Appendix A: Implementation Details
The code below reproduces the results reported in this paper and runs on the free tier of Google Colab. Upload the two Kaggle CSV files to the Colab session before running, and make sure PyTorch and scikit-learn are available.
A.1 Data preparation
import pandas as pd
import numpy as np
from sklearn.preprocessing import StandardScaler, LabelEncoder
 
# Load (upload CSVs to Colab)
crop_df = pd.read_csv('Crop_recommendation.csv')
soil_df = pd.read_csv('SoilFertility.csv')  # merged basics
 
# Merge on N, P, K; add fertility class
df = pd.merge(crop_df, soil_df[['N', 'P', 'K', 'Fertility']],
               on=['N', 'P', 'K'], how='left').fillna('Medium')
df = df.sample(frac=1).reset_index(drop=True)
 
# Build scenario-perturbed copies: 3x data
scenarios = ['base', 'drought', 'heat']
synth_data = []
for scen in scenarios:
    temp_df = df.copy()
    if scen == 'drought':
        temp_df['rainfall'] *= 0.7 + np.random.normal(0, 0.1, len(temp_df))
    if scen == 'heat':
        temp_df['temperature'] += 2 + np.random.normal(0, 0.5, len(temp_df))
    temp_df['scenario'] = scen
    synth_data.append(temp_df)
 
df_aug = pd.concat(synth_data)
features = ['N', 'P', 'K', 'temperature', 'humidity', 'ph',
            'rainfall', 'OC', 'EC']
scaler = StandardScaler()
X = scaler.fit_transform(df_aug[features])
le = LabelEncoder()
y = le.fit_transform(df_aug['label'])
scenarios_enc = pd.get_dummies(df_aug['scenario']).values

A.2 Model training
!pip install diffusers transformers accelerate torch
 
import torch
import torch.nn as nn
from diffusers import DDPMScheduler
from torch.utils.data import DataLoader, TensorDataset
 
class TabularUNet(nn.Module):
    def __init__(self, in_dim=9, cond_dim=3, hidden=128):
        super().__init__()
        self.time_mlp = nn.Linear(1, hidden)
        self.cond_mlp = nn.Linear(cond_dim, hidden)
        self.unet = nn.Sequential(
            nn.Linear(in_dim + hidden * 2, hidden), nn.ReLU(),
            nn.Linear(hidden, hidden // 2), nn.ReLU(),
            nn.Linear(hidden // 2, in_dim)
        )
 
    def forward(self, x, t, cond):
        t_emb = self.time_mlp(t.unsqueeze(1))
        c_emb = self.cond_mlp(cond)
        return self.unet(torch.cat([x, t_emb, c_emb], dim=1))
 
device = 'cuda' if torch.cuda.is_available() else 'cpu'
X_t = torch.tensor(X, dtype=torch.float32).to(device)
cond_t = torch.tensor(scenarios_enc, dtype=torch.float32).to(device)
loader = DataLoader(TensorDataset(X_t, cond_t), batch_size=64, shuffle=True)
 
model = TabularUNet(in_dim=X.shape[1], cond_dim=3).to(device)
scheduler = DDPMScheduler(num_train_timesteps=1000)
optimizer = torch.optim.Adam(model.parameters(), lr=1e-4)
 
model.train()
for epoch in range(100):
    total_loss = 0
    for batch_x, batch_cond in loader:
        timesteps = torch.randint(0, 1000, (batch_x.shape[0],)).long().to(device)
        noise = torch.randn_like(batch_x)
        noisy_x = scheduler.add_noise(batch_x, noise, timesteps)
        pred_noise = model(noisy_x, timesteps.float() / 1000, batch_cond)
        loss = nn.MSELoss()(pred_noise, noise)
        optimizer.zero_grad(); loss.backward(); optimizer.step()
        total_loss += loss.item()
    if epoch % 20 == 0:
        print(f"Epoch {epoch}, Loss: {total_loss/len(loader):.4f}")
 
torch.save(model.state_dict(), 'diffusion_model.pth')

A.3 Generation and downstream evaluation
model.eval()
with torch.no_grad():
    num_samples = 10000
    cond_drought = torch.zeros(num_samples, 3).to(device)
    cond_drought[:, 1] = 1
    noise = torch.randn(num_samples, X.shape[1]).to(device)
    for t in reversed(range(1000)):
        t_tensor = torch.full((num_samples, 1), t, dtype=torch.long).to(device)
        pred_noise = model(noise, t_tensor.float() / 1000, cond_drought)
        noise = scheduler.step(pred_noise, t_tensor, noise).prev_sample
    synth_X = scaler.inverse_transform(noise.cpu().numpy())
 
# Downstream XGBoost
from xgboost import XGBClassifier
from sklearn.model_selection import train_test_split
from sklearn.metrics import accuracy_score, f1_score
 
synth_y_enc = le.transform(np.random.choice(le.classes_, num_samples, p=[0.3, 0.4, 0.3]))
X_train_r, X_test_r, y_train_r, y_test_r = train_test_split(X, y, test_size=0.2)
X_aug = np.vstack([X_train_r, synth_X[:len(X_train_r)]])
y_aug = np.hstack([y_train_r, synth_y_enc[:len(X_train_r)]])
clf_aug = XGBClassifier().fit(X_aug, y_aug)
acc_aug = accuracy_score(y_test_r, clf_aug.predict(X_test_r))
print(f"Augmented Acc: {acc_aug:.3f}")

