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S.I. Accelerated Stochastic Proximal Method. For completeness, we summarize the ac-
celerated stochastic proximal methods (ASPM) in Algorithm S.I.1. The TV proximal operator
(S.I.1) is solved by the algorithm proposed in [SM1].

S.II. Lippmann-Schwinger Forward Model. For completeness, we described the details
of the nonliner forward model Hl( · ) in this section in a continuous domain. A comprehensive
description and proper discretization can be found in [SM3]. The notations used in this section
is self-contained. Fig. S.1 presents the principle of optical diffraction tomograhy.

Denote by ηb and η(r) the refractive indices of the background and the sample. Then the
scattering potential is defined as f(r) = k2b (η(r)

2/η2b−1) where kb = 2πηb/λ is the wavenumber
and λ is the wavelength. Then, for the l-th incident plane wave ulin(r), the total field u(r) in
Ω can be obtained by solving the Lippmann-Schwinger equation:

(S.II.1) ul(r) = ulin(r) +

∫
Ω
g(r− r′)f(r′)u(r′)ldr′, r ∈ Ω

where g(r) = ejkb∥r∥

4π∥r∥ is the free-space Green function on r ∈ Ω. After obtaining ul(r) on
r ∈ Ω, we model the wave propagation from Ω to the measurements plane Γ, i.e. the l-th
measurements yl(r), with

(S.II.2) yl(r) = ulin(r) +

∫
Ω
g(r− r′)f(r′)u(r′)ldr′, r ∈ Γ.

In practice, we applied the Bi-CGSTAB method [SM4] to solve (S.II.2).

S.III. Born Forward Model. The Born model is a linearized version of (S.II.2)

(S.III.1) yl(r) = ulin(r) +

∫
Ω
g(r− r′)f(r′)ulin(r

′)ldr′, r ∈ Γ,

where the total field in the integral is replaced by the incident field. This approximation
assumes that the sample is weakly-scattering.
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Algorithm S.I.1 Accelerated stochastic proximal method.

Initialization: Initial guess x0 ∈ RN ; tradeoff parameter λ; pre-defined sets {Ss}Ss=1 or
choose the partial measurements randomly at each iteration; Lipschitz constant κ; maxi-
mal number of iterations Max Iter

Output: x∗

1: k ← 1
2: for all k ≤ Max Iter do
3: s← mod (k, S)
4: Compute partial gradient gk ←∇∇∇Fs(xk−1)
5: Solve the following problem to get xk

xk ← argmin
x∈C
⟨gk,x− xk−1⟩+

κ

2
∥x− xk−1∥22 + λTV(x)(S.I.1)

6: k ← k + 1
7: end for
8: return x∗ ← xMax Iter

Γ

Ω

η(r)

kin
l

Figure S.1. Principle of optical diffraction tomography. The arrows represent the wave vectors {kin
l ∈

R3}Ll=1 of the L incident plane waves {ul
in}Ll=1. The angles of illumination are limited to a cone around the

optical axis. The refractive-index map of the sample η(r) is embedded in the domain Ω ⊂ R3, and the recorded
domain is denoted by Γ. The parameter r denotes the three-dimensional spatial coordinate.

S.III.0.1. Linear Model–Weakly Scattering Sample. The tradeoff parameter λ = 10/643

was optimized by grid search and the stepsize in the ASPM was set to 0.1. Note that the
stepsize was chosen to be the largest possible while still ensuring convergence. BQNPM and
FBQNPM with the parameters ak = 1 and γ = 0.8 performed well for our experiments.
We set a total of S = 4 subsets ({Ss}4s=1 with fifteen measurements each). Note that the
fifteen illumination angles were equally spaced.1 100 iterations were performed to recover the
RI maps. The Rytov approximation [SM2] was used as the initial guess for all competing
methods.

1We also tried to choose the illumination angles randomly for ASPM but found that selecting them in
equally spaced yielded slightly better performance.
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Figure S.2. Performance of ASPM, SQNPM [SM5], BQNPM with strategies I and II, and FBQNPM
algorithms on the weakly scattering simulated sample using the first-order Born approximation. From top to
bottom rows: Full cost and SNR values versus iterations and wall time, respectively.

The first row of Fig. S.2 presents the full cost with respect to the number of iterations
and wall time for all methods. It is evident that BQNPM-I/II converged faster than ASPM
in terms of iterations and wall time. The computational cost per iteration for BQNPM-I/II
was similar to that of ASPM, which indicates that the computational overhead of WPM is
negligible. At the beginning of iterations, SQNPM reached the lowest full cost among ASPM
and BQNPM-I/II. However, BQNPM-I/II outpaced SQNPM at later iterations. Fig. SM2(b)
shows that BQNPM-I/II converged as well as SQNPM in terms of wall time, even in the first
iterations. This is because SQNPM requires computing the full gradient every S iterations,
whereas BQNPM-I/II never compute the full gradient. Clearly, FBQNPM was the fastest
algorithm in terms of iterations but it converged slower than BQNPM-I/II in terms of wall
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Figure S.3. Orthoviews of the 3D refractive index maps obtained by ASPM (iter. k = 100),
SQNPM [SM5] (iter. k = 100), BQNPM-I (iter. k = 26), and BQNPM-II (iter. k = 35) algorithms on
the weakly scattering simulated sample using the first-order Born approximation. The SNR for each slice is
displayed in the top-left corner of each image.

time since FBQNPM requires computing the full gradient at each iteration.
Fig. S.2 shows that BQNPM-I converged faster than BQNPM-II in terms of iterations

and wall time. Although our theoretical analysis does not demonstrate the superiority of
BQNPM-I, we observed that BQNPM-I converged faster than BQNPM-II in the following
experiments. This may be due to the fact that BQNPM-I processes all subsets over each S
iterations, allowing it to utilize the most recent information, whereas BQNPM-II uniformly
samples subsets at each iteration, potentially skipping some subsets during S iterations.

The second row of Fig. S.2 demonstrates that BQNPM-I/II required less wall time than
ASPM and SQNPM to achieve the highest SNR, further corroborating our previous observa-
tions. Moreover, ASPM and SQNPM needed 100 iterations to reach its highest SNR while
BQNPM-I/II required much less number of iterations to get a comparable SNR. Fig. S.3 dis-
plays the orthoviews of the RI maps obtained with ASPM, SQNPM, and BQNPM-I/II at the
100th, 100th, and 26th/35th iterations, respectively. Here, we observed that the first-order
Born approximation was accurate for the weakly scattering sample.

S.IV. Linear Model–Strongly Scattering Sample. In this part, we studied the perfor-
mance of ASPM, SQNPM [SM5], BQNPM-I/II, and FBQNPM on a strongly-scattering sam-
ple. In this experiment, the measurements were simulated with the Lippmann-Schwinger
forward model, but the reconstructions were obtained by using the linear (Born) model. The
tradeoff parameter λ = 10/643 was optimized by grid search and the stepsize was set at 0.1.
We ran 100 iterations to recover the RI maps in this setting. Note that the shape of the
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Figure S.4. Performance of ASPM, SQNPM [SM5], and BQNPM algorithms on the strongly scattering
simulated sample using the first-order Born approximation. From top to bottom rows: Full cost and SNR values
versus iterations and wall time, respectively.

phantom used here is identical to the one in Sec. V.A.1) of the main paper, but the maximal
RI was set to a higher value (i.e., 1.413). In this regime, the linear model was inaccurate in
modeling light scattering.

The first and second rows of Fig. S.4 contain the full cost and SNR versus iterations
and wall time of ASPM, SQNPM, BQNPM-I/II, and FBQNPM. These algorithms behaved
similarly to the case of the weakly scattering sample. SQNPM converged faster than BQNPM
in the first iterations, but BQNPM-I/II became faster at later iteration. Moreover, BQNPM-
I/II converged faster than SQNPM in terms of wall time since BQNPM-I/II required less
computation than SQNPM. Similar to the weakly scattering experiment described in the
main paper, we observed that BQNPM-I converged faster than BQNPM-II in terms of both
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Figure S.5. Orthoviews of the 3D refractive-index maps obtained by ASPM (iter. k = 100), SQNPM (iter.
k = 10), BQNPM-I (iter. k = 10, and 100), and BQNPM-II (iter. k = 20) algorithms on the strongly scattering
simulated sample using the first-order Born approximation. The SNR for each slice is displayed in the top-left
corner of each image.

iterations and wall time. Moreover, FBQNPM was the fastest algorithm in terms of iterations
because it computed the full gradient at each iteration. Thus, FBQNPM lost its advantage
in terms of wall time.

In this experiment, ASPM needed 100 iterations to reach its highest SNR, while SQNPM
(BQNPM-I/II, respectively) only required 10 (10/20, respectively) iterations to get a com-
parable SNR. Fig. S.5 displays the orthoviews of the RI maps obtained using BQNPM-I/II,
SQNPM, and ASPM at the 10th/20th, 10th, and 100th iterations, as well as the 100th itera-
tion of BQNPM-I. These methods recovered similar images but fail to accurately reconstruct
the RI map due to the inaccuracy of the first-order Born approximation.
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