APPENDICES
Appendix A. Environment, Configuration, and CWRU Acquisition and Loading Code
This appendix contains the imports, the configuration dictionary CFG, and the functions that sparse-clone the CWRU files used in this study from a public GitHub mirror, locate files by numeric ID, and load the drive-end (DE) and fan-end (FE) signals and shaft speed from a .mat record. It replaces the web-scraping loader of the first version, which could not be executed in a network-restricted environment. On Colab no installation is required.
# Appendix A -- Environment, configuration, and CWRU acquisition / loading
import os, re, sys, json, time, math, subprocess, warnings
import numpy as np
import pandas as pd
from scipy.io import loadmat
from scipy.signal import hilbert, welch, stft, decimate
from scipy.linalg import sqrtm
from scipy.optimize import linprog
from scipy.stats import (kurtosis, skew, wasserstein_distance,
                         spearmanr, pearsonr, rankdata)
from sklearn.ensemble import RandomForestClassifier
from sklearn.linear_model import LogisticRegression
from sklearn.model_selection import cross_val_score
warnings.filterwarnings("ignore")
 
trapz = getattr(np, "trapezoid", None) or np.trapz      # NumPy 1.x / 2.x
OUT = os.environ.get("DSI_OUT", "/content/dsi_outputs"
                     if os.path.isdir("/content") else "./dsi_outputs")
os.makedirs(OUT, exist_ok=True)
 
CLASSES = ["Normal", "IR", "OR", "Ball"]
NC = len(CLASSES)
CFG = dict(
    seed=2026,
    n_dirs=200,        # random projections of the sliced Wasserstein distance
    n_quant=100,       # quantile levels exchanged per projection
    fl_rounds=30, fl_local_steps=10, fl_lr=0.5, fl_l2=1e-3,
    ft_per_class=5, ft_steps=50, ft_lr=0.2, ft_draws=3,
    eps_acc=0.10,      # tolerable target error for the decision rule
    tau=0.90,          # target coverage of the calibrated bound
    n_boot=1000,
)
 
# ---- CWRU acquisition (GitHub mirror of the CWRU Bearing Data Center files) ----
CWRU_REPO = "https://github.com/s-whynot/CWRU-dataset.git"
CWRU_PATTERNS = (
    [f"/12k_Drive_End_Bearing_Fault_Data/{c}/{s}/*" for c in ("B", "IR") for s in ("007", "014", "021")]
    + ["/12k_Drive_End_Bearing_Fault_Data/OR/007/@6/*", "/12k_Drive_End_Bearing_Fault_Data/OR/014/*",
       "/12k_Drive_End_Bearing_Fault_Data/OR/021/@6/*",
       "/12k_Fan_End_Bearing_Fault_Data/B/007/*", "/12k_Fan_End_Bearing_Fault_Data/IR/007/*",
       "/12k_Fan_End_Bearing_Fault_Data/OR/007/@6/*", "/Normal/*"])
 
def fetch_cwru(root="/content/CWRU"):
    """Sparse-clone only the CWRU files used here (~175 MB). Alternative: copy the
    official .mat files of the CWRU Bearing Data Center to `root` (e.g. from Google
    Drive); find_cwru_file() locates them by numeric file ID in any sub-folder."""
    if not os.path.isdir(os.path.join(root, ".git")):
        subprocess.run(["git", "clone", "--depth", "1", "--filter=blob:none",
                        "--no-checkout", CWRU_REPO, root], check=True)
        subprocess.run(["git", "-C", root, "sparse-checkout", "init", "--no-cone"], check=True)
        subprocess.run(["git", "-C", root, "sparse-checkout", "set"] + CWRU_PATTERNS, check=True)
        subprocess.run(["git", "-C", root, "checkout"], check=True)
    return root
 
_FILE_CACHE = {}
def find_cwru_file(root, fid):
    if root not in _FILE_CACHE:
        idx = {}
        for dp, _, fns in os.walk(root):
            if ".git" in dp.split(os.sep):
                continue
            for fn in fns:
                m = re.match(r"^0*(\d+)(@\d+)?(_[A-Za-z]+)?(_\d+)?\.mat$", fn)
                if m:
                    idx.setdefault(int(m.group(1)), os.path.join(dp, fn))
        _FILE_CACHE[root] = idx
    return _FILE_CACHE[root][fid]
 
def load_cwru_record(path):
    """Return DE / FE accelerations and shaft speed (rpm) of one CWRU .mat file."""
    m = loadmat(path)
    fid = int(re.match(r"(\d+)", os.path.basename(path)).group(1))
    def pick(tag):
        cands = [k for k in m if k.endswith(tag)]
        pref = [k for k in cands if int(re.search(r"X0*(\d+)", k).group(1)) == fid]
        return m[(pref or cands)[0]].ravel().astype(float)
    rpm = [float(m[k].ravel()[0]) for k in m if k.endswith("RPM")
           and int(re.search(r"X0*(\d+)", k).group(1)) == fid]
    return dict(DE=pick("DE_time"), FE=pick("FE_time"), rpm=rpm[0] if rpm else None)
Appendix B. Synthetic Bearing Vibration Machines
This appendix presents the signal model (characteristic frequencies, damped resonance responses, shaft modulation, jitter, and Gaussian noise), the six named machines of Table 1 with their complete parameters, and the random machine sampler of Table 2.
# Appendix B -- Synthetic bearing-vibration machines (original model + random machine sampler)
def bearing_fault_frequencies(f_shaft_hz, n_balls, d_ball, d_pitch, contact_angle_deg=0.0):
    alpha = np.deg2rad(contact_angle_deg)
    ratio = (d_ball / d_pitch) * np.cos(alpha)
    return {"BPFO": (n_balls / 2) * f_shaft_hz * (1 - ratio),
            "BPFI": (n_balls / 2) * f_shaft_hz * (1 + ratio),
            "BSF": (d_pitch / (2 * d_ball)) * f_shaft_hz * (1 - ratio ** 2),
            "FTF": 0.5 * f_shaft_hz * (1 - ratio)}
 
def _impulse_response(t, f_res, damping):
    return np.exp(-damping * t) * np.cos(2 * np.pi * f_res * t)
 
def generate_bearing_signal(duration_s, fs_hz, fault_type, f_shaft_hz, geometry, f_res_hz,
                            damping, impulse_amp, shaft_mod_depth, noise_std,
                            jitter_std_ratio=0.02, random_state=None):
    rng = np.random.default_rng(random_state)
    n = int(duration_s * fs_hz)
    t = np.arange(n) / fs_hz
    x = np.zeros(n)
    fault_map = {"IR": geometry["BPFI"], "OR": geometry["BPFO"], "Ball": geometry["BSF"]}
    if fault_type != "Normal":
        period = 1.0 / fault_map[fault_type]
        win = int(0.02 * fs_hz)
        t_local = np.arange(win) / fs_hz
        for i in range(int(duration_s / period) + 2):
            t0 = i * period + rng.normal(0, jitter_std_ratio * period)
            idx0 = int(t0 * fs_hz)
            if idx0 < 0 or idx0 >= n:
                continue
            mod = 1 + shaft_mod_depth * np.cos(2 * np.pi * f_shaft_hz * t0)
            resp = impulse_amp * mod * _impulse_response(t_local, f_res_hz, damping)
            end = min(idx0 + win, n)
            x[idx0:end] += resp[:end - idx0]
    x += 0.05 * impulse_amp * np.sin(2 * np.pi * f_shaft_hz * t)
    x += 0.02 * impulse_amp * np.sin(4 * np.pi * f_shaft_hz * t)
    x += rng.normal(0, noise_std, n)
    return t, x
 
# Named machines of the first version (Table 1): fs, f_shaft, n_balls, contact angle fixed by
# the paper; resonance/damping/noise/amplitude progressively changed for the larger shifts.
BASE = dict(fs=12000, f_shaft=29.95, n_balls=9, alpha=0.0, d_ball=7.94, d_pitch=39.04,
            f_res=3000.0, damping=900.0, amp=1.0, mod=0.5, noise=0.30)
NAMED = {
    "A":  dict(BASE),
    "B1": dict(BASE, f_shaft=32.0),
    "B2": dict(BASE, f_shaft=39.9),
    "C1": dict(BASE, f_shaft=45.0, n_balls=8, alpha=5.0, f_res=3400.0, noise=0.35),
    "C2": dict(BASE, fs=25600, f_shaft=24.4, n_balls=8, alpha=9.0, f_res=4200.0, damping=1200.0,
               noise=0.45, d_ball=8.5),
    "D":  dict(BASE, fs=48000, f_shaft=58.0, n_balls=7, alpha=12.0, f_res=7000.0, damping=1500.0,
               noise=0.60, amp=1.6, d_ball=9.5),
}
 
def sample_machine(rng, s=None):
    """Random machine; the scale s in [0,1] widens every parameter range (controls shift)."""
    s = rng.uniform(0, 1) if s is None else s
    lg = lambda sd: 2.0 ** rng.normal(0, sd * s)
    fs = int(rng.choice([12000, 12000, 25600, 48000]) if s > 0.35 else 12000)
    p = dict(BASE)
    p.update(fs=fs, f_shaft=BASE["f_shaft"] * lg(0.8),
             n_balls=int(np.clip(round(BASE["n_balls"] + rng.normal(0, 2.5 * s)), 6, 13)),
             alpha=float(abs(rng.normal(0, 8 * s))),
             d_ball=BASE["d_ball"] * (1 + rng.uniform(-0.3, 0.3) * s),
             f_res=BASE["f_res"] * lg(0.8), damping=BASE["damping"] * lg(0.7),
             amp=BASE["amp"] * lg(0.6), mod=float(rng.uniform(0.3, 0.8)),
             noise=BASE["noise"] * lg(0.9))
    p["f_res"] = float(np.clip(p["f_res"], 1200.0, 0.42 * fs))
    p["f_shaft"] = float(np.clip(p["f_shaft"], 12.0, 90.0))
    p["scale_s"] = float(s)
    return p
 
def machine_signals(p, n_per_class, seed, duration_s=0.5):
    """Generate labelled raw signals of one synthetic machine."""
    geo = bearing_fault_frequencies(p["f_shaft"], p["n_balls"], p["d_ball"], p["d_pitch"], p["alpha"])
    rng = np.random.default_rng(seed)
    sig, lab = [], []
    for c, cname in enumerate(CLASSES):
        for _ in range(n_per_class):
            a = p["amp"] * float(np.exp(rng.normal(0, 0.15)))      # within-machine variability
            fr = p["f_res"] * float(np.exp(rng.normal(0, 0.03)))
            _, x = generate_bearing_signal(duration_s, p["fs"], cname, p["f_shaft"], geo, fr,
                                           p["damping"], a, p["mod"], p["noise"],
                                           random_state=int(rng.integers(1 << 31)))
            sig.append(x); lab.append(c)
    return sig, np.array(lab), geo
Appendix C. Feature Extraction and Construction of the Domains
This appendix presents the eight-dimensional feature extraction with fixed spectral resolution, the STFT spectral kurtosis, the monotone compression, the hold-out splits, and the construction of the synthetic and CWRU domains.
# Appendix C -- Fixed (model-independent) feature extraction phi: x -> R^8
def envelope_spectrum_energy(x, fs, f_center, bandwidth=15.0):
    env = np.abs(hilbert(x)); env = env - env.mean()
    nper = int(min(len(env), round(fs / 6.0)))            # fixed 6 Hz resolution for every fs
    freqs, psd = welch(env, fs=fs, nperseg=nper)
    mask = (freqs >= f_center - bandwidth) & (freqs <= f_center + bandwidth)
    return float(trapz(psd[mask], freqs[mask])) if mask.sum() > 1 else 0.0
 
def spectral_kurtosis_max(x, fs, nperseg=256):
    """Maximum of the STFT spectral kurtosis SK(f) = <|X|^4>/<|X|^2>^2 - 2 (Antoni, 2006)."""
    _, _, Z = stft(x, fs=fs, nperseg=nperseg, noverlap=nperseg // 2, boundary=None, padded=False)
    P = np.abs(Z) ** 2
    sk = (P ** 2).mean(axis=1) / ((P.mean(axis=1) ** 2) + 1e-24) - 2.0
    return float(np.max(sk[1:-1]))
 
FEATURE_NAMES = ["RMS", "Kurtosis", "Skewness", "Crest", "Env@BPFO", "Env@BPFI", "Env@BSF", "SKmax"]
 
def extract_features(x, fs, geometry):
    rms = np.sqrt(np.mean(x ** 2))
    return np.array([rms, kurtosis(x, fisher=True), skew(x), np.max(np.abs(x)) / (rms + 1e-12),
                     envelope_spectrum_energy(x, fs, geometry["BPFO"]),
                     envelope_spectrum_energy(x, fs, geometry["BPFI"]),
                     envelope_spectrum_energy(x, fs, geometry["BSF"]),
                     spectral_kurtosis_max(x, fs)], dtype=float)
 
def compress(F):
    """Fixed monotone compression of the scale-type features (log10) and of SKmax (log1p)."""
    F = np.asarray(F, float).copy()
    for j in (0, 4, 5, 6):
        F[:, j] = np.log10(np.maximum(F[:, j], 0) + 1e-18)
    F[:, 7] = np.log1p(np.maximum(F[:, 7], 0))
    return F
 
def split_holdout(y, frac=0.3, blocked=False, seed=0):
    """Hold-out split inside one client: stratified random (synthetic) or last-block (real)."""
    rng = np.random.default_rng(seed); tr, ho = [], []
    for c in np.unique(y):
        idx = np.where(y == c)[0]
        if not blocked:
            idx = rng.permutation(idx)
        k = int(round(len(idx) * frac))
        ho += list(idx[len(idx) - k:]); tr += list(idx[:len(idx) - k])
    return np.array(sorted(tr)), np.array(sorted(ho))
 
def build_synthetic_domains(n_random=34, seed=2026):
    rng = np.random.default_rng(seed)
    specs = dict(NAMED)
    for i in range(n_random):
        specs[f"R{i + 1:02d}"] = sample_machine(rng)
    doms = {}
    for k, (name, p) in enumerate(specs.items()):
        npc = int(rng.integers(40, 61))
        sig, y, geo = machine_signals(p, npc, seed=seed * 1000 + k)
        X = compress(np.vstack([extract_features(x, p["fs"], geo) for x in sig]))
        tr, ho = split_holdout(y, 0.3, blocked=False, seed=k)
        doms[name] = dict(X=X, y=y, tr=tr, ho=ho, meta=p)
    return doms
 
# ---- CWRU domains: (sensor, fault diameter, load) -> 16 machines, 4 classes each ----
CWRU_IDS = {  # (sensor, diameter_mil): {class: [file IDs for 0..3 hp]}
    ("DE", "007"): {"IR": [105, 106, 107, 108], "Ball": [118, 119, 120, 121], "OR": [130, 131, 132, 133]},
    ("DE", "014"): {"IR": [169, 170, 171, 172], "Ball": [185, 186, 187, 188], "OR": [197, 198, 199, 200]},
    ("DE", "021"): {"IR": [209, 210, 211, 212], "Ball": [222, 223, 224, 225], "OR": [234, 235, 236, 237]},
    ("FE", "007"): {"IR": [278, 279, 280, 281], "Ball": [282, 283, 284, 285], "OR": [294, 295, 296, 297]},
}
CWRU_NORMAL = [97, 98, 99, 100]
CWRU_MULT = {"DE": dict(BPFI=5.4152, BPFO=3.5848, BSF=4.7135),     # SKF 6205-2RS (CWRU docs)
             "FE": dict(BPFI=4.9469, BPFO=3.0530, BSF=3.9874)}     # SKF 6203-2RS
NOMINAL_RPM = {0: 1797, 1: 1772, 2: 1750, 3: 1730}
 
def build_cwru_domains(root, win=4096, n_win=50, fs=12000):
    doms = {}
    for (sensor, diam), table in CWRU_IDS.items():
        for load in range(4):
            Xs, ys, rpms = [], [], []
            for c, cname in enumerate(CLASSES):
                fid = CWRU_NORMAL[load] if cname == "Normal" else table[cname][load]
                rec = load_cwru_record(find_cwru_file(root, fid))
                x = rec[sensor]
                if cname == "Normal":                               # recorded at 48 kHz -> 12 kHz
                    x = decimate(x, 4, zero_phase=True)
                rpm = rec["rpm"] or NOMINAL_RPM[load]
                geo = {k: v * rpm / 60.0 for k, v in CWRU_MULT[sensor].items()}
                starts = np.linspace(0, len(x) - win, n_win).astype(int)
                Xs.append(np.vstack([extract_features(x[s:s + win], fs, geo) for s in starts]))
                ys += [c] * n_win; rpms.append(rpm)
            X, y = compress(np.vstack(Xs)), np.array(ys)
            tr, ho = split_holdout(y, 0.3, blocked=True)
            doms[f"{sensor}-{diam}-{load}hp"] = dict(
                X=X, y=y, tr=tr, ho=ho, meta=dict(sensor=sensor, diam=diam, load=load, rpm=float(np.mean(rpms))))
    return doms
Appendix D. Domain Shift Index and Baseline Discrepancy Measures
This appendix provides the sliced-Wasserstein index with the quantile-summary protocol, the mixture variant, the exact sliced distance used for verification, and the six baseline measures (MMD, CORAL, Fréchet, mean shift, marginal Wasserstein, and proxy A-distance).
# Appendix D -- Domain Shift Index (sliced Wasserstein, federated-style) and baseline metrics
def fed_stats(client_X, weights):
    """Federation-wide mean/std from client moments only (target data are NOT used)."""
    w = np.asarray(weights, float) / np.sum(weights)
    mu = sum(wk * X.mean(0) for wk, X in zip(w, client_X))
    var = sum(wk * (X.var(0) + (X.mean(0) - mu) ** 2) for wk, X in zip(w, client_X))
    return mu, np.sqrt(var) + 1e-12
 
def make_directions(d, n_dirs, seed):
    rng = np.random.default_rng(seed)
    D = rng.normal(size=(n_dirs, d))
    return D / np.linalg.norm(D, axis=1, keepdims=True)
 
def projection_summary(Xs, dirs, Q):
    """What a client shares: Q quantiles of each 1-D projection (no raw sample leaves it)."""
    levels = (np.arange(Q) + 0.5) / Q
    return np.quantile(Xs @ dirs.T, levels, axis=0)               # (Q, n_dirs)
 
def sw1_from_summaries(qa, qb):
    return float(np.mean(np.abs(qa - qb)))
 
def dsi(client_X, weights, X_new, mu, sd, n_dirs=200, Q=100, seed=0):
    """S_m = sum_k pi_k * SW_1(mu_k, mu_m), computed from shared quantile summaries."""
    w = np.asarray(weights, float) / np.sum(weights)
    dirs = make_directions(client_X[0].shape[1], n_dirs, seed)
    qn = projection_summary((X_new - mu) / sd, dirs, Q)
    per = [sw1_from_summaries(projection_summary((X - mu) / sd, dirs, Q), qn) for X in client_X]
    return float(np.dot(w, per)), per
 
def dsi_mix(client_X, weights, X_new, mu, sd, n_dirs=200, Q=100, seed=0):
    """Mixture variant S_m^mix = SW_1(sum_k pi_k mu_k, mu_m), rebuilt from the same shared quantile
    summaries (each summary point carries mass pi_k/Q). By convexity S_m^mix <= S_m."""
    w = np.asarray(weights, float) / np.sum(weights)
    dirs = make_directions(client_X[0].shape[1], n_dirs, seed)
    qn = projection_summary((X_new - mu) / sd, dirs, Q)
    V = np.vstack([projection_summary((X - mu) / sd, dirs, Q) for X in client_X])   # (K*Q, n_dirs)
    Wt = np.repeat(w / Q, Q); levels = (np.arange(Q) + 0.5) / Q
    qm = np.empty((Q, V.shape[1]))
    for j in range(V.shape[1]):
        o = np.argsort(V[:, j]); cw = np.cumsum(Wt[o]) - 0.5 * Wt[o]
        qm[:, j] = np.interp(levels, cw, V[o, j])
    return sw1_from_summaries(qm, qn)
 
def sw1_exact(X, Y, n_dirs=200, seed=0):
    dirs = make_directions(X.shape[1], n_dirs, seed)
    return float(np.mean([wasserstein_distance(X @ d, Y @ d) for d in dirs]))
 
def mmd_rbf(X, Y):
    Z = np.vstack([X, Y]); sq = ((Z[:, None, :] - Z[None, :, :]) ** 2).sum(-1)
    med = np.median(sq[np.triu_indices_from(sq, 1)]) + 1e-12
    K = np.exp(-sq / (2 * med)); n = len(X)
    return float(np.sqrt(max(K[:n, :n].mean() + K[n:, n:].mean() - 2 * K[:n, n:].mean(), 0)))
 
def coral_dist(X, Y):
    d = X.shape[1]
    return float(np.linalg.norm(np.cov(X.T) - np.cov(Y.T), "fro") ** 2 / (4 * d * d))
 
def frechet_dist(X, Y):
    m1, m2, C1, C2 = X.mean(0), Y.mean(0), np.cov(X.T), np.cov(Y.T)
    cs = np.real(sqrtm(C1 @ C2))
    return float(np.sqrt(max(np.sum((m1 - m2) ** 2) + np.trace(C1 + C2 - 2 * cs), 0)))
 
def mean_shift(X, Y):
    return float(np.linalg.norm(X.mean(0) - Y.mean(0)))
 
def marginal_w1(X, Y):
    return float(np.mean([wasserstein_distance(X[:, j], Y[:, j]) for j in range(X.shape[1])]))
 
def proxy_a_distance(X, Y, seed=0):
    Z = np.vstack([X, Y]); d = np.r_[np.zeros(len(X)), np.ones(len(Y))]
    acc = cross_val_score(LogisticRegression(max_iter=300, C=1.0), Z, d, cv=3).mean()
    return float(max(0.0, 2 * (2 * acc - 1)))                 # PAD = 2(1 - 2*err), err = 1 - acc
 
BASELINES = {"MMD": mmd_rbf, "CORAL": coral_dist, "Frechet": frechet_dist,
             "MeanShift": mean_shift, "MargW1": marginal_w1, "PAD": proxy_a_distance}
METRICS_PAIR = ["DSI"] + list(BASELINES)                      # K = 1: aggregation is irrelevant
METRICS_FED = ["DSI", "DSImix"] + list(BASELINES) + [f"{n}_pool" for n in BASELINES]
METRICS = METRICS_FED
Appendix E. Federated Training, Zero-Shot and Fine-Tuned Evaluation
This appendix presents the FedAvg softmax classifier, the zero-shot and fine-tuned errors, the Random Forest check, and the construction and evaluation of cases (source–target pairs and federations).
# Appendix E -- Federated training (FedAvg, softmax regression), zero-shot / fine-tuned errors
def _softmax(Z):
    Z = Z - Z.max(1, keepdims=True); E = np.exp(Z); return E / E.sum(1, keepdims=True)
 
def _gd(W, b, X, y, steps, lr, l2):
    n = len(X)
    for _ in range(steps):
        G = _softmax(X @ W + b); G[np.arange(n), y] -= 1; G /= n
        W = W - lr * (X.T @ G + l2 * W); b = b - lr * G.sum(0)
    return W, b
 
def fedavg(clients, rounds, local_steps, lr, l2):
    d = clients[0][0].shape[1]; W = np.zeros((d, NC)); b = np.zeros(NC)
    n = np.array([len(c[0]) for c in clients], float); w = n / n.sum()
    for _ in range(rounds):
        loc = [_gd(W.copy(), b.copy(), X, y, local_steps, lr, l2) for X, y in clients]
        W = sum(wk * l[0] for wk, l in zip(w, loc)); b = sum(wk * l[1] for wk, l in zip(w, loc))
    return W, b
 
def err(W, b, X, y):
    return float(np.mean(np.argmax(X @ W + b, 1) != y))
 
def finetune_error(W, b, X, y, rng, per_class, steps, lr, draws):
    out = []
    for _ in range(draws):
        idx = np.concatenate([rng.choice(np.where(y == c)[0], per_class, replace=False) for c in range(NC)])
        rest = np.setdiff1d(np.arange(len(y)), idx)
        W2, b2 = _gd(W.copy(), b.copy(), X[idx], y[idx], steps, lr, 1e-2)
        out.append(err(W2, b2, X[rest], y[rest]))
    return float(np.mean(out))
 
def evaluate_case(doms, clients, target, seed):
    """One federation (or one source-target pair when len(clients)==1) -> one row of results."""
    rng = np.random.default_rng(seed)
    cX = [doms[c]["X"] for c in clients]
    wts = np.array([len(doms[c]["X"]) for c in clients], float); pi = wts / wts.sum()
    mu, sd = fed_stats([doms[c]["X"][doms[c]["tr"]] for c in clients], wts)
    row = dict(target=target, clients="|".join(clients), K=len(clients))
    # --- a-priori metrics: unlabeled data only ---
    row["DSI"], per = dsi(cX, wts, doms[target]["X"], mu, sd, CFG["n_dirs"], CFG["n_quant"], seed)
    Xt = (doms[target]["X"] - mu) / sd
    row["DSImix"] = dsi_mix(cX, wts, doms[target]["X"], mu, sd, CFG["n_dirs"], CFG["n_quant"], seed) \
        if len(clients) > 1 else row["DSI"]
    Xpool = np.vstack([(X - mu) / sd for X in cX])
    for name, fn in BASELINES.items():
        row[name] = float(sum(p * fn((X - mu) / sd, Xt) for p, X in zip(pi, cX)))   # weighted sum
        row[f"{name}_pool"] = fn(Xpool, Xt) if len(clients) > 1 else row[name]      # pooled (non-private)
    # --- federated model, local hold-out risks, target risk ---
    tr = [((doms[c]["X"][doms[c]["tr"]] - mu) / sd, doms[c]["y"][doms[c]["tr"]]) for c in clients]
    W, b = fedavg(tr, CFG["fl_rounds"], CFG["fl_local_steps"], CFG["fl_lr"], CFG["fl_l2"])
    Rk = [err(W, b, (doms[c]["X"][doms[c]["ho"]] - mu) / sd, doms[c]["y"][doms[c]["ho"]]) for c in clients]
    yt = doms[target]["y"]
    row["R_src"] = float(np.dot(pi, Rk)); row["err_fl"] = err(W, b, Xt, yt)
    row["err_ft"] = finetune_error(W, b, Xt, yt, rng, CFG["ft_per_class"], CFG["ft_steps"],
                                   CFG["ft_lr"], CFG["ft_draws"])
    rf = RandomForestClassifier(100, random_state=0, n_jobs=1).fit(
        np.vstack([t[0] for t in tr]), np.concatenate([t[1] for t in tr]))
    row["err_rf"] = float(np.mean(rf.predict(Xt) != yt))
    return row
 
def make_cases(names, n_pairs, n_feds, K, seed):
    rng = np.random.default_rng(seed); cases = []
    for t in names:
        others = [n for n in names if n != t]
        for s in (others if n_pairs >= len(others) else rng.choice(others, n_pairs, replace=False)):
            cases.append((t, [s]))
        for _ in range(n_feds):
            cases.append((t, list(rng.choice(others, K, replace=False))))
    return cases
 
def run_cases(doms, cases, seed0=0, verbose=True):
    rows, t0 = [], time.time()
    for i, (t, cl) in enumerate(cases):
        rows.append(evaluate_case(doms, cl, t, seed0 + i))
        if verbose and (i + 1) % 100 == 0:
            print(f"  {i + 1}/{len(cases)} cases  ({time.time() - t0:.0f}s)")
    return pd.DataFrame(rows)
Appendix F. Statistics, Calibration of L and λ*, and Decision Rule
This appendix contains the cluster bootstrap, the Holm correction, the paired difference tests, the machine-level permutation test, the quantile-regression linear program for (L, λ*), the leave-one-machine-out calibration, and the threshold search for the decision rule.
# Appendix F -- Statistics (cluster bootstrap, permutation), calibration of (L, lambda*), decisions
def _corr(a, b, kind="spearman"):
    return spearmanr(a, b).statistic if kind == "spearman" else pearsonr(a, b)[0]
 
def cluster_bootstrap(df, metrics, ycol, B, seed, kind="spearman"):
    """Resample target machines (clusters) with replacement; return point estimates, CIs, and the
    bootstrap draws (shared across metrics so that differences can be tested pairwise)."""
    rng = np.random.default_rng(seed)
    groups = {g: np.where(df.target.values == g)[0] for g in df.target.unique()}
    keys = list(groups); y = df[ycol].values
    pt = {m: _corr(df[m].values, y, kind) for m in metrics}
    draws = {m: np.empty(B) for m in metrics}
    for b in range(B):
        idx = np.concatenate([groups[k] for k in rng.choice(keys, len(keys), replace=True)])
        for m in metrics:
            draws[m][b] = _corr(df[m].values[idx], y[idx], kind)
    ci = {m: tuple(np.nanpercentile(draws[m], [2.5, 97.5])) for m in metrics}
    return pt, ci, draws
 
def holm(pvals):
    order = np.argsort(pvals); m = len(pvals); adj = np.empty(m); run = 0.0
    for r, i in enumerate(order):
        run = max(run, (m - r) * pvals[i]); adj[i] = min(1.0, run)
    return adj
 
def paired_difference_tests(draws, pt, ref="DSI"):
    """Bootstrap test of rho(DSI) - rho(baseline); two-sided p, Holm-adjusted across baselines."""
    others = [m for m in draws if m != ref]; res = {}
    ps = []
    for m in others:
        d = draws[ref] - draws[m]
        p = 2 * min(np.mean(d <= 0), np.mean(d >= 0)); ps.append(max(p, 1.0 / len(d)))
        res[m] = dict(delta=pt[ref] - pt[m], ci=tuple(np.nanpercentile(d, [2.5, 97.5])))
    for m, pa in zip(others, holm(np.array(ps))):
        res[m]["p_holm"] = float(pa)
    return res
 
def target_level_permutation(df, metric, ycol, n_perm=10000, seed=0):
    """Machine-level (n = number of targets) Spearman correlation with an exact-style permutation p."""
    g = df.groupby("target")[[metric, ycol]].mean()
    rho = spearmanr(g[metric], g[ycol]).statistic; rng = np.random.default_rng(seed)
    perm = np.array([spearmanr(g[metric], rng.permutation(g[ycol].values)).statistic for _ in range(n_perm)])
    return float(rho), float(np.mean(np.abs(perm) >= abs(rho))), len(g)
 
def fit_bound_lp(s, excess, tau):
    """Quantile (pinball-loss) fit of  excess <= L*s + lam  with L>=0, lam>=0  (LP)."""
    n = len(s); c = np.r_[0, 0, tau * np.ones(n), (1 - tau) * np.ones(n)]
    A = np.hstack([s[:, None], np.ones((n, 1)), np.eye(n), -np.eye(n)])
    r = linprog(c, A_eq=A, b_eq=excess, bounds=[(0, None)] * (2 + 2 * n), method="highs")
    return float(r.x[0]), float(r.x[1])
 
def fit_point_ols(s, excess):
    A = np.c_[s, np.ones_like(s)]; coef, *_ = np.linalg.lstsq(A, excess, rcond=None)
    return float(coef[0]), float(coef[1])
 
def lodo_calibration(df, metric, ycol="err_fl", tau=0.9):
    """Leave-one-target-machine-out calibration. Calibration cases never involve the held-out
    machine (neither as target nor as a client)."""
    pred_pt = np.full(len(df), np.nan); pred_ub = np.full(len(df), np.nan); coefs = []
    has = df.clients.str.split("|").apply(set)
    for t in df.target.unique():
        te = (df.target == t).values; tr = (~te) & ~has.apply(lambda c: t in c).values
        s, e = df.loc[tr, metric].values, (df.loc[tr, ycol] - df.loc[tr, "R_src"]).values
        Lq, lq = fit_bound_lp(s, e, tau); Lo, lo = fit_point_ols(s, e); coefs.append((Lq, lq, Lo, lo))
        base = df.loc[te, "R_src"].values; st = df.loc[te, metric].values
        pred_ub[te] = np.clip(base + Lq * st + lq, 0, 1); pred_pt[te] = np.clip(base + Lo * st + lo, 0, 1)
    return pred_pt, pred_ub, np.array(coefs)
 
def oracle_action(df, eps):
    return np.where(df.err_fl <= eps, 0, np.where(df.err_ft <= eps, 1, 2))
 
def _balanced_acc(y, p):
    rec = [np.mean(p[y == c] == c) for c in np.unique(y)]
    return float(np.mean(rec))
 
def fit_thresholds(score, act, n_grid=40):
    cand = np.unique(np.quantile(score, np.linspace(0, 1, n_grid))); best = (-1, None)
    for i, t1 in enumerate(cand):
        for t2 in cand[i:]:
            a = np.where(score <= t1, 0, np.where(score <= t2, 1, 2)); s = _balanced_acc(act, a)
            if s > best[0]:
                best = (s, (t1, t2))
    return best[1]
 
def lodo_decisions(df, metric, eps, ycol="err_fl"):
    """Thresholds tau1 <= tau2 are tuned on calibration cases only, then applied to the held-out machine."""
    act = oracle_action(df, eps); pred = np.full(len(df), -1); thr = []
    has = df.clients.str.split("|").apply(set)
    for t in df.target.unique():
        te = (df.target == t).values; tr = (~te) & ~has.apply(lambda c: t in c).values
        e = (df.loc[tr, ycol] - df.loc[tr, "R_src"]).values; s = df.loc[tr, metric].values
        Lo, lo = fit_point_ols(s, e)
        sc_tr = df.loc[tr, "R_src"].values + Lo * s + lo
        t1, t2 = fit_thresholds(sc_tr, act[tr]); thr.append((t1, t2))
        sc_te = df.loc[te, "R_src"].values + Lo * df.loc[te, metric].values + lo
        pred[te] = np.where(sc_te <= t1, 0, np.where(sc_te <= t2, 1, 2))
    return act, pred, np.array(thr)
 
def decision_summary(df, act, pred, B, seed):
    rng = np.random.default_rng(seed); groups = {g: np.where(df.target.values == g)[0] for g in df.target.unique()}
    keys = list(groups); bal = []; unsafe = []
    def stats(a, p):
        d0 = p == 0
        return _balanced_acc(a, p), (np.mean(a[d0] != 0) if d0.any() else np.nan)
    b0, u0 = stats(act, pred)
    for _ in range(B):
        idx = np.concatenate([groups[k] for k in rng.choice(keys, len(keys), replace=True)])
        bb, uu = stats(act[idx], pred[idx]); bal.append(bb); unsafe.append(uu)
    cm = np.zeros((3, 3), int)
    for a, p in zip(act, pred):
        cm[a, p] += 1
    return dict(balanced_acc=b0, bal_ci=tuple(np.nanpercentile(bal, [2.5, 97.5])),
                unsafe_deploy=float(u0), unsafe_ci=tuple(np.nanpercentile(unsafe, [2.5, 97.5])),
                confusion=cm.tolist(), accuracy=float(np.mean(act == pred)))
Appendix G. Experiment Drivers, Sensitivity Study, and Figures
This appendix presents the analysis tables, the sensitivity study, the figure code, and the main driver run_all(). Executing the last line reproduces all numbers in Section 5.
# Appendix G -- Experiment drivers, analysis tables, sensitivity study, and figures
import matplotlib
matplotlib.use("Agg")
import matplotlib.pyplot as plt
 
def analyse(df, tag, ycols=("err_fl", "err_rf")):
    """All statistics reported in the paper for one experiment (one DataFrame of cases)."""
    res = {"tag": tag, "n_cases": int(len(df)), "n_targets": int(df.target.nunique())}
    df = df.copy(); df["Null"] = 0.0
    for kind, sub in (("pair", df[df.K == 1]), ("fed", df[df.K > 1])):
        sub = sub.reset_index(drop=True); METRICS = METRICS_PAIR if kind == "pair" else METRICS_FED
        for ycol in ycols:
            key = f"{kind}/{ycol}"; r = {}
            pt, ci, draws = cluster_bootstrap(sub, METRICS, ycol, CFG["n_boot"], CFG["seed"], "spearman")
            ptp, cip, _ = cluster_bootstrap(sub, METRICS, ycol, CFG["n_boot"] // 4, CFG["seed"] + 1, "pearson")
            r["spearman"] = {m: dict(rho=float(pt[m]), lo=float(ci[m][0]), hi=float(ci[m][1])) for m in METRICS}
            r["pearson"] = {m: dict(r=float(ptp[m]), lo=float(cip[m][0]), hi=float(cip[m][1])) for m in METRICS}
            r["dsi_vs_baselines"] = paired_difference_tests(draws, pt)
            if kind == "fed":
                r["dsimix_vs_others"] = paired_difference_tests(draws, pt, ref="DSImix")
            rho_t, p_t, n_t = target_level_permutation(sub, "DSI", ycol)
            r["target_level"] = dict(rho=rho_t, p=p_t, n=n_t)
            if ycol == "err_fl":
                # calibration of (L, lambda*) -- leave-one-machine-out
                cal = {}
                for m in METRICS + ["Null"]:
                    pp, pu, co = lodo_calibration(sub, m, ycol, CFG["tau"])
                    y = sub[ycol].values; e = np.abs(pp - y); cov = (pu >= y).astype(float)
                    # cluster bootstrap over targets for MAE / coverage / R2
                    rng = np.random.default_rng(CFG["seed"]); gk = list(sub.target.unique())
                    gi = {g: np.where(sub.target.values == g)[0] for g in gk}; bm, bc, br = [], [], []
                    for _ in range(500):
                        idx = np.concatenate([gi[k] for k in rng.choice(gk, len(gk), replace=True)])
                        bm.append(e[idx].mean()); bc.append(cov[idx].mean())
                        br.append(1 - np.sum((pp[idx] - y[idx]) ** 2) / np.sum((y[idx] - y[idx].mean()) ** 2))
                    cal[m] = dict(mae=float(e.mean()), mae_ci=tuple(np.percentile(bm, [2.5, 97.5])),
                                  r2=float(1 - np.sum((pp - y) ** 2) / np.sum((y - y.mean()) ** 2)),
                                  r2_ci=tuple(np.percentile(br, [2.5, 97.5])),
                                  coverage=float(cov.mean()), cov_ci=tuple(np.percentile(bc, [2.5, 97.5])),
                                  mean_bound=float(pu.mean()), L_q=(float(co[:, 0].mean()), float(co[:, 0].std())),
                                  lam_q=(float(co[:, 1].mean()), float(co[:, 1].std())),
                                  L_ols=(float(co[:, 2].mean()), float(co[:, 2].std())),
                                  lam_ols=(float(co[:, 3].mean()), float(co[:, 3].std())))
                    if m == "DSI":
                        sub[f"pred_pt"], sub[f"pred_ub"] = pp, pu
                r["calibration"] = cal
                # decision rule
                dec = {}
                for m in METRICS:
                    act, pred, thr = lodo_decisions(sub, m, CFG["eps_acc"], ycol)
                    dec[m] = decision_summary(sub, act, pred, 1000, CFG["seed"])
                    dec[m]["thr_mean"] = [float(thr[:, 0].mean()), float(thr[:, 1].mean())]
                    dec[m]["thr_sd"] = [float(thr[:, 0].std()), float(thr[:, 1].std())]
                    dec[m]["oracle_counts"] = [int(np.sum(act == c)) for c in range(3)]
                    if m == "DSI":
                        sub["act"], sub["pred_act"] = act, pred
                r["decision"] = dec
            res[key] = r
            if ycol == "err_fl":
                res[f"_frame_{kind}"] = sub
    return res
 
def sensitivity(doms, df_fed, n_rep=5):
    """Sensitivity of the DSI itself (classifier errors fixed): projections, target sample size,
    standardisation, feature subsets. Spearman correlation with the federated target error."""
    out = {}; y = df_fed.err_fl.values
    cases = [(r.target, r.clients.split("|")) for r in df_fed.itertuples()]
    def run(fn):
        return np.array([fn(t, cl, i) for i, (t, cl) in enumerate(cases)])
    def S_of(t, cl, i, n_dirs=200, n_t=None, std="fed", cols=None, seed=None):
        cX = [doms[c]["X"] for c in cl]; wts = np.array([len(x) for x in cX], float)
        Xn = doms[t]["X"]
        if n_t is not None:
            Xn = Xn[np.random.default_rng(1000 + i + (seed or 0)).choice(len(Xn), n_t, replace=False)]
        if std == "fed":
            mu, sd = fed_stats([doms[c]["X"][doms[c]["tr"]] for c in cl], wts)
        elif std == "pooled":
            Z = np.vstack(cX + [Xn]); mu, sd = Z.mean(0), Z.std(0) + 1e-12
        else:
            mu, sd = np.zeros(cX[0].shape[1]), np.ones(cX[0].shape[1])
        if cols is not None:
            cX = [x[:, cols] for x in cX]; Xn = Xn[:, cols]; mu, sd = mu[cols], sd[cols]
        return dsi(cX, wts, Xn, mu, sd, n_dirs, CFG["n_quant"], (seed or 0) + i)[0]
    base = run(lambda t, c, i: S_of(t, c, i))
    out["baseline_rho"] = float(spearmanr(base, y).statistic)
    out["n_dirs"] = {}
    for nd in (10, 50, 200, 1000):
        S = [run(lambda t, c, i: S_of(t, c, i, n_dirs=nd, seed=s)) for s in range(n_rep)]
        cv = np.median(np.std(S, 0) / np.mean(S, 0))
        out["n_dirs"][nd] = dict(rho=float(np.mean([spearmanr(s, y).statistic for s in S])), median_cv=float(cv))
    out["n_target"] = {}
    for nt in (10, 25, 50, 100, None):
        S = [run(lambda t, c, i: S_of(t, c, i, n_t=nt, seed=s)) for s in range(n_rep if nt else 1)]
        cv = np.median(np.std(S, 0) / np.mean(S, 0)) if nt else 0.0
        out["n_target"][str(nt or "all")] = dict(rho=float(np.mean([spearmanr(s, y).statistic for s in S])), median_cv=float(cv))
    out["standardisation"] = {m: float(spearmanr(run(lambda t, c, i: S_of(t, c, i, std=m)), y).statistic)
                              for m in ("fed", "pooled", "none")}
    subsets = {"all 8": None, "statistical (4)": [0, 1, 2, 3], "envelope + SK (4)": [4, 5, 6, 7],
               "no scale (RMS, env)": [1, 2, 3, 7]}
    out["features"] = {k: float(spearmanr(run(lambda t, c, i: S_of(t, c, i, cols=v)), y).statistic)
                       for k, v in subsets.items()}
    # protocol check: quantile-summary SW vs exact SW (first 100 cases, single client)
    errs = []
    for i, (t, cl) in enumerate(cases[:100]):
        X, Y = doms[cl[0]]["X"], doms[t]["X"]; mu, sd = fed_stats([X], [1])
        a = dsi([X], [1], Y, mu, sd, 200, CFG["n_quant"], i)[0]; b = sw1_exact((X - mu) / sd, (Y - mu) / sd, 200, i)
        errs.append(abs(a - b) / b)
    out["protocol_rel_err"] = dict(median=float(np.median(errs)), max=float(np.max(errs)))
    return out
 
COL = {"DSI": "#c0392b", "DSImix": "#e67e22", "MMD": "#2980b9", "CORAL": "#27ae60", "Frechet": "#8e44ad",
       "MeanShift": "#7f8c8d", "MargW1": "#d35400", "PAD": "#16a085"}
 
def make_figures(results, doms_by_exp, sens, outdir):
    plt.rcParams.update({"font.size": 9, "axes.grid": True, "grid.alpha": 0.25, "figure.dpi": 150})
    exps = list(results)
    # Fig A: scatter DSI vs federated error (one panel per experiment)
    fig, axs = plt.subplots(1, len(exps), figsize=(3.4 * len(exps), 3.1))
    for ax, e in zip(np.atleast_1d(axs), exps):
        f = results[e]["_frame_fed"]; ax.scatter(f.DSI, f.err_fl, s=9, alpha=0.5, c=COL["DSI"])
        k = np.polyfit(f.DSI, f.err_fl, 1); xs = np.linspace(f.DSI.min(), f.DSI.max(), 50)
        ax.plot(xs, np.polyval(k, xs), "k-", lw=1)
        r = results[e]["fed/err_fl"]["spearman"]["DSI"]
        ax.set_title(f"{e}\n$\\rho$={r['rho']:.2f} [{r['lo']:.2f}, {r['hi']:.2f}]", fontsize=8.5)
        ax.set_xlabel("DSI  $S_m$"); ax.set_ylabel("zero-shot error of FedAvg model")
    fig.tight_layout(); fig.savefig(f"{outdir}/fig_scatter.png"); plt.close(fig)
    # Fig B: forest plot of Spearman correlation
    fig, axs = plt.subplots(1, len(exps) * 2, figsize=(3.0 * len(exps) * 2, 3.6))
    k = 0
    for e in exps:
        for kind in ("pair", "fed"):
            ax = axs[k]; k += 1; r = results[e][f"{kind}/err_fl"]["spearman"]; mets = list(r)
            for i, m in enumerate(mets):
                ax.errorbar(r[m]["rho"], i, xerr=[[r[m]["rho"] - r[m]["lo"]], [r[m]["hi"] - r[m]["rho"]]],
                            fmt="o", color=COL[m.replace("_pool", "")], capsize=2, ms=4,
                            mfc=("white" if m.endswith("_pool") else COL[m.replace("_pool", "")]))
            ax.set_yticks(range(len(mets))); ax.set_yticklabels(mets, fontsize=7); ax.invert_yaxis()
            ax.set_xlim(-0.2, 1.0); ax.axvline(0, c="k", lw=0.6)
            ax.set_title(f"{e}: {'K=1 pairs' if kind == 'pair' else 'K=3 federations'}", fontsize=8)
            ax.set_xlabel("Spearman $\\rho$ (95% cluster-bootstrap CI)")
    fig.tight_layout(); fig.savefig(f"{outdir}/fig_forest.png"); plt.close(fig)
    # Fig C: calibration (predicted vs observed)
    fig, axs = plt.subplots(1, len(exps), figsize=(3.4 * len(exps), 3.1))
    for ax, e in zip(np.atleast_1d(axs), exps):
        f = results[e]["_frame_fed"]; c = results[e]["fed/err_fl"]["calibration"]["DSI"]
        ax.scatter(f.pred_pt, f.err_fl, s=9, alpha=0.5, c="#34495e", label="point prediction")
        ax.scatter(f.pred_ub, f.err_fl, s=9, alpha=0.5, c=COL["DSI"], marker="^", label="90% bound")
        ax.plot([0, 1], [0, 1], "k--", lw=0.8)
        ax.set_xlim(0, 1); ax.set_ylim(0, 1); ax.set_xlabel("calibrated prediction / bound"); ax.set_ylabel("observed error")
        ax.set_title(f"{e}: MAE={c['mae']:.3f}, coverage={c['coverage']:.2f}", fontsize=8.5); ax.legend(fontsize=7)
    fig.tight_layout(); fig.savefig(f"{outdir}/fig_calibration.png"); plt.close(fig)
    # Fig D: decision confusion matrices
    fig, axs = plt.subplots(1, len(exps), figsize=(3.2 * len(exps), 3.0)); names = ["deploy", "fine-tune", "local"]
    for ax, e in zip(np.atleast_1d(axs), exps):
        d = results[e]["fed/err_fl"]["decision"]["DSI"]; cm = np.array(d["confusion"], float)
        ax.imshow(cm / np.maximum(cm.sum(1, keepdims=True), 1), cmap="Reds", vmin=0, vmax=1)
        for i in range(3):
            for j in range(3):
                ax.text(j, i, int(cm[i, j]), ha="center", va="center", fontsize=8)
        ax.set_xticks(range(3)); ax.set_xticklabels(names, fontsize=7); ax.set_yticks(range(3)); ax.set_yticklabels(names, fontsize=7)
        ax.set_xlabel("decision from DSI bound"); ax.set_ylabel("oracle action"); ax.grid(False)
        ax.set_title(f"{e}: bal. acc.={d['balanced_acc']:.2f}", fontsize=8.5)
    fig.tight_layout(); fig.savefig(f"{outdir}/fig_decision.png"); plt.close(fig)
    # Fig E: CWRU pairwise DSI heat-map and error heat-map (K=1)
    if "CWRU" in results:
        f = results["CWRU"]["_frame_pair"]; names_ = sorted(set(f.target))
        order = sorted(names_, key=lambda s: (s.split("-")[0], s.split("-")[1], s.split("-")[2]))
        S = pd.DataFrame(np.nan, index=order, columns=order); E = S.copy()
        for r in f.itertuples():
            S.loc[r.clients, r.target] = r.DSI; E.loc[r.clients, r.target] = r.err_fl
        fig, axs = plt.subplots(1, 2, figsize=(8.6, 3.9))
        for ax, M, ttl in ((axs[0], S, "DSI $S_m$ (source row $\\to$ target column)"), (axs[1], E, "zero-shot error")):
            im = ax.imshow(M.values.astype(float), cmap="viridis"); ax.set_title(ttl, fontsize=8.5)
            ax.set_xticks(range(len(order))); ax.set_xticklabels(order, rotation=90, fontsize=5.5)
            ax.set_yticks(range(len(order))); ax.set_yticklabels(order, fontsize=5.5); ax.grid(False)
            fig.colorbar(im, ax=ax, fraction=0.046)
        fig.tight_layout(); fig.savefig(f"{outdir}/fig_cwru_heatmap.png"); plt.close(fig)
    # Fig F: sensitivity
    if sens:
        fig, axs = plt.subplots(1, 2, figsize=(7.0, 2.9)); e0 = list(sens)[0]
        for e, s in sens.items():
            nd = s["n_dirs"]; axs[0].errorbar(list(nd), [v["median_cv"] for v in nd.values()], fmt="o-", label=e)
            nt = s["n_target"]; xs = [10, 25, 50, 100, 200]
            axs[1].plot(xs, [v["median_cv"] for v in nt.values()], "o-", label=e)
        axs[0].set_xscale("log"); axs[0].set_xlabel("number of projections"); axs[0].set_ylabel("median CV of $S_m$"); axs[0].legend(fontsize=7)
        axs[1].set_xlabel("unlabeled target samples"); axs[1].set_ylabel("median CV of $S_m$"); axs[1].legend(fontsize=7)
        fig.tight_layout(); fig.savefig(f"{outdir}/fig_sensitivity.png"); plt.close(fig)
 
def run_all(run_synthetic=True, run_cwru=True, cwru_root="/content/CWRU",
            n_pairs=12, n_feds=12, K=3, n_random=34):
    results, doms_by_exp, sens = {}, {}, {}
    exps = []
    if run_synthetic:
        exps.append(("Synthetic", build_synthetic_domains(n_random, CFG["seed"])))
    if run_cwru:
        exps.append(("CWRU", build_cwru_domains(fetch_cwru(cwru_root))))
    for name, doms in exps:
        names = list(doms); cases = make_cases(names, n_pairs if name == "Synthetic" else 99, n_feds, K, CFG["seed"])
        print(f"[{name}] {len(names)} machines, {len(cases)} cases")
        df = run_cases(doms, cases, seed0=CFG["seed"]); df.to_csv(f"{OUT}/cases_{name}.csv", index=False)
        res = analyse(df, name); results[name] = res; doms_by_exp[name] = doms
        sens[name] = sensitivity(doms, res["_frame_fed"])
    make_figures(results, doms_by_exp, sens, OUT)
    clean = {e: {k: v for k, v in r.items() if not k.startswith("_")} for e, r in results.items()}
    json.dump(dict(results=clean, sensitivity=sens, cfg=CFG), open(f"{OUT}/results.json", "w"), indent=1, default=float)
    return results, sens
 
# %% ---------------------------------------------------------------- Run (Colab)
results, sens = run_all(run_synthetic=True, run_cwru=True, cwru_root="/content/CWRU")

