moves the snake based on the provided action

– Checks for collisions using is collision()

– Updates score and snake length when food is consumed

– Renders the game state using update ui()

• Movement System: The move(action) method implements direction
changes based on the action vector [straight, right, left], using clockwise
direction rotation logic.

The movement logic follows this mathematical representation:

new direction =


clock wise[idx] if action = [1, 0, 0] (straight)

clock wise[(idx+ 1) mod 4] if action = [0, 1, 0] (right turn)

clock wise[(idx− 1) mod 4] if action = [0, 0, 1] (left turn)

3.2.2 Neural Network Architecture (Linear QNet)

The AI agent employs a simple feedforward neural network defined in Linear QNet

class:

• Network Structure: The network consists of two linear layers:

– Input layer: 11 neurons (representing game state features)

– Hidden layer: 256 neurons with ReLU activation

– Output layer: 3 neurons (representing Q-values for each action)

• Forward Pass: The forward(x) method computes:

Q(s, a) = W2 · ReLU(W1 · s+ b1) + b2

where s is the state vector, W1, W2 are weight matrices, and b1, b2 are
bias terms.
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3.2.3 Q-Learning Training Algorithm (QTrainer)

The QTrainer class implements the Deep Q-Learning algorithm with experience
replay:

• Loss Function: Uses Mean Squared Error (MSE) loss:

L =
1

N

N∑
i=1

(Qtarget −Qpredicted)
2

• Q-Learning Update Rule: The target Q-value is computed as:

Qnew = r + γ ·max
a′

Q(s′, a′) · (1− done)

where r is the immediate reward, γ = 0.9 is the discount factor, and done
indicates terminal state.

• Training Step: The train step() method performs:

1. Converts inputs to PyTorch tensors

2. Computes current Q-value predictions

3. Updates target Q-values using Bellman equation

4. Performs backpropagation and optimizer step

3.2.4 State Representation and Agent Logic

The Agent class defines the AI player’s behavior:

• State Encoding: The get state() method extracts 11 binary features:

– Danger detection in three directions (straight, right, left)

– Current movement direction (4 binary features)

– Relative food position (4 binary features)

• Exploration Strategy: Uses ϵ-greedy policy with decaying exploration
rate:

ϵ = max(5, 80− ngames)

where exploration probability decreases as training progresses.

• Experience Replay: The remember() method stores transitions in a
replay buffer, and train long memory() performs batch training from
random samples.
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3.2.5 Training Pipeline

The training process in train() function follows this workflow:

1. Initialize agent and game environment

2. For each game iteration:

• Get current state using get state()

• Select action using ϵ-greedy policy via get action()

• Execute action in game environment using play step()

• Train short-term memory with immediate experience

• Store experience in replay buffer

3. After game completion:

• Train long-term memory with batch from replay buffer

• Update best model if score improves

• Update training statistics and visualization

The integration of these components creates a complete reinforcement learn-
ing system that enables the snake to learn optimal navigation strategies through
trial and error, progressively improving its performance through the Q-learning
algorithm and neural network function approximation.

4 Quantum Circuit Optimization

4.1 Introduction to Quantum Circuits

Quantum circuits are fundamental building blocks in quantum computing, com-
posed of quantum bits (qubits) and quantum gates. A qubit is the basic unit
of quantum information, represented as a superposition of states |0⟩ and |1⟩,
unlike classical bits. Key quantum gates include:

• X gate: Pauli-X gate, equivalent to a NOT operation, flipping |0⟩ to |1⟩

and vice versa. Mathematically, X =

[
0 1
1 0

]
.

• Z gate: Pauli-Z gate, which introduces a phase flip, defined as Z =[
1 0
0 −1

]
.

• H gate: Hadamard gate, creating superposition, with H = 1√
2

[
1 1
1 −1

]
.

• S gate: Phase gate, S =

[
1 0
0 i

]
.
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• I gate: Identity gate, I =

[
1 0
0 1

]
, leaving the qubit unchanged.

Important equivalence operations derived from gate multiplication include:

X ·X = I, (1)

Z · Z = I, (2)

H ·H = I, (3)

H ·X ·H = Z, (4)

H · Z ·H = X. (5)

These properties are leveraged in quantum circuit optimization to reduce gate
count and depth.

4.2 Overview of the Code Files

The implementation consists of five main files, which together form a deep
reinforcement learning (DRL) system for quantum circuit optimization using a
4D tensor-based action space. The general workflow is:

1. Document 1: Latest circuit encoder.py - Defines the LatestCircuitEncoder
class for encoding quantum circuits into a 4D tensor representation using
the format b1 ⊗ b2 ⊗ c⊗ a, where:

• a: Gate type (6D one-hot vector for X/CX, Z/CZ, H, S, M, I).

• b1: Control qubit position (6D one-hot for single-qubit or qubits q0-
q4).

• b2: Target qubit position (5D one-hot for qubits q0-q4).

• c: Gate order (one-hot over max depth).

Key methods include encode circuit() for circuit encoding and encoding to vector()

for tensor conversion.

2. Document 2: Environment two NewVersion.py - Implements the
QuantumCircuitOptimizationEnv class, which provides a reinforcement
learning environment. It supports 17 operations (e.g., removing consec-
utive gates, swapping gates) and uses a 4D action tensor. Methods like
step() and apply operation() handle state transitions.

3. Document 3: DQN model two newversion.py - Contains the DQNNetwork
and DQNAgent classes for the DRL model. The agent selects actions based
on Q-values derived from a neural network, with methods such as act()
for action selection and replay() for training via experience replay.

4. Document 4: Training script - Orchestrates three-stage training (be-
ginner, intermediate, advanced) using circuits of increasing complexity. It
calls train stage() to train models and evaluates them with evaluate model().
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5. Document 5: apply optimizer two newversion.py - Applies a trained
DQNmodel to optimize quantum circuits from QASM files. The QuantumCircuitOptimizer
class uses methods like optimize circuit() to perform optimization.

4.3 Detailed Explanation of Key Methods with Mathe-
matical Formulas

This section elaborates on critical methods from the code, using mathematical
formulations to explain their functionality.

4.3.1 Circuit Encoding in LatestCircuitEncoder

The encode circuit() method maps a quantum circuit to a structured repre-
sentation. For each gate, it computes indices for a, b1, b2, and c. The tensor
product is defined as:

State Tensor =
∑
gates

b1 ⊗ b2 ⊗ c⊗ a,

where b1, b2, c, and a are one-hot vectors. The encoding to vector() method
implements this by iterating over gates and summing their tensor contributions,
resulting in a 4D tensor of shape (6, 5,max depth, 6).

4.3.2 Action Selection in DQNAgent

The act() method in DQNAgent selects an action based on the current state ten-
sor s. It first computes a legality mask L(s) using find legal operations(),
which identifies valid actions (e.g., consecutive gates for removal). The Q-values
are obtained from the neural network:

Q(s) = DQNNetwork(sflat),

where sflat is the flattened state tensor. Actions are chosen probabilistically
using a softmax distribution over legal Q-values:

P (ai) =
exp(Q(s, ai)/τ)∑

j∈L(s) exp(Q(s, aj)/τ)
,

where τ is a temperature parameter. This avoids epsilon-greedy by leveraging
probability.

4.3.3 Optimization Step in QuantumCircuitOptimizationEnv

The step() method executes an action tensor a and returns the next state
s′, reward r, and done flag. The reward function combines depth and gate
reduction:

r = 0.5 · (depthold − depthnew) + 0.3 · (Xold −Xnew)− 0.1 · ⊮action,

where ⊮action is an indicator for action cost. Methods like remove consecutive gates()

apply equivalence rules (e.g., X ·X = I) by modifying the circuit.
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4.3.4 Training via Experience Replay in DQNAgent

The replay() method samples a batch of experiences (s, a, r, s′, d) and updates
the Q-network using the loss:

L =
1

N

∑
(s,a,r,s′,d)

(
Q(s, a)−

(
r + γ ·max

a′
Qtarget(s

′, a′) · (1− d)
))2

,

where Qtarget is the target network, γ is the discount factor, and d is the done
flag. This minimizes the temporal difference error.

4.3.5 Circuit Optimization in apply optimizer two newversion.py

The optimize circuit()method in QuantumCircuitOptimizer iteratively ap-
plies the DQN agent to reduce circuit depth and gate count. It tracks met-
rics such as depth reduction ∆D = Dinitial − Dfinal and gate reduction ∆G =
Ginitial−Gfinal, using the agent’s actions to transform the circuit based on quan-
tum equivalences.

4.4 Conclusion

The code files implement a comprehensive DRL system for quantum circuit
optimization, leveraging tensor-based encoding and action spaces. By incorpo-
rating quantum gate properties mathematically, the system efficiently reduces
circuit complexity, demonstrating the potential of machine learning in quantum
computing.
There is large space for improvement though because of the limited time and
computing power. The algorithms doesn’t include the action such as I ⊗ H ·
CNOT · I ⊗H = I ⊗Z Since the foundamental blocks of building all quantum
circuits are one-qubit gates and CNOT gates, it is necessary to consider two-
qubit gates in the further study. Nevertheless, the model above is still a good
start.
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Selected files

11 printable files

Agent.py
apply_optimizer_two_newversion.py
DQN_model_two_newversion.py
DQN_train_improved_two_newversion.py
Environment_two_NewVersion.py
head
Helper.py
Latest_circuit_encoder.py
MNIST Prediction.py
MNIST.py
Model_DQN.py

Agent.py

1 # 训练主程序
2 # 使⽤DQN作为主模型；
3 #    ε-greedy作为exploration
4
5 # 修复 OpenMP 重复初始化错误
6 import os
7 os.environ['KMP_DUPLICATE_LIB_OK'] = 'True' # 允许重复加载 OpenMP 库，避免冲突
8
9 import torch

10 import random
11 import numpy as np
12 from collections import deque
13 from Snake_Game_Rectified import SnakeGameAI, Direction, Point
14 from Model_DQN import Linear_QNet, QTrainer
15 from Helper import plot
16
17 MAX_MEMORY = 100_000
18 BATCH_SIZE = 1000
19 LR = 0.001
20
21
22 class Agent:
23
24 def __init__(self):
25         self.n_games = 0
26         self.epsilon = 80 # 随机性
27         self.gamma = 0.9 # 折扣率
28         self.memory = deque(maxlen=MAX_MEMORY)  # popleft()
29         self.model = Linear_QNet(11, 256, 3)
30         self.trainer = QTrainer(self.model, lr=LR, gamma=self.gamma)
31
32 def get_state(self, game):
33         head = game.snake[0]



34         point_l = Point(head.x - 20, head.y)
35         point_r = Point(head.x + 20, head.y)
36         point_u = Point(head.x, head.y - 20)
37         point_d = Point(head.x, head.y + 20)
38
39         dir_l = game.direction == Direction.LEFT
40         dir_r = game.direction == Direction.RIGHT
41         dir_u = game.direction == Direction.UP
42         dir_d = game.direction == Direction.DOWN
43
44         state = [
45 # 危险直⾛
46             (dir_r and game.is_collision(point_r)) or
47             (dir_l and game.is_collision(point_l)) or
48             (dir_u and game.is_collision(point_u)) or
49             (dir_d and game.is_collision(point_d)),
50
51 # 危险右转
52             (dir_u and game.is_collision(point_r)) or
53             (dir_d and game.is_collision(point_l)) or
54             (dir_l and game.is_collision(point_u)) or
55             (dir_r and game.is_collision(point_d)),
56
57 # 危险左转
58             (dir_d and game.is_collision(point_r)) or
59             (dir_u and game.is_collision(point_l)) or
60             (dir_r and game.is_collision(point_u)) or
61             (dir_l and game.is_collision(point_d)),
62
63 # 移动⽅向
64             dir_l,
65             dir_r,
66             dir_u,
67             dir_d,
68
69 # ⾷物位置
70             game.food.x < game.head.x,  # ⾷物在左边
71             game.food.x > game.head.x,  # ⾷物在右边
72             game.food.y < game.head.y,  # ⾷物在上边
73             game.food.y > game.head.y  # ⾷物在下边
74         ]
75
76 return np.array(state, dtype=int)
77
78 def remember(self, state, action, reward, next_state, done):
79         self.memory.append((state, action, reward, next_state, done))  # popleft如

果MAX_MEMORY满了
80
81 def train_long_memory(self):



82 if len(self.memory) > BATCH_SIZE:
83             mini_sample = random.sample(self.memory, BATCH_SIZE)  # 返回元组列表
84 else:
85             mini_sample = self.memory
86
87         states, actions, rewards, next_states, dones = zip(*mini_sample)
88         self.trainer.train_step(states, actions, rewards, next_states, dones)
89
90 def train_short_memory(self, state, action, reward, next_state, done):
91         self.trainer.train_step(state, action, reward, next_state, done)
92
93 def get_action(self, state):
94 # 随机移动: tradeoff exploration / exploitation
95 # 修改epsilon计算⽅式，确保不会过早变为负数
96         self.epsilon = max(5, 80 - self.n_games)  # 设置最⼩epsilon为5，保持⼀定探索
97         final_move = [0, 0, 0]
98 if random.randint(0, 200) < self.epsilon:
99             move = random.randint(0, 2)

100             final_move[move] = 1
101 else:
102             state0 = torch.tensor(state, dtype=torch.float)
103             prediction = self.model(state0)
104             move = torch.argmax(prediction).item()
105             final_move[move] = 1
106
107 return final_move
108
109
110 def train(n_games_target=100):
111     plot_scores = []
112     plot_mean_scores = []
113     total_score = 0
114     record = 0
115     agent = Agent()
116     game = SnakeGameAI()
117
118 while agent.n_games < n_games_target:  #  限定训练局数
119 # 获取旧状态
120         state_old = agent.get_state(game)
121
122 # 获取移动
123         final_move = agent.get_action(state_old)
124
125 # 执⾏移动并获取新状态
126         reward, done, score = game.play_step(final_move)
127         state_new = agent.get_state(game)
128
129 # 训练短期记忆
130         agent.train_short_memory(state_old, final_move, reward, state_new, done)



131
132 # 记住
133         agent.remember(state_old, final_move, reward, state_new, done)
134
135 if done:
136 # 训练⻓期记忆，重放记忆
137             game.reset()
138             agent.n_games += 1
139             agent.train_long_memory()
140
141 if score > record:
142                 record = score
143                 agent.model.save()
144
145 print('Game', agent.n_games, 'Score', score, 'Record:', record)
146
147             plot_scores.append(score)
148             total_score += score
149             mean_score = total_score / agent.n_games
150             plot_mean_scores.append(mean_score)
151             plot(plot_scores, plot_mean_scores)
152
153
154 if __name__ == '__main__':
155     train(n_games_target=100)  #  训练50局
156
157
158 '''
159 def train():
160     plot_scores = []
161     plot_mean_scores = []
162     total_score = 0
163     record = 0
164     agent = Agent()
165     game = SnakeGameAI()
166     while True:
167         # 获取旧状态
168         state_old = agent.get_state(game)
169
170         # 获取移动
171         final_move = agent.get_action(state_old)
172
173         # 执⾏移动并获取新状态
174         reward, done, score = game.play_step(final_move)
175         state_new = agent.get_state(game)
176
177         # 训练短期记忆
178         agent.train_short_memory(state_old, final_move, reward, state_new, done)
179



180         # 记住
181         agent.remember(state_old, final_move, reward, state_new, done)
182
183         if done:
184             # 训练⻓期记忆，重放记忆
185             game.reset()
186             agent.n_games += 1
187             agent.train_long_memory()
188
189             if score > record:
190                 record = score
191                 agent.model.save()
192
193             print('Game', agent.n_games, 'Score', score, 'Record:', record)
194
195             plot_scores.append(score)
196             total_score += score
197             mean_score = total_score / agent.n_games
198             plot_mean_scores.append(mean_score)
199             plot(plot_scores, plot_mean_scores)
200
201
202 if __name__ == '__main__':
203     train()
204
205 '''

apply_optimizer_two_newversion.py

1 """
2 应⽤已训练的DQN优化器到量⼦电路
3
4 ⽀持4D张量动作系统
5 ⽀持命令⾏参数指定模型和电路⽂件
6
7 使⽤⽅法：
8   cd /d "D:\Pycharm\Py_project\Quantum Optimization\Latest Model"
9   python apply_optimizer_two_newversion.py --model quantum_optimizer_st‐

age0_model.pth --circuit circuit_new.qasm
10   python apply_optimizer_two_newversion.py -m stage0_model.pth -c my_circuit.qasm
11   python apply_optimizer_two_newversion.py  # 使⽤默认参数
12 """
13
14 import numpy as np
15 import torch
16 import os
17 os.environ['KMP_DUPLICATE_LIB_OK'] = 'True'
18 import sys
19 import argparse
20



21 sys.path.insert(0, os.path.dirname(__file__))
22
23 from DQN_model_two_newversion import DQNAgent
24 from Environment_two_NewVersion import QuantumCircuitOptimizationEnv, 

create_random_circuit_limited
25 from Latest_circuit_encoder import get_encoder
26
27
28 class QuantumCircuitOptimizer:
29 """
30     应⽤已训练的DQN模型来优化量⼦电路
31     """
32
33 def __init__(self, model_path, max_depth=10):
34 """
35         初始化优化器
36
37         Args:
38             model_path: 训练好的模型路径
39             max_depth: 最⼤电路深度
40         """
41         self.model_path = model_path
42         self.max_depth = max_depth
43
44 # 创建环境⽤于获取 state_shape
45         self.env = QuantumCircuitOptimizationEnv(max_steps=50)
46         self.state_shape = self.env.state_shape
47
48 # 加载模型
49         self.agent = DQNAgent(
50             state_shape=self.state_shape,
51             max_depth=self.max_depth,
52             num_operations=17,
53             learning_rate=1e-3,
54             gamma=0.99
55         )
56
57         self.agent.load(model_path)
58 print(f"  模型已加载: {model_path}")
59
60 def optimize_circuit(self, circuit, max_steps=50, verbose=True):
61 """
62         优化⼀个量⼦电路
63
64         Args:
65             circuit: 要优化的量⼦电路
66             max_steps: 最⼤优化步数
67             verbose: 是否打印详细信息
68



69         Returns:
70             optimized_circuit: 优化后的电路
71             optimization_history: 优化历史
72         """
73 # 重置环境
74         state = self.env.reset(circuit)
75
76         optimization_history = {
77 'initial_depth': circuit.depth(),
78 'initial_gates': len(list(circuit.data)),
79 'steps': [],
80 'depths': [],
81 'gates': [],
82 'rewards': [],
83 'actions': []
84         }
85
86 if verbose:
87 print("\n" + "=" * 70)
88 print("  开始电路优化")
89 print("=" * 70)
90 print(f"初始深度: {optimization_history['initial_depth']}")
91 print(f"初始门数: {optimization_history['initial_gates']}")
92 print("-" * 70)
93
94         total_reward = 0
95
96 for step in range(max_steps):
97 # 获取当前电路的指标
98             metrics = self.env.get_metrics()
99             current_depth = metrics['depth']

100             current_gates = metrics['total_gates']
101
102 # 代理选择动作 - act() 返回 4D 张量
103             action_tensor = self.agent.act(state)
104
105 # 执⾏动作 - step() 接受 4D 张量 action
106             next_state, reward, done = self.env.step(action_tensor)
107
108             total_reward += reward
109
110 # 从 action_tensor 中提取操作信息⽤于显⽰
111             positions = np.where(action_tensor > 0.5)
112 if len(positions[0]) > 0:
113                 b1_idx = positions[0][0]
114                 b2_idx = positions[1][0]
115                 c_idx = positions[2][0]
116                 op_idx = positions[3][0]
117



118 # 获取操作名称
119                 operation_names = {
120 0: 'X-X to I-I',
121 1: 'Z-Z to I-I',
122 2: 'H-H to I-I',
123 16: 'Done'
124                 }
125                 op_name = operation_names.get(op_idx, f'Unknown-{op_idx}')
126
127                 action_info = f"{op_name} [b1={b1_idx}, b2={b2_idx}, c={c_idx}]"
128 else:
129                 action_info = "No action selected"
130
131 # 获取下⼀步的指标
132             next_metrics = self.env.get_metrics()
133             next_depth = next_metrics['depth']
134             next_gates = next_metrics['total_gates']
135
136 # 记录历史
137             optimization_history['steps'].append(step)
138             optimization_history['depths'].append(next_depth)
139             optimization_history['gates'].append(next_gates)
140             optimization_history['rewards'].append(reward)
141             optimization_history['actions'].append(action_info)
142
143 if verbose and (step % 5 == 0 or done):
144 print(f"步 {step + 1:3d}: 深度 {current_depth} → {next_depth} | "
145 f"门数 {current_gates} → {next_gates} | "
146 f"奖励 {reward:7.3f} | 动作: {op_name}")
147
148             state = next_state
149
150 # 检查是否完成
151 if done:
152 if verbose:
153 print(f"\n  优化完成 (步数: {step + 1})")
154 break
155
156 # 最终统计
157         optimized_circuit = self.env.get_circuit()
158         final_metrics = self.env.get_metrics()
159
160         depth_reduction = optimization_history['initial_depth'] - 

final_metrics['depth']
161         gates_reduction = optimization_history['initial_gates'] - 

final_metrics['total_gates']
162
163         optimization_history['final_depth'] = final_metrics['depth']
164         optimization_history['final_gates'] = final_metrics['total_gates']



165         optimization_history['total_reward'] = total_reward
166         optimization_history['depth_reduction'] = depth_reduction
167         optimization_history['gates_reduction'] = gates_reduction
168         optimization_history['total_steps'] = step + 1
169
170 if verbose:
171 print("-" * 70)
172 print("  优化结果总结:")
173 print(f"  初始深度: {optimization_history['initial_depth']} → "
174 f"最终深度: {final_metrics['depth']} "
175 f"(减少: {depth_reduction})")
176 print(f"  初始门数: {optimization_history['initial_gates']} → "
177 f"最终门数: {final_metrics['total_gates']} "
178 f"(减少: {gates_reduction})")
179 print(f"  总奖励: {total_reward:.3f}")
180 print(f"  总步数: {step + 1}/{max_steps}")
181 print("=" * 70 + "\n")
182
183 return optimized_circuit, optimization_history
184
185
186 def load_circuit_from_qasm(qasm_file):
187 """
188     从QASM⽂件加载量⼦电路
189
190     Args:
191         qasm_file: QASM⽂件路径
192
193     Returns:
194         QuantumCircuit: 量⼦电路对象
195     """
196 print(f"  从QASM⽂件加载电路: {qasm_file}")
197
198 # ⽅法1: 尝试使⽤ qasm3（推荐，⽀持OpenQASM 3.0）
199 try:
200 from qiskit import qasm3
201         circuit = qasm3.load(qasm_file)
202 print(f"✓ 使⽤ qasm3 加载成功")
203 return circuit
204 except Exception as e:
205 print(f"  qasm3 加载失败: {e}")
206
207 # ⽅法2: 尝试使⽤ qasm2（⽀持OpenQASM 2.0）
208 try:
209 from qiskit import qasm2
210         circuit = qasm2.load(qasm_file)
211 print(f"✓ 使⽤ qasm2 加载成功")
212 return circuit
213 except Exception as e:



214 print(f"  qasm2 加载失败: {e}")
215
216 # ⽅法3: 尝试使⽤ QuantumCircuit.from_qasm_str（旧版本）
217 try:
218 from qiskit import QuantumCircuit
219 with open(qasm_file, 'r') as f:
220             qasm_str = f.read()
221         circuit = QuantumCircuit.from_qasm_str(qasm_str)
222 print(f"✓ 使⽤ from_qasm_str 加载成功")
223 return circuit
224 except Exception as e:
225 print(f"  所有⽅法都失败了: {e}")
226 raise
227
228
229 def save_circuit_to_qasm(circuit, output_file):
230 """
231     将优化后的电路保存为QASM⽂件
232
233     Args:
234         circuit: 量⼦电路对象
235         output_file: 输出⽂件路径
236     """
237 try:
238 # ⽅法1: 使⽤ qasm3.dump
239 try:
240 from qiskit import qasm3
241             qasm3.dump(circuit, output_file)
242 print(f"  优化后的电路已保存: {output_file} (qasm3格式)")
243 return
244 except Exception:
245 pass
246
247 # ⽅法2: 使⽤ qasm2.dump
248 try:
249 from qiskit import qasm2
250             qasm2.dump(circuit, output_file)
251 print(f"  优化后的电路已保存: {output_file} (qasm2格式)")
252 return
253 except Exception:
254 pass
255
256 # ⽅法3: 使⽤ qasm() ⽅法
257 try:
258             qasm_str = circuit.qasm()
259 with open(output_file, 'w') as f:
260                 f.write(qasm_str)
261 print(f"  优化后的电路已保存: {output_file}")
262 return



263 except Exception as e:
264 print(f"  保存失败: {e}")
265
266 except Exception as e:
267 print(f"  保存失败: {e}")
268
269
270 def main():
271 """
272     主函数 - ⽀持命令⾏参数
273     """
274
275 # ===== 解析命令⾏参数 =====
276     parser = argparse.ArgumentParser(
277         description='使⽤DQN优化器优化量⼦电路',
278         formatter_class=argparse.RawDescriptionHelpFormatter,
279         epilog="""
280 ⽰例：
281   # 使⽤默认参数
282   python apply_optimizer_two_newversion.py
283
284   # 指定模型和电路
285   python apply_optimizer_two_newversion.py --model quantum_optimizer_st‐

age0_model.pth --circuit circuit_new.qasm
286
287   # 短参数形式（推荐）
288   python apply_optimizer_two_newversion.py -m stage0_model.pth -c circuit_new.qasm
289
290   # 指定最⼤步数
291   python apply_optimizer_two_newversion.py -m stage0_model.pth -c circuit_new.qasm 

-s 100
292
293   # 指定输出⽂件
294   python apply_optimizer_two_newversion.py -m stage0_model.pth -c circuit_new.qasm 

-o result.qasm
295
296   # 简洁输出
297   python apply_optimizer_two_newversion.py -m stage0_model.pth -c circuit_new.qasm 

--quiet
298         """
299     )
300
301     parser.add_argument(
302 '-m', '--model',
303         default='quantum_optimizer_stage0_model.pth',
304 help='DQN模型⽂件路径 (默认: quantum_optimizer_stage0_model.pth)'
305     )
306
307     parser.add_argument(
308 '-c', '--circuit',



309         default='circuit_new.qasm',
310 help='QASM电路⽂件路径 (默认: circuit_new.qasm)'
311     )
312
313     parser.add_argument(
314 '-s', '--max-steps',
315 type=int,
316         default=50,
317 help='最⼤优化步数 (默认: 50)'
318     )
319
320     parser.add_argument(
321 '-o', '--output',
322         default=None,
323 help='输出⽂件路径 (默认: 基于输⼊⽂件名⾃动⽣成)'
324     )
325
326     parser.add_argument(
327 '--quiet',
328         action='store_true',
329 help='简洁输出模式'
330     )
331
332     args = parser.parse_args()
333
334 # ===== 验证⽂件 =====
335 print("=" * 70)
336 print("  量⼦电路DQN优化器 - QASM优化⼯具")
337 print("=" * 70)
338
339 if not os.path.exists(args.model):
340 print(f"  模型⽂件不存在: {args.model}")
341 print(f"请确保模型⽂件在当前⽬录或指定正确的路径。")
342 return 1
343
344 if not os.path.exists(args.circuit):
345 print(f"  QASM⽂件不存在: {args.circuit}")
346 print(f"请确保QASM⽂件在当前⽬录或指定正确的路径。")
347 return 1
348
349 print(f"\n✓ 模型⽂件: {args.model}")
350 print(f"✓ QASM⽂件: {args.circuit}")
351 print(f"✓ 最⼤步数: {args.max_steps}")
352
353 # ===== 加载电路 =====
354 try:
355         circuit = load_circuit_from_qasm(args.circuit)
356 print(f"\n【原始电路信息】")
357 print(f"  Qubits: {circuit.num_qubits}")



358 print(f"  Clbits: {circuit.num_clbits}")
359 print(f"  深度: {circuit.depth()}")
360 print(f"  门数: {len(list(circuit.data))}")
361 except Exception as e:
362 print(f"  ⽆法加载电路: {e}")
363 return 1
364
365 # ===== 创建优化器 =====
366 try:
367 print(f"\n  初始化优化器...")
368         optimizer = QuantumCircuitOptimizer(args.model, max_depth=10)
369 except Exception as e:
370 print(f"  ⽆法初始化优化器: {e}")
371 return 1
372
373 # ===== 优化电路 =====
374 try:
375 print(f"\n  开始优化...")
376         optimized_circuit, history = optimizer.optimize_circuit(
377             circuit,
378             max_steps=args.max_steps,
379             verbose=not args.quiet
380         )
381 except Exception as e:
382 print(f"  优化过程中出错: {e}")
383 import traceback
384         traceback.print_exc()
385 return 1
386
387 # ===== 显⽰结果 =====
388 print(f"\n【优化后的电路信息】")
389 print(f"  Qubits: {optimized_circuit.num_qubits}")
390 print(f"  Clbits: {optimized_circuit.num_clbits}")
391 print(f"  深度: {optimized_circuit.depth()}")
392 print(f"  门数: {len(list(optimized_circuit.data))}")
393
394 print(f"\n【优化成果统计】")
395     depth_reduction = history['depth_reduction']
396     gates_reduction = history['gates_reduction']
397
398 print(f"  深度降低: {depth_reduction} ({100 * depth_reduction / max(1, 

history['initial_depth']):.1f}%)")
399 print(f"  门数减少: {gates_reduction} ({100 * gates_reduction / max(1, 

history['initial_gates']):.1f}%)")
400 print(f"  总奖励: {history['total_reward']:.3f}")
401 print(f"  优化步数: {history['total_steps']}/{args.max_steps}")
402
403 # 显⽰优化过程（简洁模式下只显⽰摘要）
404 if not args.quiet:



405 print(f"\n【详细优化过程】")
406 if len(history['actions']) <= 10:
407 for step, action in enumerate(history['actions']):
408 print(f"  步 {step + 1}: {action} (奖励: {history['rewards']

[step]:7.3f})")
409 else:
410 print(f"  前3步:")
411 for step in range(min(3, len(history['actions']))):
412 print(f"    步 {step + 1}: {history['actions'][step]}")
413 print(f"  中间步骤 (省略 {len(history['actions']) - 6} 步)...")
414 print(f"  后3步:")
415 for step in range(max(0, len(history['actions']) - 3), 

len(history['actions'])):
416 print(f"    步 {step + 1}: {history['actions'][step]}")
417
418 # ===== 保存结果 =====
419 if args.output is None:
420 # ⾃动⽣成输出⽂件名
421         base, ext = os.path.splitext(args.circuit)
422         args.output = f"{base}_optimized{ext}"
423
424 try:
425         save_circuit_to_qasm(optimized_circuit, args.output)
426 except Exception as e:
427 print(f"  ⽆法保存优化后的电路: {e}")
428
429 print("\n" + "=" * 70)
430 print("  优化完成！")
431 print("=" * 70)
432
433 return 0
434
435
436 if __name__ == '__main__':
437     exit_code = main()
438     sys.exit(exit_code)

DQN_model_two_newversion.py

1 """
2 DQN⽹络定义 - 版本3
3 ⽀持4D张量动作系统
4
5 改进：
6   • 动作从16种扩展到 6*5*MAX_DEPTH*17 种
7   • 动作表⽰为4D张量⽽不是整数
8   • 基于Q值的概率选择⽽不是epsilon-greedy
9   • 合法操作检测集成在DQNAgent中

10 """
11 import torch



12 import torch.nn as nn
13 import torch.optim as optim
14 from collections import deque
15 import random
16 import numpy as np
17 from sympy.physics.units import temperature
18
19
20 class DQNNetwork(nn.Module):
21 """
22     DQN神经⽹络
23     """
24
25 def __init__(self, state_dim, action_dim, hidden_dim=512):
26 """
27         初始化⽹络
28
29         Args:
30             state_dim: 状态维度（展平后）
31             action_dim: 动作维度（展平后）
32             hidden_dim: 隐层维度
33         """
34 super(DQNNetwork, self).__init__()
35
36 # 更深的⽹络以处理新编码格式
37         self.fc1 = nn.Linear(state_dim, hidden_dim)
38         self.fc2 = nn.Linear(hidden_dim, hidden_dim)
39         self.fc3 = nn.Linear(hidden_dim, hidden_dim // 2)
40         self.fc4 = nn.Linear(hidden_dim // 2, action_dim)
41
42         self.relu = nn.ReLU()
43
44 # 批归⼀化可选（可选，视情况⽽定）
45         self.batch_norm1 = nn.BatchNorm1d(hidden_dim)
46         self.batch_norm2 = nn.BatchNorm1d(hidden_dim)
47
48 def forward(self, x):
49 """前向传播"""
50         x = self.relu(self.fc1(x))
51 # 仅在训练时使⽤批归⼀化
52 if self.training:
53             x = self.batch_norm1(x)
54
55         x = self.relu(self.fc2(x))
56
57 if self.training:
58             x = self.batch_norm2(x)
59
60         x = self.relu(self.fc3(x))



61         x = self.fc4(x)
62
63 return x
64
65
66 class DQNAgent:
67 """
68     DQN智能体 - ⽀持4D张量动作
69
70     动作空间：
71     - shape: (NUM_CONTROL_TYPES=6, NUM_TARGET_TYPES=5, MAX_DEPTH, 

NUM_OPERATIONS=17)
72     - 只有⼀个位置为1，其余为0
73     """
74
75 def __init__(self, state_shape, max_depth, num_operations=17, 

learning_rate=1e-3, gamma=0.99):
76 """
77         初始化代理
78
79         Args:
80             state_shape: 状态张量的形状 (6, 5, max_depth, 6)
81             max_depth: 电路最⼤深度
82             num_operations: 操作数（0-16，共17种）
83             learning_rate: 学习率
84             gamma: 折扣因⼦
85         """
86         self.device = torch.device('cuda' if torch.cuda.is_available() else 'cpu')
87
88 # 状态和动作形状
89         self.state_shape = state_shape  # (6, 5, max_depth, 6)
90         self.max_depth = max_depth
91         self.num_operations = num_operations
92
93 # 动作形状
94         self.action_shape = (6, 5, max_depth, num_operations)  # (6, 5, max_depth, 

17)
95
96 # 计算展平后的维度
97         self.state_dim = int(np.prod(state_shape))
98         self.action_dim = int(np.prod(self.action_shape))
99

100 print(f"  Agent配置:")
101 print(f"  状态形状: {state_shape} → 展平维度: {self.state_dim}")
102 print(f"  动作形状: {self.action_shape} → 展平维度: {self.action_dim}")
103
104         self.gamma = gamma
105
106 # Q⽹络和⽬标⽹络



107         self.q_network = DQNNetwork(self.state_dim, 
self.action_dim).to(self.device) # 主⽹络

108         self.target_network = DQNNetwork(self.state_dim, 
self.action_dim).to(self.device) # 创建⽬标Q⽹络

109
# 结构与主⽹络相同，但参数更新频率不同

110
# ⽬标⽹络提供稳定的Q值⽬标，减少训练振荡

111 # 将主⽹络的参数复制到⽬标⽹络，初始化时两个⽹络参数完全相同
112         self.target_network.load_state_dict(self.q_network.state_dict())
113
114 # 优化器和损失函数
115         self.optimizer = optim.Adam(self.q_network.parameters(), lr=learning_rate)
116         self.criterion = nn.MSELoss() # 创建均⽅误差损失函数
117
118 # 经验回放内存
119         self.memory = deque(maxlen=10000) # 当缓冲区满时，⾃动删除最旧的experience
120         self.batch_size = 64
121
122 # 统计信息
123         self.update_count = 0 # ⽤于记录主⽹络已经进⾏了多少次参数更新
124 # 每次执⾏梯度下降后计数器加1
125         self.target_update_frequency = 1000 # 每进⾏1000次主⽹络更新后，才更新⼀次⽬标⽹

络
126 # 这种延迟更新策略有助于训练稳定性
127
128
129 def _find_legal_operations(self, state_tensor):
130 """
131         找出所有合法的操作
132
133         参数：
134             state_tensor: 4D numpy张量，形状 (6, 5, max_depth, 6)
135
136         返回：
137             valid_tensor: 4D numpy张量，形状 (6, 5, max_depth, 17)
138                           valid_tensor[b1, b2, c, op] = 1 表⽰该操作合法
139         """
140         valid_tensor = np.zeros(self.action_shape, dtype=np.float32)
141
142 # 操作16 (Done) 总是合法的
143         valid_tensor[0, 0, 0, 16] = 1
144
145 # 遍历state_tensor找相邻相同的门
146 # state_tensor[b1, b2, c, a] = 1 表⽰有⼀个门在该位置
147
148 for b1 in range(6):
149 for b2 in range(5):
150 for a in range(3):  # a只能是 0(X), 1(Z), 2(H)
151 for c in range(self.max_depth - 1): # c不能是最后⼀个gate



152 # 检查是否有两个相邻相同的门
153 if (state_tensor[b1, b2, c, a] > 0.5 and
154                                 state_tensor[b1, b2, c + 1, a] > 0.5 and
155                                 b1 == 0):
156 # 找到相邻的门！
157 # 可以在第⼀个位置执⾏操作
158
159 # 根据 a 的类型，确定操作：
160 # a=0(X): 操作 0 是 X-X to I-I
161 # a=1(Z): 操作 1 是 Z-Z to I-I
162 # a=2(H): 操作 2 是 H-H to I-I
163
164                             operation_idx = a  # 0, 1, 2
165                             valid_tensor[b1, b2, c, operation_idx] = 1
166
167 #  新增：查找 X/Z/H/S-I 模式
168 for b1 in range(6):
169 for b2 in range(5):
170 for a in range(4):  # a只能是 0(X), 1(Z), 2(H)，3(S)
171 for c in range(self.max_depth - 1):
172 # 检查是否有 X/Z/H/S-I 模式
173 if (state_tensor[b1, b2, c, a] > 0.5 and
174                                 state_tensor[b1, b2, c + 1, 5] > 0.5 and # 下⼀个是

I门
175                                 b1 == 0):  # 是单量⼦门
176 # 找到I-X模式！操作3可以交换它们
177                             valid_tensor[b1, b2, c, a + 3] = 1
178
179 #  新增：H-X-H to Z-I-I, H-Z-H to X-I-I (op 7-8)
180 for b1 in range(6):
181 for b2 in range(5):
182 for c in range(self.max_depth - 2):  # ← 注意：range要到max_depth-2
183 # 检查H-X-H模式 (op 7)
184 if (state_tensor[b1, b2, c, 2] > 0.5 and # H
185                             state_tensor[b1, b2, c + 1, 0] > 0.5 and # X
186                             state_tensor[b1, b2, c + 2, 2] > 0.5 and # H
187                             b1 == 0):
188                         valid_tensor[b1, b2, c, 7] = 1
189
190 # 检查H-Z-H模式 (op 8)
191 if (state_tensor[b1, b2, c, 2] > 0.5 and # H
192                             state_tensor[b1, b2, c + 1, 1] > 0.5 and # Z
193                             state_tensor[b1, b2, c + 2, 2] > 0.5 and # H
194                             b1 == 0):
195                         valid_tensor[b1, b2, c, 8] = 1
196
197 return valid_tensor
198
199 def act(self, state_tensor):



200 """
201         根据状态选择动作
202
203         参数：
204             state_tensor: 4D numpy张量 (6, 5, max_depth, 6)
205
206         返回：
207             action_tensor: 4D numpy张量 (6, 5, max_depth, 17)，只有⼀个位置为1
208         """
209 # 找出合法操作
210         valid_tensor = self._find_legal_operations(state_tensor)
211
212 # 展平state⽤于⽹络输⼊
213         state_flat = state_tensor.reshape(-1).astype(np.float32)
214         state_tensor_torch = 

torch.FloatTensor(state_flat).unsqueeze(0).to(self.device)
215
216 # 获取Q值
217 with torch.no_grad():
218             self.q_network.eval()
219             q_values_flat = self.q_network(state_tensor_torch)[0]  # (action_dim,)
220
221 # 转换为4D张量
222         q_values_4d = q_values_flat.reshape(self.action_shape).cpu().numpy()
223
224 # 获取所有合法位置
225         valid_positions = np.where(valid_tensor > 0.5)
226         valid_positions = list(zip(valid_positions[0], valid_positions[1],
227                                    valid_positions[2], valid_positions[3]))
228
229 if len(valid_positions) == 0:
230 # 没有合法操作，只能选Done
231             action_tensor = np.zeros(self.action_shape, dtype=np.float32)
232             action_tensor[0, 0, 0, 16] = 1
233 return action_tensor
234
235 # 获取所有合法位置的Q值
236         legal_q_values = np.array([q_values_4d[pos] for pos in valid_positions])
237
238 #  修复1：数值稳定的softmax（log-sum-exp技巧）
239
240 # 1. 除以温度参数
241         temperature = 1
242         scaled_q_values = legal_q_values / (temperature + 1e-8)
243
244 # 2. 减去最⼤值防⽌溢出（关键！）
245         max_q = np.max(scaled_q_values)
246
247 try:



248             exp_q_values = np.exp(scaled_q_values - max_q)  # 不会溢出
249 except Exception as e:
250 print(f"  警告：exp计算失败 {e}，使⽤均匀分布")
251             exp_q_values = np.ones_like(scaled_q_values)
252
253 #  修复2：检查NaN/inf
254 if np.any(np.isnan(exp_q_values)) or np.any(np.isinf(exp_q_values)):
255 print(f"  警告：检测到NaN或inf，使⽤均匀分布")
256             probabilities = np.ones(len(valid_positions), dtype=np.float32) / 

len(valid_positions)
257 else:
258 # 3. 归⼀化得到概率分布
259             sum_exp = np.sum(exp_q_values)
260
261 #  修复3：防⽌除零
262 if sum_exp <= 0 or np.isnan(sum_exp) or np.isinf(sum_exp):
263 print(f"  警告：概率和异常 (sum={sum_exp})，使⽤均匀分布")
264                 probabilities = np.ones(len(valid_positions), dtype=np.float32) / 

len(valid_positions)
265 else:
266                 probabilities = exp_q_values / sum_exp
267
268 #  修复4：再次检查NaN
269 if np.any(np.isnan(probabilities)) or

np.any(np.isinf(probabilities)):
270 print(f"  警告：概率仍包含NaN/inf，使⽤均匀分布")
271                     probabilities = np.ones(len(valid_positions), 

dtype=np.float32) / len(valid_positions)
272
273 # 5. 确保概率和为1
274         probabilities = probabilities / np.sum(probabilities)
275
276 #  修复5：异常处理
277 try:
278             selected_idx = np.random.choice(len(valid_positions), p=probabilities)
279 except ValueError as e:
280 print(f"  选择失败: {e}")
281 print(f"   probabilities: {probabilities}")
282 print(f"   sum: {np.sum(probabilities)}")
283 # 降级到均匀随机
284             selected_idx = np.random.randint(0, len(valid_positions))
285
286         selected_position = valid_positions[selected_idx]
287
288 # 创建action张量
289         action_tensor = np.zeros(self.action_shape, dtype=np.float32)
290         action_tensor[selected_position] = 1
291
292 return action_tensor
293



294 def remember(self, state, action, reward, next_state, done):
295 """
296         存储经验到内存
297
298         Args:
299             state: 当前状态张量 (6, 5, max_depth, 6)
300             action: 动作张量 (6, 5, max_depth, 17)
301             reward: 奖励
302             next_state: 下⼀个状态张量 (6, 5, max_depth, 6)
303             done: 是否结束
304         """
305         self.memory.append((state, action, reward, next_state, done))
306
307 def replay(self):
308 """
309         经验回放：从内存中采样并更新⽹络
310
311         Returns:
312             loss: 当前批次的损失值
313         """
314 if len(self.memory) < self.batch_size:
315 return 0
316
317 # 随机采样批次
318         batch = random.sample(self.memory, self.batch_size)
319
320 # 分离批次中的元素
321 # 展平所有张量状态和动作
322         states = torch.FloatTensor([exp[0].reshape(-1) for exp in

batch]).to(self.device)
323         actions = torch.FloatTensor([exp[1].reshape(-1) for exp in

batch]).to(self.device)
324         rewards = torch.FloatTensor([exp[2] for exp in batch]).to(self.device)
325         next_states = torch.FloatTensor([exp[3].reshape(-1) for exp in

batch]).to(self.device)
326         dones = torch.FloatTensor([exp[4] for exp in batch]).to(self.device)
327
328 # 计算当前Q值
329         q_values = self.q_network(states)  # (batch_size, action_dim)
330
331 # 动作转换为索引
332         action_indices = torch.argmax(actions, dim=1)
333         selected_q_values = q_values.gather(1, 

action_indices.unsqueeze(1)).squeeze(1)
334
335 # 计算⽬标Q值
336 """
337         更新Q值⽅式：
338         Q(s,a) = r + gamma * max[Q(s',a)] ## 即使不使⽤ε-greedy，依旧使⽤max更新
339         """



340 with torch.no_grad():
341             next_q_values = self.target_network(next_states)  # (batch_size, 

action_dim)
342             max_next_q_values = next_q_values.max(dim=1)[0]
343             target_q_values = rewards + self.gamma * max_next_q_values * (1 - 

dones)
344
345 # 计算损失
346         loss = self.criterion(selected_q_values, target_q_values)
347
348 # 反向传播
349         self.optimizer.zero_grad()
350         loss.backward()
351         torch.nn.utils.clip_grad_norm_(self.q_network.parameters(), 1.0)
352         self.optimizer.step()
353
354 # 定期更新⽬标⽹络
355         self.update_count += 1
356 if self.update_count % self.target_update_frequency == 0:
357             self.update_target_network()
358
359 return loss.item()
360
361 def update_target_network(self):
362 """更新⽬标⽹络"""
363         self.target_network.load_state_dict(self.q_network.state_dict())
364
365 def save(self, filepath):
366 """
367         保存模型
368
369         Args:
370             filepath: 保存路径
371         """
372         checkpoint = {
373 'q_network': self.q_network.state_dict(),
374 'target_network': self.target_network.state_dict(),
375 'state_dim': self.state_dim,
376 'action_dim': self.action_dim,
377 'update_count': self.update_count,
378         }
379         torch.save(checkpoint, filepath)
380 print(f"  模型已保存到 {filepath}")
381
382 def load(self, filepath):
383 """加载模型"""
384         checkpoint = torch.load(filepath, map_location=self.device)
385         self.q_network.load_state_dict(checkpoint['q_network'])
386         self.target_network.load_state_dict(checkpoint['target_network'])



387 if 'update_count' in checkpoint:
388             self.update_count = checkpoint['update_count']
389 print(f"  模型已从 {filepath} 加载")
390
391 def get_stats(self):
392 """获取代理的统计信息"""
393 return {
394 'memory_size': len(self.memory),
395 'update_count': self.update_count,
396         }

DQN_train_improved_two_newversion.py

1 """
2 DQN训练脚本 - 新版本
3 三个阶段分开训练，⽣成三个不同的模型，最后进⾏对⽐
4
5 ⽀持4D张量动作系统
6 """
7
8 import json
9 import random

10 import numpy as np
11 from datetime import datetime
12 import torch
13 import os
14
15 os.environ['KMP_DUPLICATE_LIB_OK'] = 'True'
16 from DQN_model_two_newversion import DQNAgent
17 from Environment_two_NewVersion import QuantumCircuitOptimizationEnv, 

create_random_circuit_limited
18
19
20 def create_stage_dataset(stage: int, num_circuits: int = 100, seed_base: int = 0):
21 """
22     为指定阶段创建训练集
23
24     Args:
25         stage: 0=⼊门, 1=基础, 2=进阶
26         num_circuits: 电路数量
27         seed_base: 随机种⼦基数
28
29     Returns:
30         list of QuantumCircuit
31     """
32     circuits = []
33
34 if stage == 0:  # ⼊门：简单电路，1-2个qubit，深度1-4
35 for i in range(num_circuits):
36             n_qubits = random.randint(1, 2)



37             max_depth = random.randint(1, 4)
38             circuit = create_random_circuit_limited(n_qubits, max_depth, 

seed=seed_base + i)
39             circuits.append(circuit)
40
41 elif stage == 1:  # 基础：中等电路，2-3个qubit，深度4-7
42 for i in range(num_circuits):
43             n_qubits = random.randint(2, 3)
44             max_depth = random.randint(4, 7)
45             circuit = create_random_circuit_limited(n_qubits, max_depth, 

seed=seed_base + i)
46             circuits.append(circuit)
47
48 else:  # 进阶：复杂电路，3-5个qubit，深度7-10
49 for i in range(num_circuits):
50             n_qubits = random.randint(3, 5)
51             max_depth = random.randint(7, 10)
52             circuit = create_random_circuit_limited(n_qubits, max_depth, 

seed=seed_base + i)
53             circuits.append(circuit)
54
55 return circuits
56
57
58 def train_stage(stage: int, episodes_per_stage: int = 100, max_steps: int = 50):
59 """
60     训练某⼀阶段的模型
61
62     Args:
63         stage: 阶段 (0=⼊门, 1=基础, 2=进阶)
64         episodes_per_stage: 该阶段的训练轮数
65         max_steps: 每轮最⼤步数
66
67     Returns:
68         agent: 训练好的DQN代理
69         history: 训练历史
70     """
71
72 print("\n" + "=" * 70)
73     stage_names = ['⼊门阶段', '基础阶段', '进阶阶段']
74 print(f"  开始训练 {stage_names[stage]}")
75 print("=" * 70)
76
77 # 创建环境和代理
78     env = QuantumCircuitOptimizationEnv(max_steps=max_steps)
79
80 # 使⽤新的API初始化代理 - 传⼊state_shape⽽不是state_dim
81     agent = DQNAgent(
82         state_shape=env.state_shape,



83         max_depth=env.MAX_DEPTH,
84         num_operations=17,
85         learning_rate=1e-3,
86         gamma=0.99
87     )
88
89 # 创建训练集
90 print(f"⽣成{stage_names[stage]}训练集...")
91     training_circuits = create_stage_dataset(stage, 

num_circuits=episodes_per_stage, seed_base=stage * 1000)
92
93 # 训练历史
94     history = {
95 'stage': stage,
96 'episode': [],
97 'reward': [],
98 'depth_reduction': [],
99 'x_reduction': [],

100 'steps': []
101     }
102
103 # 训练循环
104 for episode in range(episodes_per_stage):
105         circuit = training_circuits[episode % len(training_circuits)]
106
107         state = env.reset(circuit)  # state是4D张量
108         episode_reward = 0
109         episode_depth_reduction = 0
110         episode_x_reduction = 0
111
112         init_metrics = env.get_metrics()
113         init_depth = init_metrics['depth']
114         init_x_count = init_metrics['x_count']
115
116 # 交互循环
117 for step in range(max_steps):
118 # act⽅法现在返回4D张量action
119             action_tensor = agent.act(state)
120
121 # 执⾏动作 - step现在接受action_tensor⽽不是整数
122             next_state, reward, done = env.step(action_tensor)
123
124             episode_reward += reward
125 # remember现在接受张量⽽不是整数动作
126             agent.remember(state, action_tensor, reward, next_state, done)
127             state = next_state
128
129 # 定期训练
130 if step % 10 == 0:



131                 agent.replay()
132
133 if done:
134 break
135
136 # 更新⽬标⽹络
137 if episode % 20 == 0:
138             agent.update_target_network()
139
140 # 计算指标
141         final_metrics = env.get_metrics()
142         final_depth = final_metrics['depth']
143         final_x_count = final_metrics['x_count']
144
145         episode_depth_reduction = init_depth - final_depth
146         episode_x_reduction = init_x_count - final_x_count
147
148 # 记录历史
149         history['episode'].append(episode)
150         history['reward'].append(episode_reward)
151         history['depth_reduction'].append(episode_depth_reduction)
152         history['x_reduction'].append(episode_x_reduction)
153         history['steps'].append(step + 1)
154
155 # 定期输出
156 if (episode + 1) % 20 == 0:
157             recent_rewards = history['reward'][-20:]
158             avg_reward = np.mean(recent_rewards)
159             avg_depth_red = np.mean(history['depth_reduction'][-20:])
160             avg_x_red = np.mean(history['x_reduction'][-20:])
161
162 print(f"第 {episode + 1:3d}/{episodes_per_stage} 轮 - 

{stage_names[stage]}:")
163 print(f"  平均奖励: {avg_reward:7.3f}")
164 print(f"  平均深度减少: {avg_depth_red:.2f}")
165 print(f"  平均X门减少: {avg_x_red:.2f}")
166
167 print(f"  {stage_names[stage]}训练完成！")
168
169 return agent, history
170
171
172 def evaluate_model(agent, stage: int, num_test_circuits: int = 50, max_steps: int

= 50):
173 """
174     评估模型的性能
175
176     Args:
177         agent: 已训练的代理



178         stage: 阶段
179         num_test_circuits: 测试电路数
180         max_steps: 最⼤步数
181
182     Returns:
183         evaluation_results: 评估结果字典
184     """
185 print(f"\n  评估{['⼊门', '基础', '进阶'][stage]}模型...")
186
187     env = QuantumCircuitOptimizationEnv(max_steps=max_steps)
188
189     test_circuits = create_stage_dataset(stage, num_circuits=num_test_circuits, 

seed_base=2000 + stage * 1000)
190
191     results = {
192 'total_reward': [],
193 'depth_reduction': [],
194 'x_reduction': [],
195 'success_rate': []
196     }
197
198 for circuit in test_circuits:
199         state = env.reset(circuit)
200
201         total_reward = 0
202         successful_actions = 0
203
204         init_metrics = env.get_metrics()
205         init_depth = init_metrics['depth']
206         init_x_count = init_metrics['x_count']
207
208 for step in range(max_steps):
209             action_tensor = agent.act(state)
210             next_state, reward, done = env.step(action_tensor)
211
212             total_reward += reward
213 if reward > 0.1:
214                 successful_actions += 1
215
216             state = next_state
217
218 if done:
219 break
220
221         final_metrics = env.get_metrics()
222         final_depth = final_metrics['depth']
223         final_x_count = final_metrics['x_count']
224
225         results['total_reward'].append(total_reward)



226         results['depth_reduction'].append(init_depth - final_depth)
227         results['x_reduction'].append(init_x_count - final_x_count)
228         results['success_rate'].append(successful_actions / (step + 1) if step > 0

else 0)
229
230 # 计算统计信息
231     evaluation_stats = {
232 'avg_total_reward': np.mean(results['total_reward']),
233 'std_total_reward': np.std(results['total_reward']),
234 'avg_depth_reduction': np.mean(results['depth_reduction']),
235 'avg_x_reduction': np.mean(results['x_reduction']),
236 'avg_success_rate': np.mean(results['success_rate']),
237     }
238
239 print(f"  平均总奖励: {evaluation_stats['avg_total_reward']:.3f} ± 

{evaluation_stats['std_total_reward']:.3f}")
240 print(f"  平均深度减少: {evaluation_stats['avg_depth_reduction']:.2f}")
241 print(f"  平均X门减少: {evaluation_stats['avg_x_reduction']:.2f}")
242 print(f"  平均成功率: {evaluation_stats['avg_success_rate']:.2%}")
243
244 return evaluation_stats
245
246
247 def main():
248 """主训练函数"""
249
250 print("=" * 70)
251 print("  三阶段DQN训练 - 张量动作版本")
252 print("=" * 70)
253 print("\n配置：")
254 print("  • 三个阶段：⼊门、基础、进阶")
255 print("  • 动作形状：(6, 5, MAX_DEPTH, 17)")
256 print("  • 动作维度：6*5*10*17 = 5100")
257 print("  • 选择⽅式：基于Q值的概率选择")
258
259 # 训练参数
260     EPISODES_PER_STAGE = 400
261     MAX_STEPS = 100
262
263     stage_names = ['⼊门阶段', '基础阶段', '进阶阶段']
264     trained_agents = []
265     training_histories = []
266     evaluation_results = []
267
268 # 训练三个阶段
269 for stage in range(3):
270         agent, history = train_stage(stage, episodes_per_stage=EPISODES_PER_STAGE, 

max_steps=MAX_STEPS)
271         trained_agents.append(agent)



272         training_histories.append(history)
273
274 # 保存模型到脚本同⽬录
275         script_dir = os.path.dirname(os.path.abspath(__file__))
276         model_path = os.path.join(script_dir, f'quantum_optimizer_stage{stage}

_model.pth')
277         agent.save(model_path)
278 print(f"   模型已保存到 {model_path}")
279
280 # 评估三个模型
281 print("\n" + "=" * 70)
282 print("  模型评估")
283 print("=" * 70)
284
285 for stage, agent in enumerate(trained_agents):
286         eval_results = evaluate_model(agent, stage, num_test_circuits=50, 

max_steps=50)
287         evaluation_results.append(eval_results)
288
289 # ⽣成对⽐报告
290 print("\n" + "=" * 70)
291 print("  三模型对⽐报告")
292 print("=" * 70)
293
294 print(f"\n{'指标':>20} | {'⼊门模型':>15} | {'基础模型':>15} | {'进阶模型':>15}")
295 print("-" * 70)
296
297     metrics_to_compare = [
298         ('avg_total_reward', '平均总奖励'),
299         ('avg_depth_reduction', '平均深度减少'),
300         ('avg_x_reduction', '平均X门减少'),
301         ('avg_success_rate', '平均成功率'),
302     ]
303
304 for metric_key, metric_name in metrics_to_compare:
305         values = [evaluation_results[i][metric_key] for i in range(3)]
306 print(f"{metric_name:>20} | {values[0]:>15.3f} | {values[1]:>15.3f} | 

{values[2]:>15.3f}")
307
308 # 保存评估结果
309     report = {
310 'timestamp': datetime.now().isoformat(),
311 'configuration': {
312 'episodes_per_stage': EPISODES_PER_STAGE,
313 'max_steps': MAX_STEPS,
314 'stages': stage_names,
315 'action_dim': 5100,
316 'action_shape': [6, 5, 10, 17]
317         },



318 'training_histories': training_histories,
319 'evaluation_results': evaluation_results,
320 'summary': {
321             stage_names[i]: evaluation_results[i]
322 for i in range(3)
323         }
324     }
325
326     script_dir = os.path.dirname(os.path.abspath(__file__))
327     report_path = os.path.join(script_dir, 'training_report_three_stages.json')
328 with open(report_path, 'w') as f:
329 def serialize(obj):
330 if isinstance(obj, np.ndarray):
331 return obj.tolist()
332 if isinstance(obj, (np.integer, np.floating)):
333 return float(obj)
334 return obj
335
336         json.dump(report, f, indent=2, default=serialize)
337
338 print(f"\n  报告已保存到 {report_path}")
339
340 print("\n" + "=" * 70)
341 print("  三阶段训练完成！")
342 print("=" * 70)
343
344
345 if __name__ == '__main__':
346     main()

Environment_two_NewVersion.py

1 """
2 量⼦线路优化环境 - 新版本
3 ⽀持4D张量动作系统
4
5 包含17种操作和改进的reward函数
6
7 新的17种操作：
8 0-2：删除相同门
9 16: Done（停⽌）

10
11 """
12
13 import numpy as np
14 import random
15 from qiskit import QuantumCircuit, QuantumRegister
16 import copy
17 import sys
18 import os



19
20 sys.path.insert(0, os.path.dirname(__file__))  # 将当前脚本所在的⽬录添加到Python模块搜

索路径的开头
21
22 # 开始⼀个异常处理块，尝试执⾏可能出错的代码
23 try:
24 from Latest_circuit_encoder import LatestCircuitEncoder, get_encoder
25
26     HAS_NEW_ENCODER = True
27 except ImportError:
28     HAS_NEW_ENCODER = False
29 print("  ⽆法导⼊ Latest_circuit_encoder")
30
31
32 # create_random_circuit_limited ⽅法会创建⼀个⼏乎充满的5qubits，10gates线路
33 # 使⽤循环while
34 def create_random_circuit_limited(n_qubits=5, max_depth=10, seed=None):
35 """
36     创建受限的随机电路（最多5个qubit，深度最多10）
37
38     Returns:
39         QuantumCircuit: 随机量⼦电路
40     """
41 if seed is not None:
42         random.seed(seed)
43         np.random.seed(seed)
44
45     n_qubits = min(max(1, n_qubits), 5)
46     max_depth = min(max(1, max_depth), 10)
47
48     qr = QuantumRegister(n_qubits, 'q')
49     circuit = QuantumCircuit(qr)
50
51     single_qubit_gates = ['h', 'x', 'z', 's']
52     two_qubit_gates = ['cx', 'cz']
53
54     current_depth = 0
55 while current_depth < max_depth:
56         gate_choice = random.random()
57
58 if gate_choice < 0.7 and single_qubit_gates:
59             gate_name = random.choice(single_qubit_gates)
60             qubit = random.randint(0, n_qubits - 1)
61
62 if gate_name == 'h':
63                 circuit.h(qr[qubit])
64 elif gate_name == 'x':
65                 circuit.x(qr[qubit])
66 elif gate_name == 'z':



67                 circuit.z(qr[qubit])
68 elif gate_name == 's':
69                 circuit.s(qr[qubit])
70
71             current_depth = circuit.depth()
72
73 elif n_qubits >= 2 and two_qubit_gates:
74             gate_name = random.choice(two_qubit_gates)
75             q1 = random.randint(0, n_qubits - 1)
76             q2 = random.randint(0, n_qubits - 1)
77
78 if q1 != q2:
79 if gate_name == 'cx':
80                     circuit.cx(qr[q1], qr[q2])
81 elif gate_name == 'cz':
82                     circuit.cz(qr[q1], qr[q2])
83
84                 current_depth = circuit.depth()
85
86 return circuit
87
88
89 class QuantumCircuitOptimizationEnv:
90 """
91     量⼦电路优化环境 - 新版本
92
93     ⽀持4D张量动作
94     """
95
96 # 17种操作的定义
97 # ⽬前只⽀持四种操作
98     OPERATIONS = {
99 0: ('X-X to I-I', 'remove_xx'),  # 操作0

100 1: ('Z-Z to I-I', 'remove_zz'),  # 操作1
101 2: ('H-H to I-I', 'remove_hh'),  # 操作2
102 3: ('X-I to I-X', 'move_x_right'),
103 4: ('Z-I to I-Z', 'move_z_right'),
104 5: ('H-I to I-H', 'move_h_right'),
105 6: ('S-I to I-S', 'move_s_right'),
106 7: ('H-X-H to Z-I-I', 'hxh_to_zii'),
107 8: ('H-Z-H to X-I-I', 'hzh_to_xii'),
108 16: ('Done', 'done')  # 操作16
109     }
110
111     MAX_QUBITS = 5
112     MAX_DEPTH = 10
113     MAX_GATES = 50
114
115 def __init__(self, init_circuit=None, max_steps=50):



116 """
117         初始化环境
118
119         Args:
120             init_circuit: 初始电路
121             max_steps: 最⼤步数
122         """
123         self.init_circuit = init_circuit
124         self.current_circuit = copy.deepcopy(init_circuit) if init_circuit else

None # 深度拷贝，确保修改当前电路不影响初始电路
125         self.max_steps = max_steps
126         self.steps = 0
127
128 # 初始化编码器
129 if HAS_NEW_ENCODER:
130             self.encoder = get_encoder(n_qubits=self.MAX_QUBITS, 

max_gates=self.MAX_GATES,
131                                        max_depth=self.MAX_DEPTH)
132 # 新的 state 形状是 4D 张量
133             self.state_shape = (self.encoder.NUM_CONTROL_TYPES,
134                                 self.encoder.NUM_TARGET_TYPES,
135                                 self.encoder.max_depth,
136                                 self.encoder.NUM_GATE_TYPES)
137
138 # 动作形状
139             self.action_shape = (6, 5, self.MAX_DEPTH, 17)  # (b1, b2, c, 

operation)
140 else:
141             self.state_shape = None
142             self.action_shape = None
143
144 def reset(self, circuit):
145 """重置环境"""
146         self.current_circuit = copy.deepcopy(circuit)
147         self.steps = 0
148 return self._get_state()
149
150 def _get_state(self):
151 """获取当前状态 - 返回4D张量"""
152 if self.current_circuit is None:
153 return np.zeros(self.state_shape, dtype=np.float32)
154
155 try:
156             encoding = self.encoder.encode_circuit(self.current_circuit)
157             state_tensor = self.encoder.encoding_to_vector(encoding)
158 return state_tensor
159 except Exception as e:
160 print(f"  编码失败: {e}")
161 return np.zeros(self.state_shape, dtype=np.float32)



162
163 def step(self, action_tensor):
164 """
165         执⾏⼀步优化
166
167         Args:
168             action_tensor: 4D numpy张量，形状 (6, 5, max_depth, 17)
169                           只有⼀个位置为1，其余为0
170
171         Returns:
172             next_state, reward, done
173         """
174         self.steps += 1
175
176         old_metrics = self.get_metrics()
177         old_x_count = old_metrics['x_count']
178         old_depth = old_metrics['depth']
179
180 # 从action_tensor中提取操作信息
181         positions = np.where(action_tensor > 0.5)
182 if len(positions[0]) == 0:
183 # 没有操作被选中
184             reward = -0.5
185             success = False
186 else:
187             b1_idx = positions[0][0]
188             b2_idx = positions[1][0]
189             c_idx = positions[2][0]
190             op_idx = positions[3][0]
191
192 # 执⾏操作
193             success = self._apply_operation(b1_idx, b2_idx, c_idx, op_idx)
194
195 # 计算奖励
196             new_metrics = self.get_metrics()
197             new_x_count = new_metrics['x_count']
198             new_depth = new_metrics['depth']
199
200             x_reduction = old_x_count - new_x_count
201             depth_reduction = old_depth - new_depth
202
203 # 检查是否是"Done"操作
204 if op_idx == 16:
205                 number_action = 0
206 else:
207                 number_action = 1 if success else 0
208
209 # 改进的reward函数
210 # 权重可⾃定义，这⾥选择均衡的权重



211             reward = 0.5 * depth_reduction + 0.3 * x_reduction - 0.1 * 
number_action

212
213 # 如果操作失败，给予⼩的负奖励
214 if not success and op_idx != 16:
215                 reward -= 0.1
216
217         done = self.steps >= self.max_steps or (len(positions[0]) > 0 and

positions[3][0] == 16)
218
219 return self._get_state(), reward, done
220
221 def _apply_operation(self, b1_idx, b2_idx, c_idx, op_idx):
222 """
223         执⾏指定的操作
224
225         Args:
226             b1_idx: control qubit索引 (0-5)
227             b2_idx: target qubit索引 (0-4)
228             c_idx: 深度索引 (0 to MAX_DEPTH-1)
229             op_idx: 操作索引 (0-16)
230
231         Returns:
232             bool: 操作是否成功
233         """
234 if op_idx == 16:  # Done
235 return True
236
237 if self.current_circuit is None:
238 return False
239
240 try:
241 if op_idx == 0:  # X-X to I-I
242 return self._remove_consecutive_gates('x', 2, b1_idx, b2_idx, 

c_idx)
243 elif op_idx == 1:  # Z-Z to I-I
244 return self._remove_consecutive_gates('z', 2, b1_idx, b2_idx, 

c_idx)
245 elif op_idx == 2:  # H-H to I-I
246 return self._remove_consecutive_gates('h', 2, b1_idx, b2_idx, 

c_idx)
247 elif op_idx == 3:  #  I-X to X-I
248 return self._swap_x_i_gates(b1_idx, b2_idx, c_idx)
249 elif op_idx == 4:  #  I-Z to Z-I
250 return self._swap_z_i_gates(b1_idx, b2_idx, c_idx)
251 elif op_idx == 5:  #  I-H to H-I
252 return self._swap_h_i_gates(b1_idx, b2_idx, c_idx)
253 elif op_idx == 6:  #  I-S to S-I
254 return self._swap_s_i_gates(b1_idx, b2_idx, c_idx)
255 elif op_idx == 7:  #  H-X-H to Z-I-I



256 return self._transform_hgh_to_result('x', 3, b1_idx, b2_idx, 
c_idx)

257 elif op_idx == 8:  #  H-Z-H to X-I-I
258 return self._transform_hgh_to_result('z', 3, b1_idx, b2_idx, 

c_idx)
259
260 return False
261
262 except Exception as e:
263 print(f"操作执⾏失败: {e}")
264 return False
265
266 def _remove_consecutive_gates(self, gate_name, count, b1_idx, b2_idx, c_idx):
267 """
268         删除连续的相同门
269
270         Args:
271             gate_name: 门的名称
272             count: 要删除的连续门数
273             b1_idx, b2_idx, c_idx: 操作位置
274         """
275 try:
276             instructions = list(self.current_circuit.data)
277
278 # 根据b1_idx, b2_idx, c_idx定位要删除的门
279 # 这⾥需要将编码索引转换回电路指令索引
280
281             gate_count = {}  # 记录每个qubit上的门数
282             gate_positions = {}  # 记录每个qubit上不同深度的门的索引
283
284 for inst_idx, instruction in enumerate(instructions):
285                 gate = instruction.operation.name.lower()
286                 qubits = instruction.qubits
287
288 if len(qubits) == 1:
289                     qubit_idx = 0 # 简化处理
290 if qubit_idx not in gate_count:
291                         gate_count[qubit_idx] = 0
292                         gate_positions[qubit_idx] = {}
293
294                     gate_count[qubit_idx] += 1
295                     gate_positions[qubit_idx][gate_count[qubit_idx] - 1] = 

inst_idx
296
297 # 根据c_idx找到具体的指令索引
298             target_qubit = b2_idx
299 if target_qubit in gate_positions and c_idx in

gate_positions[target_qubit]:
300                 start_inst_idx = gate_positions[target_qubit][c_idx]
301



302 # 检查连续的相同门
303                 removed = 0
304 for i in range(count):
305 if start_inst_idx + i < len(instructions):
306                         inst = instructions[start_inst_idx + i]
307 if inst.operation.name.lower() == gate_name:
308                             removed += 1
309
310 if removed == count:
311 # 创建新电路并跳过这些门
312                     new_circuit = QuantumCircuit()
313 # 确保新电路有相同的量⼦⽐特结构
314 for qreg in self.current_circuit.qregs:
315                         new_circuit.add_register(qreg)
316
317 # 只添加不在删除范围内的指令，实现门删除效果
318 for idx in range(len(instructions)):
319 if idx < start_inst_idx or idx >= start_inst_idx + count:
320                             new_circuit.append(instructions[idx].operation, 

instructions[idx].qubits)
321
322                     self.current_circuit = new_circuit
323 return True
324
325 return False
326
327 except Exception as e:
328 print(f"删除门失败: {e}")
329 return False
330
331 def _swap_x_i_gates(self, b1_idx, b2_idx, c_idx):
332 """
333         交换X-I门的位置变成I-X
334         即：X-I → I-X
335
336         Args:
337             b1_idx: control qubit索引
338             b2_idx: target qubit索引
339             c_idx: 深度索引
340
341         Returns:
342             bool: 操作是否成功
343         """
344 try:
345             instructions = list(self.current_circuit.data)
346
347             gate_count = {}
348             gate_positions = {}
349



350 # 记录每个qubit上的门位置
351 for inst_idx, instruction in enumerate(instructions):
352                 gate = instruction.operation.name.lower()
353                 qubits = instruction.qubits
354
355 if len(qubits) == 1:
356                     qubit_idx = 0
357 if qubit_idx not in gate_count:
358                         gate_count[qubit_idx] = 0
359                         gate_positions[qubit_idx] = {}
360
361                     gate_count[qubit_idx] += 1
362                     gate_positions[qubit_idx][gate_count[qubit_idx] - 1] = 

inst_idx
363
364 # 根据c_idx找到具体的指令索引
365             target_qubit = b2_idx
366 if target_qubit in gate_positions and c_idx in

gate_positions[target_qubit]:
367                 start_inst_idx = gate_positions[target_qubit][c_idx]
368
369 # 检查是否是X-I模式
370 if (start_inst_idx < len(instructions) and
371                         start_inst_idx + 1 < len(instructions)):
372
373                     inst1 = instructions[start_inst_idx]
374                     inst2 = instructions[start_inst_idx + 1]
375
376                     gate1 = inst1.operation.name.lower()
377                     gate2 = inst2.operation.name.lower()
378
379 #  检查是否是X-I（第⼀个是X，第⼆个是I）
380 if gate1 == 'x' and gate2 == 'i':
381 # 交换这两个门：X-I → I-X
382                         new_circuit = QuantumCircuit()
383 for qreg in self.current_circuit.qregs:
384                             new_circuit.add_register(qreg)
385
386 # 添加所有指令，但交换start_inst_idx和start_inst_idx+1
387 for idx in range(len(instructions)):
388 if idx == start_inst_idx:
389 # 添加第⼆个门（I）放在前⾯
390                                 new_circuit.append(inst2.operation, inst2.qubits)
391 elif idx == start_inst_idx + 1:
392 # 添加第⼀个门（X）放在后⾯
393                                 new_circuit.append(inst1.operation, inst1.qubits)
394 else:
395 # 添加其他门
396                                 new_circuit.append(instructions[idx].operation,



397                                                    instructions[idx].qubits)
398
399                         self.current_circuit = new_circuit
400 return True
401
402 return False
403
404 except Exception as e:
405 print(f"交换X-I门失败: {e}")
406 return False
407
408 def _swap_z_i_gates(self, b1_idx, b2_idx, c_idx):
409 """
410         交换Z-I门的位置变成I-Z
411         即：Z-I → I-Z
412
413         Args:
414             b1_idx: control qubit索引
415             b2_idx: target qubit索引
416             c_idx: 深度索引
417
418         Returns:
419             bool: 操作是否成功
420         """
421 try:
422             instructions = list(self.current_circuit.data)
423
424             gate_count = {}
425             gate_positions = {}
426
427 # 记录每个qubit上的门位置
428 for inst_idx, instruction in enumerate(instructions):
429                 gate = instruction.operation.name.lower()
430                 qubits = instruction.qubits
431
432 if len(qubits) == 1:
433                     qubit_idx = 0
434 if qubit_idx not in gate_count:
435                         gate_count[qubit_idx] = 0
436                         gate_positions[qubit_idx] = {}
437
438                     gate_count[qubit_idx] += 1
439                     gate_positions[qubit_idx][gate_count[qubit_idx] - 1] = 

inst_idx
440
441 # 根据c_idx找到具体的指令索引
442             target_qubit = b2_idx
443 if target_qubit in gate_positions and c_idx in

gate_positions[target_qubit]:



444                 start_inst_idx = gate_positions[target_qubit][c_idx]
445
446 # 检查是否是Z-I模式
447 if (start_inst_idx < len(instructions) and
448                         start_inst_idx + 1 < len(instructions)):
449
450                     inst1 = instructions[start_inst_idx]
451                     inst2 = instructions[start_inst_idx + 1]
452
453                     gate1 = inst1.operation.name.lower()
454                     gate2 = inst2.operation.name.lower()
455
456 #  检查是否是Z-I（第⼀个是Z，第⼆个是I）← 唯⼀改动
457 if gate1 == 'z' and gate2 == 'i':
458 # 交换这两个门：Z-I → I-Z
459                         new_circuit = QuantumCircuit()
460 for qreg in self.current_circuit.qregs:
461                             new_circuit.add_register(qreg)
462
463 # 添加所有指令，但交换start_inst_idx和start_inst_idx+1
464 for idx in range(len(instructions)):
465 if idx == start_inst_idx:
466 # 添加第⼆个门（I）放在前⾯
467                                 new_circuit.append(inst2.operation, inst2.qubits)
468 elif idx == start_inst_idx + 1:
469 # 添加第⼀个门（Z）放在后⾯
470                                 new_circuit.append(inst1.operation, inst1.qubits)
471 else:
472 # 添加其他门
473                                 new_circuit.append(instructions[idx].operation,
474                                                    instructions[idx].qubits)
475
476                         self.current_circuit = new_circuit
477 return True
478
479 return False
480
481 except Exception as e:
482 print(f"交换Z-I门失败: {e}")
483 return False
484
485 def _swap_h_i_gates(self, b1_idx, b2_idx, c_idx):
486 """
487         交换H-I门的位置变成I-H
488         即：H-I → I-H
489
490         Args:
491             b1_idx: control qubit索引
492             b2_idx: target qubit索引



493             c_idx: 深度索引
494
495         Returns:
496             bool: 操作是否成功
497         """
498 try:
499             instructions = list(self.current_circuit.data)
500
501             gate_count = {}
502             gate_positions = {}
503
504 # 记录每个qubit上的门位置
505 for inst_idx, instruction in enumerate(instructions):
506                 gate = instruction.operation.name.lower()
507                 qubits = instruction.qubits
508
509 if len(qubits) == 1:
510                     qubit_idx = 0
511 if qubit_idx not in gate_count:
512                         gate_count[qubit_idx] = 0
513                         gate_positions[qubit_idx] = {}
514
515                     gate_count[qubit_idx] += 1
516                     gate_positions[qubit_idx][gate_count[qubit_idx] - 1] = 

inst_idx
517
518 # 根据c_idx找到具体的指令索引
519             target_qubit = b2_idx
520 if target_qubit in gate_positions and c_idx in

gate_positions[target_qubit]:
521                 start_inst_idx = gate_positions[target_qubit][c_idx]
522
523 # 检查是否是Z-I模式
524 if (start_inst_idx < len(instructions) and
525                         start_inst_idx + 1 < len(instructions)):
526
527                     inst1 = instructions[start_inst_idx]
528                     inst2 = instructions[start_inst_idx + 1]
529
530                     gate1 = inst1.operation.name.lower()
531                     gate2 = inst2.operation.name.lower()
532
533 #  检查是否是H-I（第⼀个是H，第⼆个是I）
534 if gate1 == 'h' and gate2 == 'i':
535 # 交换这两个门：H-I → I-H
536                         new_circuit = QuantumCircuit()
537 for qreg in self.current_circuit.qregs:
538                             new_circuit.add_register(qreg)
539



540 # 添加所有指令，但交换start_inst_idx和start_inst_idx+1
541 for idx in range(len(instructions)):
542 if idx == start_inst_idx:
543 # 添加第⼆个门（I）放在前⾯
544                                 new_circuit.append(inst2.operation, inst2.qubits)
545 elif idx == start_inst_idx + 1:
546 # 添加第⼀个门（H）放在后⾯
547                                 new_circuit.append(inst1.operation, inst1.qubits)
548 else:
549 # 添加其他门
550                                 new_circuit.append(instructions[idx].operation,
551                                                    instructions[idx].qubits)
552
553                         self.current_circuit = new_circuit
554 return True
555
556 return False
557
558 except Exception as e:
559 print(f"交换H-I门失败: {e}")
560 return False
561
562 def _swap_s_i_gates(self, b1_idx, b2_idx, c_idx):
563 """
564         交换S-I门的位置变成I-S
565         即：S-I → I-S
566
567         Args:
568             b1_idx: control qubit索引
569             b2_idx: target qubit索引
570             c_idx: 深度索引
571
572         Returns:
573             bool: 操作是否成功
574         """
575 try:
576             instructions = list(self.current_circuit.data)
577
578             gate_count = {}
579             gate_positions = {}
580
581 # 记录每个qubit上的门位置
582 for inst_idx, instruction in enumerate(instructions):
583                 gate = instruction.operation.name.lower()
584                 qubits = instruction.qubits
585
586 if len(qubits) == 1:
587                     qubit_idx = 0
588 if qubit_idx not in gate_count:



589                         gate_count[qubit_idx] = 0
590                         gate_positions[qubit_idx] = {}
591
592                     gate_count[qubit_idx] += 1
593                     gate_positions[qubit_idx][gate_count[qubit_idx] - 1] = 

inst_idx
594
595 # 根据c_idx找到具体的指令索引
596             target_qubit = b2_idx
597 if target_qubit in gate_positions and c_idx in

gate_positions[target_qubit]:
598                 start_inst_idx = gate_positions[target_qubit][c_idx]
599
600 # 检查是否是S-I模式
601 if (start_inst_idx < len(instructions) and
602                         start_inst_idx + 1 < len(instructions)):
603
604                     inst1 = instructions[start_inst_idx]
605                     inst2 = instructions[start_inst_idx + 1]
606
607                     gate1 = inst1.operation.name.lower()
608                     gate2 = inst2.operation.name.lower()
609
610 #  检查是否是S-I（第⼀个是S，第⼆个是I）
611 if gate1 == 's' and gate2 == 'i':
612 # 交换这两个门：S-I → I-S
613                         new_circuit = QuantumCircuit()
614 for qreg in self.current_circuit.qregs:
615                             new_circuit.add_register(qreg)
616
617 # 添加所有指令，但交换start_inst_idx和start_inst_idx+1
618 for idx in range(len(instructions)):
619 if idx == start_inst_idx:
620 # 添加第⼆个门（I）放在前⾯
621                                 new_circuit.append(inst2.operation, inst2.qubits)
622 elif idx == start_inst_idx + 1:
623 # 添加第⼀个门（S）放在后⾯
624                                 new_circuit.append(inst1.operation, inst1.qubits)
625 else:
626 # 添加其他门
627                                 new_circuit.append(instructions[idx].operation,
628                                                    instructions[idx].qubits)
629
630                         self.current_circuit = new_circuit
631 return True
632
633 return False
634
635 except Exception as e:



636 print(f"交换S-I门失败: {e}")
637 return False
638
639 def _transform_hgh_to_result(self, gate_name, count, b1_idx, b2_idx, c_idx):
640 """
641         将H-gate-H变成相应的门序列
642
643         H-X-H → Z-I-I (当gate_name='x')
644         H-Z-H → X-I-I (当gate_name='z')
645
646         基于量⼦力学性质：
647         - H*X*H = Z
648         - H*Z*H = X
649
650         Args:
651             gate_name: 中间门的名称 ('x' 或 'z')
652             count: 要处理的门数 (应该等于3)
653             b1_idx: control qubit索引
654             b2_idx: target qubit索引
655             c_idx: 深度索引
656
657         Returns:
658             bool: 操作是否成功
659         """
660 try:
661 # ===== 第⼀步：确定结果门 =====
662 if gate_name.lower() == 'x':
663                 result_gate = 'z' # H-X-H → Z-I-I
664 elif gate_name.lower() == 'z':
665                 result_gate = 'x' # H-Z-H → X-I-I
666 else:
667 print(f"  不⽀持的中间门类型: {gate_name}")
668 return False
669
670             instructions = list(self.current_circuit.data)
671
672             gate_count = {}
673             gate_positions = {}
674
675 # ===== 第⼆步：记录每个qubit上的门数和位置 =====
676 for inst_idx, instruction in enumerate(instructions):
677                 gate = instruction.operation.name.lower()
678                 qubits = instruction.qubits
679
680 if len(qubits) == 1:
681                     qubit_idx = 0
682 if qubit_idx not in gate_count:
683                         gate_count[qubit_idx] = 0
684                         gate_positions[qubit_idx] = {}



685
686                     gate_count[qubit_idx] += 1
687                     gate_positions[qubit_idx][gate_count[qubit_idx] - 1] = 

inst_idx
688
689 # ===== 第三步：根据c_idx找到起始指令索引 =====
690             target_qubit = b2_idx
691 if target_qubit in gate_positions and c_idx in

gate_positions[target_qubit]:
692                 start_inst_idx = gate_positions[target_qubit][c_idx]
693
694 # ===== 第四步：检查是否有H-gate-H模式 =====
695                 expected_sequence = ['h', gate_name.lower(), 'h']
696                 matched = 0
697
698 for i in range(count):
699 if start_inst_idx + i < len(instructions):
700                         inst = instructions[start_inst_idx + i]
701                         inst_gate_name = inst.operation.name.lower()
702
703 # 检查当前指令是否与期望的门匹配
704 if inst_gate_name == expected_sequence[i]:
705                             matched += 1
706
707 # ===== 第五步：如果找到完整的H-gate-H模式，进⾏替换 =====
708 if matched == count:
709 # 创建新电路
710                     new_circuit = QuantumCircuit()
711 for qreg in self.current_circuit.qregs:
712                         new_circuit.add_register(qreg)
713
714 # 遍历所有指令，进⾏替换
715 for idx in range(len(instructions)):
716 if idx == start_inst_idx:
717 # 第⼀个位置：添加结果门（Z或X）
718                             qubit = instructions[idx].qubits[0]
719 if result_gate == 'z':
720                                 new_circuit.z(qubit)
721 elif result_gate == 'x':
722                                 new_circuit.x(qubit)
723 elif idx == start_inst_idx + 1 or idx == start_inst_idx + 

2:
724 # 第⼆、三个位置：添加I门
725                             qubit = instructions[idx].qubits[0]
726                             new_circuit.id(qubit)  # Qiskit中I门⽤id()表⽰
727 else:
728 # 其他位置：添加原有指令
729                             new_circuit.append(instructions[idx].operation,
730                                                instructions[idx].qubits)



731
732                     self.current_circuit = new_circuit
733 return True
734
735 return False
736
737 except Exception as e:
738 print(f"  H-{gate_name}-H变换失败: {e}")
739 return False
740
741 def get_circuit(self):
742 """获取当前电路"""
743 return self.current_circuit
744
745 def get_metrics(self):
746 """获取优化指标"""
747 if self.current_circuit is None:
748 return {'depth': 0, 'x_count': 0, 'total_gates': 0}
749
750         depth = min(self.current_circuit.depth(), self.MAX_DEPTH)
751
752         x_count = 0
753         total_gates = 0
754
755 for inst in self.current_circuit.data:
756             gate_name = inst.operation.name.lower()
757 if gate_name != 'm':
758                 total_gates += 1
759 if gate_name == 'x':
760                     x_count += 1
761
762 return {
763 'depth': depth,
764 'x_count': x_count,
765 'total_gates': total_gates
766         }

head

```

Helper.py

1 # 绘图辅助
2 import matplotlib.pyplot as plt
3 from IPython import display
4
5 plt.ion()



6
7 def plot(scores, mean_scores):
8     display.clear_output(wait=True)
9     display.display(plt.gcf())

10     plt.clf()
11     plt.title('Training...')
12     plt.xlabel('Number of Games')
13     plt.ylabel('Score')
14     plt.plot(scores)
15     plt.plot(mean_scores)
16     plt.ylim(ymin=0)
17     plt.text(len(scores)-1, scores[-1], str(scores[-1]))
18     plt.text(len(scores)-1, mean_scores[-1], str(mean_scores[-1]))
19     plt.show(block=False)
20     plt.pause(.1)
21
22
23
24  

Latest_circuit_encoder.py

1 """
2 量⼦电路编码器 - 新编码⽅式
3 ⽂件名：Latest_circuit_encoder.py
4
5 编码⽅式：b1 * b2 * c * a (张量积)
6
7 其中：
8   a: 门类型 (6维 one-hot)
9      [X/CX, Z/CZ, H, S, M, I]

10
11   b1: Control qubit位置 (5维 one-hot)
12      [单量⼦门, q0, q1, q2, q3, q4]
13
14   b2: Target qubit位置 (5维 one-hot)
15      [q0, q1, q2, q3, q4]
16
17   c: 门的顺序 (dynamic, one-hot)
18      对于单量⼦门：c是该门在target qubit上的顺序
19      对于双量⼦门：c是max(control上的顺序, target上的顺序)
20 """
21
22 import numpy as np
23 from typing import List, Tuple, Dict, Any
24 import warnings
25
26
27 class LatestCircuitEncoder:
28 """



29     新编码⽅式的量⼦电路编码器
30
31     ⽀持的门类型：X, Z, H, S, M, I（单量⼦门）
32                 CX, CZ（双量⼦门）
33
34     编码格式：b1 * b2 * c * a
35     """
36
37 # 门类型映射
38     GATE_TYPES = {
39 'x': 0, 'cx': 0,  # X和CX都是类型0
40 'z': 1, 'cz': 1,  # Z和CZ都是类型1
41 'h': 2,
42 's': 3,
43 'm': 4, 'measure': 4,
44 'i': 5,  # Identity门
45     }
46
47     NUM_GATE_TYPES = 6
48     NUM_CONTROL_TYPES = 6 # 单量⼦门, q0, q1, q2, q3, q4
49     NUM_TARGET_TYPES = 5 # q0, q1, q2, q3, q4
50     MAX_DEPTH = 20 # 最⼤可⽀持的深度（one-hot维数）
51
52 def __init__(self, n_qubits: int = 5, max_gates: int = 50, max_depth: int = 

10):
53 """
54         初始化编码器
55
56         Args:
57             n_qubits: 最⼤qubit数 (0-4，共5条线)
58             max_gates: 最⼤⽀持的门数
59             max_depth: 电路最⼤深度
60         """
61         self.n_qubits = n_qubits
62         self.max_gates = max_gates
63         self.max_depth = min(max_depth, self.MAX_DEPTH)
64
65 # 特征维度：b1(5) + b2(5) + c(max_depth) + a(6)
66         self.feature_dim_per_gate = self.NUM_CONTROL_TYPES + self.NUM_TARGET_TYPES 

+ self.max_depth + self.NUM_GATE_TYPES
67
68
69 def encode_circuit(self, circuit) -> List[Dict[str, Any]]:
70 """
71         将QuantumCircuit编码为新的结构化表⽰
72
73         关键改动：
74         1. 插⼊I门在空的位置
75         2. 计算每个qubit上的门序



76         3. 返回完整的编码信息 （返回的编码信息并不是张量积，⽽是字典）
77
78         Args:
79             circuit: Qiskit QuantumCircuit对象
80
81         Returns:
82             encoding: List of dicts with new encoding format
83         """
84 # 创建量⼦⽐特到索引的映射字典
85         qubit_mapping = {qubit: idx for idx, qubit in enumerate(circuit.qubits)}
86
87 # 初始化每个qubit的门序计数
88         qubit_gate_order = {idx: 0 for idx in range(circuit.num_qubits)} # ⽤于追踪

每个量⼦⽐特上的已执⾏操作数
89
90 # 构建指令列表和最⼤深度
91         instructions = list(circuit.data) # 电路中的操作指令
92 # 将其转换为列表形式，可以访问
93         circuit_depth = circuit.depth()
94         actual_max_depth = min(circuit_depth, self.max_depth)
95
96 # 初始化每条线的当前位置（⽤于插⼊I门）
97 # position_on_qubit[q] = 最后⼀个作⽤在q上的门的深度位置
98         position_on_qubit = {idx: 0 for idx in range(circuit.num_qubits)}
99

100         encoding = []
101
102 # 处理所有指令
103 for instruction in instructions:
104             gate_name = instruction.operation.name.lower()
105             qubits = instruction.qubits
106
107 if gate_name not in self.GATE_TYPES:
108                 warnings.warn(f"未知门类型: {gate_name}，跳过")
109 continue
110
111             gate_type_idx = self.GATE_TYPES[gate_name]
112
113 # 处理单量⼦门
114 if len(qubits) == 1:
115                 target_idx = qubit_mapping[qubits[0]]
116                 qubit_gate_order[target_idx] += 1
117
118                 control_type_idx = 0 # 单量⼦门标记
119                 control_idx = control_type_idx
120                 target_type_idx = target_idx
121
122 # depth_index从0开始，和gate_position差1
123                 depth_idx = qubit_gate_order[target_idx] - 1



124
125 # 已操作数加1
126                 position_on_qubit[target_idx] = depth_idx + 1
127
128 # 在编码末尾加上新的门信息
129                 encoding.append({
130 'gate_type_idx': gate_type_idx,
131 'control_type_idx': control_type_idx,
132 'target_type_idx': target_type_idx,
133 'depth_idx': depth_idx,
134 'qubits': (control_idx,target_idx),
135 'gate_name': gate_name.upper()
136                 })
137
138 # 处理双量⼦门
139 elif len(qubits) == 2:
140                 control_idx = qubit_mapping[qubits[0]]
141                 target_idx = qubit_mapping[qubits[1]]
142
143 # 同时更新control 和 target的位置信息
144                 qubit_gate_order[control_idx] += 1
145                 qubit_gate_order[target_idx] += 1
146
147                 control_type_idx = control_idx + 1 # +1因为0是单量⼦门标记
148                 target_type_idx = target_idx
149
150 # 双量⼦门的深度是两边的最⼤值
151                 depth_idx = max(qubit_gate_order[control_idx], 

qubit_gate_order[target_idx]) - 1
152
153                 position_on_qubit[control_idx] = depth_idx + 1
154                 position_on_qubit[target_idx] = depth_idx + 1
155
156                 encoding.append({
157 'gate_type_idx': gate_type_idx,
158 'control_type_idx': control_type_idx,
159 'target_type_idx': target_type_idx,
160 'depth_idx': depth_idx,
161 'qubits': (control_idx, target_idx),
162 'gate_name': gate_name.upper()
163                 })
164 else:
165                 warnings.warn(f"不⽀持{len(qubits)}-量⼦门，跳过")
166 continue
167
168 # 添加I门在空的位置（使得编码更完整）
169 # 对每个qubit，从位置1到最⼤深度，填充空位
170 for qubit_idx in range(circuit.num_qubits):
171             max_order = max(qubit_gate_order.values()) if qubit_gate_order else 0



172
173 for pos in range(1, self.max_depth + 1):
174 # 检查是否已经有该位置的门
175                 has_gate_at_pos = False
176
177 # 已经有门的时候，指标变成True
178 for enc in encoding:
179 if qubit_idx in enc['qubits'] and enc['depth_idx'] == pos - 1:
180                         has_gate_at_pos = True
181 break
182
183 if not has_gate_at_pos:
184 # 添加I门
185                     encoding.append({
186 'gate_type_idx': 5,  # I门
187 'control_type_idx': 0,  # 单量⼦门
188 'target_type_idx': qubit_idx,
189 'depth_idx': pos - 1,
190 'qubits': (qubit_idx,),
191 'gate_name': 'I'
192                     })
193
194 # 按深度和qubit排序编码
195         encoding.sort(key=lambda x: (x['depth_idx'], x['target_type_idx']))
196
197 return encoding
198
199
200 # 设计⽤于计算张量积 b1 ⊗ b2 ⊗ c ⊗ a的⽅法
201 def _tensor_product_of_four_one_hot(self, b1, b2, c, a):
202 """
203         计算四个 one-hot 向量的张量积
204
205         参数：
206             b1: 1D numpy array，control位置的 one-hot 向量 (6维)
207             b2: 1D numpy array，target位置的 one-hot 向量 (5维)
208             c: 1D numpy array，门顺序的 one-hot 向量 (max_depth维)
209             a: 1D numpy array，门类型的 one-hot 向量 (6维)
210
211         返回：
212             4D numpy 张量，形状为 (len(b1), len(b2), len(c), len(a))
213         """
214
215 # 验证输⼊是否为 one-hot 向量
216 def is_one_hot(vec):
217 return np.sum(vec) == 1 and all(x in [0, 1] for x in vec)
218
219 if not all(map(is_one_hot, [b1, b2, a, c])):
220 raise ValueError("所有输⼊向量必须是 one-hot 编码")



221
222 # 找到每个向量中 1 的索引
223         idx_b1 = np.argmax(b1)
224         idx_b2 = np.argmax(b2)
225         idx_c = np.argmax(c)
226         idx_a = np.argmax(a)
227
228 # 创建 4D 零张量
229         tensor = np.zeros((len(b1), len(b2), len(c), len(a)), dtype=np.float32)
230
231 # 在对应位置设置 1
232         tensor[idx_b1, idx_b2, idx_c, idx_a] = 1
233
234 return tensor
235
236
237 def encoding_to_vector(self, encoding: List[Dict[str, Any]]) -> np.ndarray:
238 """
239         将编码转换为张量表⽰
240
241         新⽅法：
242         1. 对每个 gate_info，计算张量积 b1 ⊗ b2 ⊗ c ⊗ a
243         2. 将所有 gate 的张量逐元素相加
244
245         返回：4D numpy 张量，形状为 (NUM_CONTROL_TYPES, NUM_TARGET_TYPES, max_depth, 

NUM_GATE_TYPES)
246               即 (6, 5, max_depth, 6)
247         """
248 # 初始化状态张量
249         state_tensor = np.zeros(
250             (self.NUM_CONTROL_TYPES, self.NUM_TARGET_TYPES, self.max_depth, 

self.NUM_GATE_TYPES),
251             dtype=np.float32
252         )
253
254 # 对每个门进⾏处理
255 for gate_info in encoding[:self.max_gates]:
256 # 创建各个维度的 one-hot 向量
257
258 # b1: control 位置 (6维 one-hot)
259             b1 = np.zeros(self.NUM_CONTROL_TYPES, dtype=np.float32)
260             b1[gate_info['control_type_idx']] = 1.0
261
262 # b2: target 位置 (5维 one-hot)
263             b2 = np.zeros(self.NUM_TARGET_TYPES, dtype=np.float32)
264             b2[gate_info['target_type_idx']] = 1.0
265
266 # c: 门的顺序 (max_depth维 one-hot)
267             c = np.zeros(self.max_depth, dtype=np.float32)



268             depth_idx = min(gate_info['depth_idx'], self.max_depth - 1)
269             c[depth_idx] = 1.0
270
271 # a: 门类型 (6维 one-hot)
272             a = np.zeros(self.NUM_GATE_TYPES, dtype=np.float32)
273             a[gate_info['gate_type_idx']] = 1.0
274
275 # 计算张量积 b1 ⊗ b2 ⊗ c ⊗ a
276             gate_tensor = self._tensor_product_of_four_one_hot(b1, b2, c, a)
277
278 # 逐元素相加到状态张量
279             state_tensor += gate_tensor
280
281 return state_tensor
282
283
284 def vector_to_encoding(self, state_tensor: np.ndarray, threshold: float = 0.5) 

-> List[Dict[str, Any]]:
285 """
286         将 4D 张量转换回编码
287
288         参数：
289             state_tensor: 4D numpy 张量，形状为 (NUM_CONTROL_TYPES, 

NUM_TARGET_TYPES, max_depth, NUM_GATE_TYPES)
290             threshold: 判断门是否存在的阈值
291
292         返回：
293             encoding: List of dicts with gate information
294         """
295         encoding = []
296
297 # 遍历 4D 张量的所有位置
298 for b1_idx in range(self.NUM_CONTROL_TYPES):
299 for b2_idx in range(self.NUM_TARGET_TYPES):
300 for c_idx in range(self.max_depth):
301 for a_idx in range(self.NUM_GATE_TYPES):
302 # 如果该位置有活动，则认为有⼀个门
303 if state_tensor[b1_idx, b2_idx, c_idx, a_idx] > threshold:
304                             encoding.append({
305 'control_type_idx': b1_idx,
306 'target_type_idx': b2_idx,
307 'depth_idx': c_idx,
308 'gate_type_idx': a_idx
309                             })
310
311 # 按深度和⽬标qubit排序
312         encoding.sort(key=lambda x: (x['depth_idx'], x['target_type_idx']))
313
314 return encoding



315
316
317 def print_encoding_info(self, encoding: List[Dict[str, Any]], max_gates: int = 

10):
318 """打印编码信息"""
319 print("\n" + "=" * 80)
320 print("编码信息（新格式: b1*b2*c*a）")
321 print("=" * 80)
322 print(f"{'#':>3} | {'Gate':>8} | {'b1(Ctrl)':>12} | {'b2(Tgt)':>8} | 

{'c(Order)':>8} | {'a(Type)':>8}")
323 print("-" * 80)
324
325         gate_type_names = {0: 'X/CX', 1: 'Z/CZ', 2: 'H', 3: 'S', 4: 'M', 5: 'I'}
326         control_names = {0: '单量⼦', 1: 'q0', 2: 'q1', 3: 'q2', 4: 'q3', 5: 'q4'}
327         target_names = {0: 'q0', 1: 'q1', 2: 'q2', 3: 'q3', 4: 'q4'}
328
329 for i, enc in enumerate(encoding[:max_gates]):
330             gate_name = gate_type_names.get(enc['gate_type_idx'], 'Unknown')
331             ctrl_name = control_names.get(enc['control_type_idx'], 'Unknown')
332             tgt_name = target_names.get(enc['target_type_idx'], 'Unknown')
333
334 print(f"{i:3d} | {gate_name:>8s} | {ctrl_name:>12s} | {tgt_name:>8s} | 

"
335 f"{enc['depth_idx']:>8d} | {enc['gate_type_idx']:>8d}")
336
337 if len(encoding) > max_gates:
338 print(f"... 还有 {len(encoding) - max_gates} 个门")
339
340 print("=" * 80 + "\n")
341
342
343 # 便捷函数
344 def encode_circuit_new(circuit, n_qubits: int = 5, max_gates: int = 50, max_depth: 

int = 10) -> np.ndarray:
345 """快速编码函数"""
346     encoder = LatestCircuitEncoder(n_qubits, max_gates, max_depth)
347     encoding = encoder.encode_circuit(circuit)
348     state_vector = encoder.encoding_to_vector(encoding)
349 return state_vector
350
351
352 def get_encoder(n_qubits: int = 5, max_gates: int = 50, max_depth: int = 10) -> 

LatestCircuitEncoder:
353 """获取编码器实例"""
354 return LatestCircuitEncoder(n_qubits, max_gates, max_depth)

MNIST Prediction.py

1 import torch
2 import torch.nn as nn



3 from torchvision import datasets, transforms
4 from PIL import Image
5 import numpy as np
6 import matplotlib.pyplot as plt
7 import os
8
9

10 # 定义相同的CNN模型结构（必须与训练时⼀致）
11 class StandardCNN(nn.Module):
12 def __init__(self):
13 super(StandardCNN, self).__init__()
14
15         self.conv1 = nn.Conv2d(1, 32, kernel_size=3, padding=1)
16         self.relu1 = nn.ReLU()
17         self.pool1 = nn.MaxPool2d(2, 2)
18
19         self.conv2 = nn.Conv2d(32, 64, kernel_size=3, padding=1)
20         self.relu2 = nn.ReLU()
21         self.pool2 = nn.MaxPool2d(2, 2)
22
23         self.flatten = nn.Flatten()
24         self.fc1 = nn.Linear(64 * 7 * 7, 128)
25         self.relu3 = nn.ReLU()
26         self.dropout = nn.Dropout(0.5)
27         self.fc2 = nn.Linear(128, 10)
28
29 def forward(self, x):
30         x = self.pool1(self.relu1(self.conv1(x)))
31         x = self.pool2(self.relu2(self.conv2(x)))
32         x = self.flatten(x)
33         x = self.relu3(self.fc1(x))
34         x = self.dropout(x)
35         x = self.fc2(x)
36 return x
37
38
39 # 加载训练好的模型
40 def load_model(model_path, device):
41 """加载保存的模型权重"""
42     model = StandardCNN()
43     model.load_state_dict(torch.load(model_path, map_location=device))
44     model.to(device)
45     model.eval()  # 设置为评估模式
46 print(f"模型已从 {model_path} 加载成功！")
47 return model
48
49
50 # 预测单张图⽚（从⽂件）
51 def predict_image_from_file(model, image_path, device):



52 """
53     预测⽤户提供的⼿写数字图⽚
54     图⽚要求：28x28像素，灰度图，⿊底⽩字或⽩底⿊字
55     """
56 # 读取图⽚
57     img = Image.open(image_path).convert('L')  # 转为灰度图
58     img = img.resize((28, 28))  # 调整⼤⼩
59
60 # 转为numpy数组
61     img_array = np.array(img)
62
63 # 判断是⿊底⽩字还是⽩底⿊字，统⼀转为⿊底⽩字
64 if img_array.mean() > 127:
65         img_array = 255 - img_array
66
67 # 归⼀化
68     img_array = img_array.astype('float32') / 255.0
69
70 # 标准化（与训练时⼀致）
71     mean, std = 0.1307, 0.3081
72     img_array = (img_array - mean) / std
73
74 # 转为tensor并添加batch和channel维度
75     img_tensor = torch.from_numpy(img_array).unsqueeze(0).unsqueeze(0).to(device)
76
77 # 预测
78 with torch.no_grad():
79         output = model(img_tensor)
80         probabilities = torch.softmax(output, dim=1)
81         predicted_class = output.argmax(dim=1).item()
82         confidence = probabilities[0][predicted_class].item()
83
84 return predicted_class, confidence, probabilities[0].cpu().numpy()
85
86
87 # 预测MNIST测试集中的图⽚
88 def predict_from_mnist(model, device, num_samples=10):
89 """从MNIST测试集随机选择样本进⾏预测"""
90 # 加载MNIST测试集
91     transform = transforms.Compose([
92         transforms.ToTensor(),
93         transforms.Normalize((0.1307,), (0.3081,))
94     ])
95
96     test_dataset = datasets.MNIST(root='./mnist_data', train=False,
97                                   download=True, transform=transform)
98
99 # 随机选择样本

100     indices = np.random.choice(len(test_dataset), num_samples, replace=False)



101
102     results = []
103 for idx in indices:
104         img, true_label = test_dataset[idx]
105         img_tensor = img.unsqueeze(0).to(device)
106
107 with torch.no_grad():
108             output = model(img_tensor)
109             probabilities = torch.softmax(output, dim=1)
110             predicted_class = output.argmax(dim=1).item()
111             confidence = probabilities[0][predicted_class].item()
112
113         results.append({
114 'image': img.squeeze().cpu().numpy(),
115 'true_label': true_label,
116 'predicted': predicted_class,
117 'confidence': confidence,
118 'probabilities': probabilities[0].cpu().numpy()
119         })
120
121 return results
122
123
124 # 可视化预测结果
125 def visualize_predictions(results, save_path='predictions.png'):
126 """可视化多个预测结果"""
127     n = len(results)
128     fig, axes = plt.subplots(2, 5, figsize=(15, 6))
129     axes = axes.flatten()
130
131 for i, result in enumerate(results):
132 if i >= 10:
133 break
134
135         ax = axes[i]
136         ax.imshow(result['image'], cmap='gray')
137
138 # 判断预测是否正确
139         correct = result['predicted'] == result['true_label']
140         color = 'green' if correct else 'red'
141         symbol = '✓' if correct else '✗'
142
143         title = f"{symbol} 预测: {result['predicted']} ({result['confidence'] * 

100:.1f}%)\n真实: {result['true_label']}"
144         ax.set_title(title, color=color, fontsize=10)
145         ax.axis('off')
146
147     plt.tight_layout()
148     plt.savefig(save_path, dpi=100, bbox_inches='tight')



149 print(f"预测结果已保存到 {save_path}")
150     plt.close()
151
152
153 # 显⽰所有类别的概率
154 def show_probability_distribution(probabilities, predicted_class):
155 """显⽰每个数字的预测概率"""
156 print("\n各个数字的预测概率：")
157 print("-" * 40)
158 for i, prob in enumerate(probabilities):
159         bar = '█' * int(prob * 50)
160         marker = ' ← 预测结果' if i == predicted_class else ''
161 print(f"数字 {i}: {prob * 100:5.2f}% |{bar}{marker}")
162 print("-" * 40)
163
164
165 def main():
166 # 设置设备
167     device = torch.device('cuda' if torch.cuda.is_available() else 'cpu')
168 print(f"使⽤设备: {device}")
169
170 # 加载模型
171     model_path = './mnist_data/mnist_cnn_pytorch.pth'
172
173 if not os.path.exists(model_path):
174 print(f"错误：找不到模型⽂件 {model_path}")
175 print("请先运⾏训练脚本⽣成模型⽂件！")
176 return
177
178     model = load_model(model_path, device)
179
180 print("\n" + "=" * 50)
181 print("选择预测模式：")
182 print("1. 预测MNIST测试集中的随机图⽚")
183 print("2. 预测⾃⼰的⼿写数字图⽚")
184 print("=" * 50)
185
186     choice = input("请输⼊选择 (1 或 2): ").strip()
187
188 if choice == '1':
189 # 模式1：从MNIST测试集预测
190 print("\n正在从MNIST测试集随机选择10张图⽚进⾏预测...")
191         results = predict_from_mnist(model, device, num_samples=10)
192
193 # 显⽰统计
194         correct = sum(1 for r in results if r['predicted'] == r['true_label'])
195 print(f"\n预测准确率: {correct}/{len(results)} = {correct / len(results) * 

100:.1f}%")
196



197 # 可视化
198         visualize_predictions(results, 'mnist_predictions.png')
199
200 # 显⽰第⼀个样本的详细信息
201 print("\n第⼀个样本的详细预测概率：")
202         show_probability_distribution(results[0]['probabilities'], results[0]

['predicted'])
203
204 elif choice == '2':
205 # 模式2：预测⽤户图⽚
206         image_path = input("\n请输⼊图⽚路径（例如：digit.png）: ").strip()
207
208 if not os.path.exists(image_path):
209 print(f"错误：找不到图⽚ {image_path}")
210 return
211
212 print(f"\n正在预测 {image_path}...")
213         predicted, confidence, probabilities = predict_image_from_file(model, 

image_path, device)
214
215 print(f"\n预测结果: 数字 {predicted}")
216 print(f"置信度: {confidence * 100:.2f}%")
217
218 # 显⽰详细概率
219         show_probability_distribution(probabilities, predicted)
220
221 # 可视化
222         img = Image.open(image_path).convert('L').resize((28, 28))
223         plt.figure(figsize=(6, 6))
224         plt.imshow(img, cmap='gray')
225         plt.title(f"预测: {predicted} (置信度: {confidence * 100:.1f}%)", 

fontsize=16)
226         plt.axis('off')
227         plt.savefig('single_prediction.png', dpi=100, bbox_inches='tight')
228 print("预测结果已保存到 single_prediction.png")
229         plt.close()
230
231 else:
232 print("⽆效的选择！")
233
234
235 if __name__ == '__main__':
236     main()

MNIST.py

1 # ==================== 【本次修改】解决OpenMP冲突错误 ====================
2 # 必须在导⼊torch之前设置，解决 "OMP: Error #15" 问题
3 import os
4 os.environ['KMP_DUPLICATE_LIB_OK'] = 'TRUE'



5 # =====================================================================
6 import torch
7 import torch.nn as nn
8 import torch.optim as optim
9 from torch.utils.data import DataLoader, TensorDataset

10 from torchvision import datasets, transforms
11 import numpy as np
12 import matplotlib
13
14 matplotlib.use('Agg')  # 使⽤⾮交互式后端，避免线程冲突
15 import matplotlib.pyplot as plt
16 import os
17 import time
18
19 # 设置数据存储路径
20 data_path = './mnist_data'
21 os.makedirs(data_path, exist_ok=True)
22
23 # 设置设备（GPU优先）
24 device = torch.device('cuda' if torch.cuda.is_available() else 'cpu')
25 print(f"使⽤设备: {device}")
26
27
28 # 定义标准CNN模型
29 # 构建CNN，计算forward
30 class StandardCNN(nn.Module): # 继承python中的nn.Module 神经⽹络模组中的函数
31 def __init__(self):
32 super(StandardCNN, self).__init__()
33
34 # 第⼀个卷积块
35 # in_channels   —— 输⼊通道数（灰度图只有1个通道，RGB是3）
36 # out_channels  —— 输出32个特征图（学习32种不同的特征）
37 # kernel_size=3 —— 3×3的卷积核
38 # padding=1     —— 四周填充1像素，保持尺⼨不变
39         self.conv1 = nn.Conv2d(1, 32, kernel_size=3, padding=1)
40         self.relu1 = nn.ReLU()
41         self.pool1 = nn.MaxPool2d(2, 2)
42
43 # 第⼆个卷积块
44         self.conv2 = nn.Conv2d(32, 64, kernel_size=3, padding=1)
45         self.relu2 = nn.ReLU()
46         self.pool2 = nn.MaxPool2d(2, 2)
47
48 # 全连接层
49         self.flatten = nn.Flatten() # nn.Flatten: nn.Module中的函数，把多维特征图压成⼀

维向量
50         self.fc1 = nn.Linear(64 * 7 * 7, 128) # nn.Linear 全连接层
51         self.relu3 = nn.ReLU()
52         self.dropout = nn.Dropout(0.5)



53 # 训练时：50%概率随机关闭神经元，防⽌过拟合
54 # 测试时：⾃动关闭，使⽤全部神经元
55         self.fc2 = nn.Linear(128, 10)
56
57 def forward(self, x):
58         x = self.pool1(self.relu1(self.conv1(x)))
59         x = self.pool2(self.relu2(self.conv2(x)))
60         x = self.flatten(x)
61         x = self.relu3(self.fc1(x))
62         x = self.dropout(x)
63         x = self.fc2(x)
64 return x
65
66
67 # 数据预处理和加载
68 print("正在下载MNIST数据集...")
69 # 数据预处理
70 # transforms.Compose： 把多个变换操作串联起来，按顺序执⾏
71 # transforms.ToTensor：PIL图⽚/Numpy数组 → PyTorch张量(Tensor)
72 transform = transforms.Compose([
73     transforms.ToTensor(),
74     transforms.Normalize((0.1307,), (0.3081,))
75 ])
76
77 #train： True=训练集，False=测试集
78 train_dataset = datasets.MNIST(root=data_path, train=True,
79                                download=True, transform=transform)
80 test_dataset = datasets.MNIST(root=data_path, train=False,
81                               download=True, transform=transform)
82
83 # 使⽤DataLoader进⾏⾼效批处理（增⼤batch_size）
84 # 在Windows上num_workers必须设为0，避免多进程问题
85 batch_size = 256 # 增⼤batch_size加速训练；
86 # ⼀次送⼊模型的样本数量
87
88 # DataLoader = ⾃动传送带（⾼效批量处理数据）；Pytorch库内置函数
89 num_workers = 0 if os.name == 'nt' else 2 # Windows使⽤0，Linux/Mac使⽤2
90 train_loader = DataLoader(train_dataset, batch_size=batch_size,
91                           shuffle=True, num_workers=num_workers, pin_memory=True)
92 test_loader = DataLoader(test_dataset, batch_size=batch_size,
93                          shuffle=False, num_workers=num_workers, pin_memory=True)
94
95 print(f"训练集⼤⼩: {len(train_dataset)}")
96 print(f"测试集⼤⼩: {len(test_dataset)}")
97
98 # 初始化模型
99 model = StandardCNN().to(device)

100 print("\n模型结构:")
101 print(model)



102
103 # 统计参数量
104 total_params = sum(p.numel() for p in model.parameters())
105 print(f"\n总参数量: {total_params:,}")
106
107 # 定义损失函数和优化器
108 criterion = nn.CrossEntropyLoss()
109 optimizer = optim.Adam(model.parameters(), lr=0.001)
110
111 # 学习率调度器（动态调整学习率）
112 scheduler = optim.lr_scheduler.StepLR(optimizer, step_size=3, gamma=0.5)
113
114
115 # 训练函数
116 def train_epoch(model, loader, criterion, optimizer, device):
117     model.train()
118     running_loss = 0.0
119     correct = 0
120     total = 0
121
122 for inputs, labels in loader:
123         inputs, labels = inputs.to(device), labels.to(device)
124
125         optimizer.zero_grad()
126         outputs = model(inputs)
127         loss = criterion(outputs, labels)
128         loss.backward()
129         optimizer.step()
130
131         running_loss += loss.item()
132         _, predicted = outputs.max(1)
133         total += labels.size(0)
134         correct += predicted.eq(labels).sum().item()
135
136 return running_loss / len(loader), 100. * correct / total
137
138
139 # 测试函数
140 def test(model, loader, criterion, device):
141     model.eval()
142     test_loss = 0.0
143     correct = 0
144     total = 0
145
146 with torch.no_grad():
147 for inputs, labels in loader:
148             inputs, labels = inputs.to(device), labels.to(device)
149             outputs = model(inputs)
150             loss = criterion(outputs, labels)



151
152             test_loss += loss.item()
153             _, predicted = outputs.max(1)
154             total += labels.size(0)
155             correct += predicted.eq(labels).sum().item()
156
157 return test_loss / len(loader), 100. * correct / total
158
159
160 # 训练模型
161 print("\n开始训练模型...")
162 epochs = 10
163 train_losses, train_accs = [], []
164 test_losses, test_accs = [], []
165
166 start_time = time.time()
167
168 for epoch in range(epochs):
169     epoch_start = time.time()
170
171     train_loss, train_acc = train_epoch(model, train_loader, criterion, optimizer, 

device)
172     test_loss, test_acc = test(model, test_loader, criterion, device)
173     scheduler.step()
174
175     train_losses.append(train_loss)
176     train_accs.append(train_acc)
177     test_losses.append(test_loss)
178     test_accs.append(test_acc)
179
180     epoch_time = time.time() - epoch_start
181 print(f'Epoch {epoch + 1}/{epochs} - {epoch_time:.2f}s - '
182 f'Train Loss: {train_loss:.4f}, Train Acc: {train_acc:.2f}% - '
183 f'Test Loss: {test_loss:.4f}, Test Acc: {test_acc:.2f}%')
184
185 total_time = time.time() - start_time
186 print(f"\n总训练时间: {total_time:.2f}秒")
187 print(f"平均每个epoch: {total_time / epochs:.2f}秒")
188
189 # 最终评估
190 final_loss, final_acc = test(model, test_loader, criterion, device)
191 print(f"\n最终测试集准确率: {final_acc:.2f}%")
192
193 # 保存模型
194 model_path = os.path.join(data_path, 'mnist_cnn_pytorch.pth')
195 torch.save(model.state_dict(), model_path)
196 print(f"模型已保存到 {model_path}")
197
198 # 可视化训练过程



199 plt.figure(figsize=(12, 4))
200
201 # 绘制准确率曲线
202 plt.subplot(1, 2, 1)
203 plt.plot(range(1, epochs + 1), train_accs, label='训练准确率', marker='o')
204 plt.plot(range(1, epochs + 1), test_accs, label='测试准确率', marker='s')
205 plt.title('模型准确率')
206 plt.xlabel('Epoch')
207 plt.ylabel('准确率 (%)')
208 plt.legend()
209 plt.grid(True)
210
211 # 绘制损失曲线
212 plt.subplot(1, 2, 2)
213 plt.plot(range(1, epochs + 1), train_losses, label='训练损失', marker='o')
214 plt.plot(range(1, epochs + 1), test_losses, label='测试损失', marker='s')
215 plt.title('模型损失')
216 plt.xlabel('Epoch')
217 plt.ylabel('损失')
218 plt.legend()
219 plt.grid(True)
220
221 plt.tight_layout()
222 plt.savefig(os.path.join3(data_path, 'training_history_pytorch.png'), dpi=100)
223 print(f"训练曲线已保存到 {os.path.join(data_path, 'training_history_pytorch.png')}")
224 plt.close()  # 关闭图形，释放内存
225
226 # 随机测试样本
227 print("\n随机测试⼏个样本的预测结果:")
228 model.eval()
229 test_samples = torch.stack([test_dataset[i][0] for i in range(5)]).to(device)
230 test_labels = torch.tensor([test_dataset[i][1] for i in range(5)])
231
232 with torch.no_grad():
233     outputs = model(test_samples)
234     _, predicted = outputs.max(1)
235     predicted = predicted.cpu()
236
237 for i in range(5):
238     result = '✓' if predicted[i] == test_labels[i] else '✗'
239 print(f"样本 {i}: 预测={predicted[i].item()}, 真实={test_labels[i].item()}, 

{result}")

Model_DQN.py

1 import torch
2 import torch.nn as nn
3 import torch.optim as optim
4 import torch.nn.functional as F
5 import os



6
7
8 class Linear_QNet(nn.Module):
9 def __init__(self, input_size, hidden_size, output_size):

10 super().__init__()
11         self.linear1 = nn.Linear(input_size, hidden_size)
12         self.linear2 = nn.Linear(hidden_size, output_size)
13
14 def forward(self, x):
15         x = F.relu(self.linear1(x))
16         x = self.linear2(x)
17 return x
18
19 def save(self, file_name='model.pth'):
20         model_folder_path = './model'
21 if not os.path.exists(model_folder_path):
22             os.makedirs(model_folder_path)
23
24         file_name = os.path.join(model_folder_path, file_name)
25         torch.save(self.state_dict(), file_name)
26
27
28 class QTrainer:
29 def __init__(self, model, lr, gamma):
30         self.lr = lr
31         self.gamma = gamma
32         self.model = model
33         self.optimizer = optim.Adam(model.parameters(), lr=self.lr)
34         self.criterion = nn.MSELoss()
35
36 def train_step(self, state, action, reward, next_state, done):
37         state = torch.tensor(state, dtype=torch.float)
38         next_state = torch.tensor(next_state, dtype=torch.float)
39         action = torch.tensor(action, dtype=torch.long)
40         reward = torch.tensor(reward, dtype=torch.float)
41 # (n, x)
42
43 if len(state.shape) == 1:
44 # (1, x)
45             state = torch.unsqueeze(state, 0)
46             next_state = torch.unsqueeze(next_state, 0)
47             action = torch.unsqueeze(action, 0)
48             reward = torch.unsqueeze(reward, 0)
49             done = (done,)
50
51 # 1: 预测Q值与当前状态
52         pred = self.model(state)
53
54         target = pred.clone()



55 for idx in range(len(done)):
56             Q_new = reward[idx]
57 if not done[idx]:
58                 Q_new = reward[idx] + self.gamma * 

torch.max(self.model(next_state[idx]))
59
60             target[idx][torch.argmax(action[idx]).item()] = Q_new
61
62 # 2: Q_new = r + y * max(next_predicted Q value) -> 只在not done时执⾏
63 # pred.clone()
64 # preds[argmax(action)] = Q_new
65         self.optimizer.zero_grad()
66         loss = self.criterion(target, pred)
67         loss.backward()
68
69         self.optimizer.step()
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