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9. Proof of Eq. (3)

Proof (First-order Link to Optical Model). Let !R(ω) =
R(x,ω) → Rbg(ω) denote the spectral difference caused by
the 2D flake, which depends on the refractive index n(ω),
thickness d, and interference phase ε = 2ϑn(ω)d/ω. As-
suming ↑!R↑→ is small (a valid approximation for mono-
and few-layer flakes), we can linearize ”↓ I about Ibg using
a first-order Taylor expansion:

!E(x) →
∥∥J!(Ibg)

∫
!R(ω)E(ω)S(ω) dω

︸ ︷︷ ︸
”I

∥∥
2
, (5)

where J! is the Jacobian of the RGB-to-LAB transforma-
tion at Ibg and S(ω) = (SR(ω), SG(ω), SB(ω))↑. There-
fore, there exists a positive constant c (dependent on
E,S, J!) such that

!E(x) → c
∥∥!I

∥∥
2
= c

∥∥∥
∫

!R(ω)E(ω)S(ω) dω
∥∥∥
2
. (6)

Since the thin-film interference model predicts that
!R(ω; d) varies systematically with the number of layers
d, the perceptual contrast !E(x) is a monotonic proxy (lo-
cally) for the reflectance deviation induced by optical inter-
ference. Thus, maximizing !E over image patches identi-
fies regions whose spectra differ from the substrate due to
interference, without explicitly solving the transfer-matrix
model.

10. More Details of Synthia

In this section, we further discuss in detail the Synthia
framework.

10.1. White Balance Calibration

After the reflected light is captured by the microscope, users
often perform a manual color calibration process, typically
by applying white balance correction to the image. This
step adjusts the gain factors of the red, green, and blue
(RGB) channels to compensate for color casts introduced by
the illumination source or optical path. In practice, this cali-
bration alters the perceived color of the substrate and flakes.
From the perspective of material scientists, such calibration
serves two main purposes: (1) it enhances the visibility of
the target flakes, making them more distinguishable from
the background and other overlapping flakes; and (2) each
user tends to develop personalized calibration preferences
based on their experience and specific material systems, op-
timizing contrast for their observation workflow. As a re-
sult, microscopy images collected across different labora-
tories often exhibit noticeable color variations, even when

using the same materials, substrates, and hardware config-
urations. This variability poses a significant challenge for
AI models, which must remain robust to inconsistent color
calibration settings. Therefore, in our synthetic pipeline, we
explicitly model color calibration variability by simulating
diverse white balance transformations. This step ensures
that the generated synthetic flakes maintain realistic color
contrast relative to their substrates and better reflect the di-
versity of real-world microscopy datasets.
Implementation of White-Balance Calibration. Let the
reference microscopy image be Iref ↔ R3↓H↓W in linear
RGB space, captured for a known material and substrate
configuration (e.g., MoS2 on Si/SiO2 with known oxide
thickness). We denote by Msub ↔ {0, 1}H↓W the binary
mask identifying substrate regions, and by 1{·} the indica-
tor function. The mean substrate color after user calibration
(white balance already applied) is computed as:

[crefsub]k =

∑
i,j

Iref [k, i, j] Msub[i, j]∑
i,j

Msub[i, j]
, k ↔ {1, 2, 3}.

(7)

Given the known optical stack (air / flake / SiO2 / Si),
the transfer-matrix module T computes the substrate re-
flectance spectrum Rsub(ω) ↔ RD sampled across D dis-
crete wavelengths. A colorimetric projection function ”
(CIE 1931 color-matching with standard illuminant) maps
spectra to linear RGB, yielding the pre-white-balance sub-
strate color:

c0sub = ”
(
Rsub(ω)

)
↔ R3

. (8)

Assuming a per-channel diagonal white balance model,
the user’s gain vector g ↔ R3

+ satisfies:

crefsub ↗ diag(g) c0sub =↘ g = crefsub ≃ c0sub, (9)

where ≃ denotes element-wise division (optionally normal-
ized, e.g., 1

3↑g↑1 = 1 to fix global exposure).
Finally, for any synthetic image before white balance

I0syn ↔ R3↓h↓w, the personalized correction is applied as:

Isyn[k, i, j] = gk · I0syn[k, i, j], k ↔ {1, 2, 3}, (10)

followed by clipping to [0, 1]. This process aligns the syn-
thetic color distribution to the user’s individual calibra-
tion preferences while preserving the physically predicted
flake–substrate contrast computed by T and ”.



10.2. Substrate-Aware Synthetic Placement

Previous data synthesis pipelines often overlook the spa-
tial context of existing flakes in the reference microscopy
images. As a result, newly generated synthetic flakes are
randomly overlaid on the image, frequently overlapping
with real flakes or debris already present on the substrate.
Such unawareness introduces unrealistic artifacts and de-
grades the physical plausibility of the synthesized dataset.
A straightforward solution would be to manually anno-
tate bounding boxes for all visible flakes and restrict syn-
thetic placement to the remaining background areas. How-
ever, this approach is highly labor-intensive, prone to hu-
man error, and does not scale to large microscopy collec-
tions. To overcome these limitations, we propose an au-
tomated substrate-detection algorithm that localizes clean
substrate regions directly from the input image. By identify-
ing substrate-only areas through reflectance consistency and
color uniformity, our method ensures that synthetic flakes
are placed exclusively on physically valid regions, avoid-
ing overlaps with existing structures. This substrate-aware
synthesis greatly improves dataset realism and scalability
without requiring manual annotations.

10.3. Substrate-Aware Synthetic Flake Generation

Given an unlabeled microscopy image I ↔ [0, 255]H↓W↓3,
our goal is to synthesize new flakes while avoiding overlap
with existing ones. We first compute a LAB-based attention
map A = FLAB(I) ↔ RH↓W and normalize it to the range
[0, 1]:

Ã =
A→min(A)

max(A)→min(A) + ϖ
. (11)

High-attention regions correspond to existing flakes or
high-texture areas. The substrate mask is then defined as

Msub = 1
{
Ã < ϱ

}
, ϱ = Perc90(Ã), (12)

where ϱ denotes the 90th percentile threshold, preserving
only low-attention (substrate) regions.

For each synthetic flake fi with binary mask Mi and
sampled thickness ti, we randomly select a valid substrate
region (ui, vi) that satisfies

Msub[vi : vi + hi, ui : ui + wi]⇐Mi ⇒ 0, (13)

ensuring no overlap with existing flakes or previously
placed synthetic ones.

Optical Color Generation. The color of each flake is
physically computed using the transfer matrix method

(TMM). Given a material s (e.g., MoS2), a layer stack S =
{air, s, SiO2, Si}, and a flake thickness ti, the wavelength-
dependent reflectance spectrum is obtained by

Ri(ω) = T (S, ti,ω), (14)

where T denotes the multilayer optical simulation. The re-
sulting reflectance is converted into a perceptual RGB color
via CIE 1931 color-matching functions S(ω) and illuminant
spectrum I(ω):

ci = ”
(
Ri(ω), I(ω)

)
=

∫
ωmax

ωmin

S(ω) I(ω)Ri(ω) dω, (15)

where ci ↔ [0, 255]3 represents the flake’s RGB color.

Flake Composition. The synthetic flake is placed directly
on the selected substrate area by replacing the correspond-
ing region in I:

Iout[vi : vi + hi, ui : ui + wi] = ci Mi (16)
+ I[vi : vi + hi, ui : ui + wi] (1→Mi),

where Mi ↔ {0, 1}hi↓wi denotes the binary flake mask.
This substrate-aware process ensures that synthetic flakes
are placed only on physically valid substrate regions, avoid-
ing overlaps and preserving realistic color consistency
through the optical model.

11. QMat-Instruct Dataset

We present samples from the QMat-Instruct dataset in
Fig. 6 through Fig. 15, showing the dialogue between a
human and the model concerning material analysis using
synthetic optical microscopy images.

12. QF-Bench Dataset

Due to the large size of the data, we currently release 50
samples from the QF-Bench dataset. We show some sam-
ples from the benchmark dataset in Fig. 16. The benchmark
release is structured in COCO JSON format. The JSON
contains top-level keys such as images, annotations,
and categories. The dataset defines three distinct cate-
gories based on flake thickness: Mono, Few, and Thick,
all grouped under the flake supercategory. Each individ-
ual flake has a bounding box annotation.



Figure 6. Conversation between a human and model analyzing a synthetic optical microscopy image. The model output is highlighted in
three parts: flake candidate enumeration (pink), physics-informed reasoning (blue), and final conclusion (green).



Figure 7. Conversation between a human and model analyzing a synthetic optical microscopy image. The model output is highlighted in
three parts: flake candidate enumeration (pink), physics-informed reasoning (blue), and final conclusion (green).



Figure 8. Conversation between a human and model analyzing a synthetic optical microscopy image. The model output is highlighted in
three parts: flake candidate enumeration (pink), physics-informed reasoning (blue), and final conclusion (green).



Figure 9. Conversation between a human and model analyzing a synthetic optical microscopy image. The model output is highlighted in
three parts: flake candidate enumeration (pink), physics-informed reasoning (blue), and final conclusion (green).



Figure 10. Conversation between a human and model analyzing a synthetic optical microscopy image. The model output is highlighted in
three parts: flake candidate enumeration (pink), physics-informed reasoning (blue), and final conclusion (green).



Figure 11. Conversation between a human and model analyzing a synthetic optical microscopy image. The model output is highlighted in
three parts: flake candidate enumeration (pink), physics-informed reasoning (blue), and final conclusion (green).



Figure 12. Conversation between a human and model analyzing a synthetic optical microscopy image. The model output is highlighted in
three parts: flake candidate enumeration (pink), physics-informed reasoning (blue), and final conclusion (green).



Figure 13. Conversation between a human and model analyzing a synthetic optical microscopy image. The model output is highlighted in
three parts: flake candidate enumeration (pink), physics-informed reasoning (blue), and final conclusion (green).



Figure 14. Conversation between a human and model analyzing a synthetic optical microscopy image. The model output is highlighted in
three parts: flake candidate enumeration (pink), physics-informed reasoning (blue), and final conclusion (green).



Figure 15. Conversation between a human and model analyzing a synthetic optical microscopy image. The model output is highlighted in
three parts: flake candidate enumeration (pink), physics-informed reasoning (blue), and final conclusion (green).



Figure 16. Samples from the QF-Bench dataset. Each microscopy image displays annotations for 2D material flakes. Flake thickness
categories are color-coded: green (Mono), blue (Few), and orange (Thick).
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