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Abstract

Post-training quantization (PTQ) for multi-
modal large language models (MLLMs) faces
a distinct optimization challenge: text and vi-
sion tokens can induce conflicting gradients
when learning a shared channel-wise trans-
formation. We identify this issue as modal-
ity gradient conflict, characterized by oppos-
ing update directions and severe magnitude
imbalance between modality-specific gradi-
ents, and propose Modality-Coordinated Trans-
formation Quantization (MCTQ) to address
it. MCTQ combines whitening-based precon-
ditioning, modality-decomposed reconstruc-
tion, and modality-coordinated optimization
to learn a single shared transformation that
serves both modalities without introducing
modality-specific parameters or inference over-
head. Across multiple MLLMs, benchmarks,
and precision settings, MCTQ consistently out-
performs existing channel-wise PTQ methods,
with the largest gains under aggressive low-
bit quantization. These results show that coor-
dinating modality-specific gradients is critical
for learning effective shared transformations in
multimodal PTQ. Code and reproduction ma-
terials are available at https://github.com/
jtsdw/UniMQ.

1 Introduction

Multimodal large language models (MLLMs)(An
et al., 2025; Bai et al., 2025; Gemini Team, 2023;
OpenAI, 2023) have demonstrated remarkable ca-
pabilities in tasks such as visual question answer-
ing, image-text reasoning, and multimodal instruc-
tion following. However, deploying these models
is challenging: beyond the massive parameters of
the language model backbone, the substantial num-
ber of visual tokens incurs significant memory and
computational overhead. To improve deployment
efficiency, various compression techniques have
been proposed, including pruning(Frantar and Al-
istarh, 2023), low-rank decomposition(Zhu et al.,
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Figure 1: Illustration of shared transformation learn-
ing in multimodal PTQ. Mixed-objective optimization
can induce conflicting or imbalanced modality updates,
whereas modality-specific transforms avoid conflict
with extra parameters. MCTQ coordinates modality
gradients to learn one shared transformation without
additional inference overhead.

2024), and quantization(Xiao et al., 2023; Lin et al.,
2024). Among these, post-training quantization
(PTQ)(Frantar et al., 2023) is a particularly promis-
ing approach—it compresses both weights and acti-
vations to low bit-widths, thereby reducing storage,
memory bandwidth, and inference cost.

Recent PTQ methods reduce low-bit quantiza-
tion error by applying channel-wise equivalent
transformations before quantization, ranging from
statistic-driven scaling (Xiao et al., 2023) to learn-
able transformations (Shao et al., 2024; Sun et al.,
2025). Instead of relying on fixed scaling heuris-
tics derived from activation statistics, these meth-
ods directly optimize the transformation via a
layer-wise reconstruction objective, so the trans-
formation can adapt to the varying perturbation
effects across channels. Learnable equivalent trans-
formations(LET) have therefore become a strong
paradigm for low-bit PTQ. However, their suitabil-
ity for MLLMs remains underexplored: in these
models, text and visual tokens are jointly processed
by the same quantized backbone, yet they may im-
pose distinct requirements on the transformation
that precedes quantization.
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Existing MLLM quantization methods have rec-
ognized the differences between visual and textual
tokens. These methods primarily address differ-
ences in activation distributions, numerical ranges,
or per-modality sensitivities (Li et al., 2025; Hu
et al., 2026; Yu et al., 2025). However, for LET, op-
timizing a shared transformation over multimodal
tokens exposes a distinct challenge: cross-modal
conflict. Specifically, text and visual tokens may
favor different channel-wise scaling factors under a
single shared transformation. At the gradient level,
this mismatch manifests as modality-specific re-
construction objectives inducing opposing update
directions or severely imbalanced magnitudes with
respect to the shared transformation parameters.
We term this phenomenon modality gradient con-
flict. This raises a central question: How can we
optimize a single shared transformation in multi-
modal settings?

In this paper, we propose Modality-Coordinated
Transformation Quantization (MCTQ), a PTQ
framework for learning a robust shared transfor-
mation in MLLMs. MCTQ consists of three
components: (i) diagonal whitening-based pre-
conditioning, which provides a better-conditioned
initialization for transformation learning; (ii)
modality-decomposed reconstruction, which pre-
serves modality-specific reconstruction gradients;
and (iii) modality-coordinated optimization, which
reconciles conflicting modality gradients into a uni-
fied update direction for the shared transformation.
Crucially, MCTQ maintains one shared transfor-
mation throughout and fuses it into the quantized
model, introducing no modality-specific parame-
ters or inference overhead.

We evaluate MCTQ on multiple MLLMs, includ-
ing Qwen2.5-VL-7B/32B and LLaVA-OneVision-
1.5-8B, under W4A8 and W4A6, and additionally
evaluate Qwen2.5-VL-7B under W8A8. Across
model scales, architectures, and benchmarks,
MCTQ consistently outperforms existing channel-
wise PTQ methods, with the largest gains observed
in the low-bit regime where gradient conflict is
most pronounced.

In summary, our main contributions are:

• We identify modality gradient conflict as a key
optimization bottleneck in shared transforma-
tion learning for multimodal PTQ, showing
that it manifests as both directional interfer-
ence and modality-dependent gradient domi-
nance.

• We propose MCTQ, which reformulates
shared transformation learning as a modality-
coordinated optimization problem, enabling
text and vision gradients to be reconciled be-
fore updating a single deployment-friendly
transformation.

• We validate MCTQ on multiple MLLMs and
three precision settings, demonstrating consis-
tent improvements over existing channel-wise
PTQ methods.

2 Related Works

LLM Quantization. Quantization reduces the
numerical precision of model weights and acti-
vations for efficient deployment. Compared with
quantization-aware training, post-training quanti-
zation (PTQ) is more practical for large language
models because it only requires a small calibration
set. Existing PTQ methods include weight-only
and weight-activation quantization, with the lat-
ter being more challenging due to activation out-
liers and error accumulation. To mitigate these
issues, prior work has explored activation smooth-
ing (Xiao et al., 2023), rotation-based transforma-
tion (Ashkboos et al., 2024; Liu et al., 2025), and
learnable equivalent transformation (Shao et al.,
2024; Sun et al., 2025). Our work builds on learn-
able transformation-based PTQ and investigates
how to adapt it to multimodal settings while retain-
ing a single shared transformation for both text
and vision tokens.
MLLM Quantization. Quantizing MLLMs is
challenging because text and vision tokens dif-
fer in activation distributions, sensitivity patterns,
and functional roles. Existing methods address
this modality discrepancy from different angles.
MBQ (Li et al., 2025) weights reconstruction
losses by modality-specific sensitivity to balance
text and vision contributions during calibration.
MASQuant (Hu et al., 2026) employs modality-
specific smoothing factors and uses SVD-based
whitening to compensate for cross-modal activation
differences in low-rank form. MQuant (Yu et al.,
2025) assigns modality-specific static scales and
suppresses rotation-induced outliers in Hadamard-
based quantization. Overall, these methods primar-
ily model how modalities differ, rather than how
they may conflict when optimizing learnable equiv-
alent transformations. Our work instead targets
the constrained setting of learning a single shared
transformation, resolving modality gradient con-
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flict at the optimization level while preserving the
deployment simplicity of PTQ.

3 Preliminaries

3.1 Learned Shared Transformation in PTQ

In reconstruction-based PTQ, a linear layer with
input activations X ∈ Rn×d and weight matrix
W ∈ Ro×d computes the full-precision output
Y = XW⊤. Given an invertible channel-wise
transformation matrix S ∈ Rd×d, the same compu-
tation can be rewritten as

XW⊤ = (XS−1)(WS)⊤, (1)

which redistributes activation and weight ranges
across channels while preserving the full-precision
function. Let

ŶS = Q(XS−1)Q(WS)⊤

denote the quantized output under the transforma-
tion S. The transformation is learned by minimiz-
ing the layer-wise reconstruction error over a cali-
bration set Dcal:

LET(S) = EX∼Dcal

[∥∥∥XW⊤ − ŶS

∥∥∥
2

F

]
. (2)

By optimizing LET directly, these methods learn
a transformation S⋆ adapted to the channel-wise
effects of quantization perturbations, rather than
relying on fixed heuristics derived from activation
statistics.

4 Method

4.1 Overview

To optimize a shared transformation in multimodal
settings, we proceed in three steps. First, diagonal
whitening stabilizes early optimization by balanc-
ing channel scales before transformation learning
(Section 4.2). Second, modality-decomposed re-
construction preserves separate gradient signals for
text and vision tokens, preventing them from be-
ing obscured in a mixed loss (Section 4.3). Third,
modality-coordinated optimization reconciles the
two modality-specific gradients into a single update
direction, resolving conflicts while maintaining pa-
rameter sharing (Section 4.4). Figure 2 illustrates
the overall MCTQ pipeline.

4.2 Whitening-Based Preconditioning

Low-bit quantization is sensitive to channel-
wise magnitude variation in activations. In
reconstruction-based PTQ, large-magnitude chan-
nels dominate the squared reconstruction loss and
bias the early optimization of the shared transforma-
tion S. This issue is more severe in MLLMs, where
text and visual tokens may have different dominant
channels and inconsistent scale preferences. We
therefore apply diagonal whitening before trans-
formation learning to rebalance channel scales and
provide a better-conditioned initialization for S.

Given the calibration activations X ∈ Rn×d of a
linear layer, we compute the channel-wise standard
deviation as

σj =
√
Var(X:,j) + ϵ, (3)

where ϵ ensures numerical stability. We construct
the diagonal preconditioner

P = diag(σα
1 , . . . , σ

α
d ), (4)

and whiten the activations by X̃ = XP−1. Here,
α ∈ [0, 1] controls the whitening strength: α = 0
yields no whitening, α = 1 yields full diagonal
whitening, and intermediate values yield partial
whitening. The preconditioner is applied through
an equivalent reparameterization:

XW⊤ = (XP−1)(WP)⊤. (5)

Since P is diagonal and invertible, this transforma-
tion preserves the full-precision function of the lin-
ear layer while redistributing channel-wise scales
between activations and weights. Equivalently, for
the j-th input channel, we have

x′
j =

xj

σα
j

, w′
j = σα

j wj , (6)

where wj denotes the corresponding input-channel
column of W. In practice, we fold P−1 into the
preceding normalization affine parameters when
applicable, and fold P into the linear weights, in-
troducing no additional inference operation. This
provides better-conditioned channel scales for sub-
sequent transformation learning.

4.3 Modality-Decomposed Reconstruction

Recall thatDt andDv denote the calibration activa-
tions collected from text and vision tokens, respec-
tively. For a shared transformation S, we define
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Figure 2: Overview of MCTQ, a shared-transformation PTQ framework that combines whitening-based precondi-
tioning, modality-decomposed reconstruction, and gradient-level coordination.

modality-specific reconstruction losses as

Lt(S) = EXt∼Dt

[∥∥∥XtW
⊤ − ŶS(Xt)

∥∥∥
2

F

]
,

Lv(S) = EXv∼Dv

[∥∥∥XvW
⊤ − ŶS(Xv)

∥∥∥
2

F

]
,

(7)
where, for m ∈ {t, v},

ŶS(Xm) = Q(XmS−1)Q(WS)⊤. (8)

Here, the same transformation S is shared by both
modalities.

Standard reconstruction-based PTQ merges text
and vision calibration tokens and minimizes a sin-
gle mixed loss Lmix. This is equivalent to scalar-
izing the two modality objectives as ρtLt + ρvLv,
where ρt and ρv are determined by the token com-
position. Although such a mixed objective may de-
crease during optimization, it can obscure modality-
specific degradation, since the two gradients are
summed before their compatibility is examined.

To preserve modality-specific optimization sig-
nals, we keep the two objectives decomposed and
compute their gradients with respect to the same
shared transformation:

gt = ∇SLt(S), gv = ∇SLv(S). (9)

Importantly, this decomposition does not introduce
modality-specific transformations; both gradients
are computed for the same S. It only separates the
reconstruction objectives during calibration, expos-
ing the independent update signals from text and
vision tokens before the shared transformation is
updated.

4.4 Modality-Coordinated Optimization
Given the modality-specific gradients gt and gv
from Eq. (9), our goal is to update the shared trans-
formation S using a single direction that accounts
for both modalities. A naive mixed update,

gmix = ρtgt + ρvgv, (10)

uses fixed scalar weights determined by token com-
position or loss weighting. However, such scalar-
ization ignores the geometry between modality gra-
dients. When ⟨gt,gv⟩ < 0, the two modalities
induce conflicting update directions, so descending
along one gradient may increase the reconstruction
error of the other. When ∥gt∥2 and ∥gv∥2 differ
substantially, the mixed update is dominated by the
larger gradient, suppressing the optimization signal
from the weaker modality.

To coordinate the two modalities, we define a
gradient-level operator Φ that maps gt and gv to a
unified update direction:

gcoord = Φ(gt,gv). (11)

Instead of assigning fixed loss weights before back-
propagation, Φ adaptively combines the two gra-
dients according to their direction and magnitude.
Specifically, following the MGDA minimum-norm
formulation (Sener and Koltun, 2018), we adopt a
minimum-norm convex combination:

min
w∈[0,1]

∥wgt + (1− w)gv∥22 , (12)

and set

gcoord = w⋆gt + (1− w⋆)gv. (13)
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Algorithm 1 MCTQ pipeline for one linear layer.

Require: Weight W, calibration activations Xmix,
modality masksMt,Mv, whitening strength
α, learning rate ηs, epochs E

Ensure: Quantized linear layer with fused trans-
formation

1: Split Xmix into Xt and Xv usingMt,Mv

2: Compute diagonal whitening preconditioner P
using Eq. (4)

3: Fold P−1 into the preceding affine operation
and set W←WP

4: Recompute Xt,Xv with the whitened model
5: Initialize shared transformation S← I
6: for e = 1 to E do
7: Compute modality losses Lt(S) and Lv(S)

using Eq. (7)
8: Compute gradients gt ← ∇SLt, gv ←
∇SLv

9: Obtain coordinated gradient gcoord ←
Φ(gt,gv) using Eq. (14)

10: Update S← S− ηsgcoord
11: end for
12: Fold S⋆−1 into the preceding affine operation

and quantize WS⋆

We provide a theoretical justification for this choice
in Appendix D.

For two modalities, Eq. (12) admits a closed-
form solution:

w⋆ = Π[0,1]

(∥gv∥22 − ⟨gt,gv⟩
∥gt − gv∥22

)
, (14)

where Π[0,1](·) denotes clipping to the interval
[0, 1]. The shared transformation is then updated
by

S← S− ηgcoord. (15)

This coordination has two desirable effects. First,
when the modality gradients point in incompati-
ble directions, the solution searches for a direc-
tion in their convex hull that minimizes mutual
interference, rather than blindly following their
scalar-weighted sum. Second, when one modality
produces a much larger gradient norm, the opti-
mal weight automatically down-weights the domi-
nant gradient, preventing it from overwhelming the
shared update. Therefore, MCTQ resolves modal-
ity conflict after the modality-specific gradients
are exposed, while still updating a single shared
transformation S.

5 Experiments

5.1 Experimental Setup
Model and Quantization Setting. We con-
duct experiments on Qwen2.5-VL-7B-Instruct,
Qwen2.5-VL-32B-Instruct (Bai et al., 2025), and
LLaVA-OneVision-1.5-8B (An et al., 2025). Our
primary setting is W4A6. We additionally report
W4A8 for all models and W8A8 for Qwen2.5-VL-
7B. We use per-token activation quantization and
per-channel weight quantization, with min-max
asymmetric quantization for activations and min-
max symmetric quantization for weights.

Calibration Data. We use 128 image-caption
pairs from the COCO val2017 caption annota-
tions (Lin et al., 2014) as multimodal calibration
data. Each sample is converted into the chat-format
input of Qwen2.5-VL (Bai et al., 2025) and is
used for both activation-statistics collection and
reconstruction-based optimization. For whitening-
based methods, activation statistics are recollected
after whitening.

Baselines. We compare MCTQ against both
LLM-oriented and MLLM-oriented channel-wise
PTQ methods: SmoothQuant (Xiao et al., 2023)
and OmniQuant (Shao et al., 2024) are represen-
tative channel-wise transformation methods origi-
nally designed for LLMs (statistic-based and learn-
able, respectively), while MASQuant (Hu et al.,
2026) and MBQ (Li et al., 2025) are recent meth-
ods specifically tailored for MLLMs.

Implementation Details. Unless otherwise spec-
ified, we apply partial diagonal whitening with
αattn = 0.3 and αmlp = 0.3, followed by 30 recon-
struction epochs for transformation learning. We
set the learning rates to 5 × 10−4 for the shared
transformation and 1 × 10−3 for the clipping pa-
rameters.

Evaluation Benchmarks. We evaluate on six
vision-language benchmarks: OCRBench (Liu
et al., 2024), SEEDBench (Li et al., 2024),
MMMU (Yue et al., 2024), VizWiz (Gurari
et al., 2018), ScienceQA (Lu et al., 2022), and
TextVQA (Singh et al., 2019). We report task accu-
racy and the arithmetic mean across all tasks.

5.2 Main Results
Table 1 reports W8A8 results on Qwen2.5-VL-
7B and W4A8/W4A6 results on both Qwen2.5-
VL-7B and Qwen2.5-VL-32B (Bai et al., 2025).
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We further evaluate MCTQ on LLaVA-OneVision-
1.5-8B (An et al., 2025), which adopts a different
vision-language architecture, and provide the full
results in Appendix A.

On Qwen2.5-VL-7B at W8A8, all methods re-
main close to the FP16 baseline, indicating that this
setting is relatively mild for existing PTQ meth-
ods. MCTQ achieves an average accuracy of 68.71,
maintaining performance comparable to the full-
precision model. As the precision decreases, the
advantage of MCTQ becomes more evident. Under
the primary W4A6 setting, MCTQ achieves 66.26
average accuracy on Qwen2.5-VL-7B, outperform-
ing OmniQuant by 1.30 points and SmoothQuant
by 6.36 points. On Qwen2.5-VL-32B, MCTQ
reaches 66.51 under W4A6, surpassing OmniQuant
and MASQuant by more than two points. A simi-
lar trend is observed under W4A8, where MCTQ
consistently obtains the best average performance
across both Qwen2.5-VL models.

5.3 Analysis of Modality Gradient Conflict

To verify whether multimodal PTQ suffers from
optimization conflict on the shared transformation,
we analyze modality-specific gradients before ap-
plying coordinated optimization. We decompose
the reconstruction objective into text- and vision-
conditioned losses, compute their gradients with
respect to the same shared transformation parame-
ters, and record the cosine similarity and norm ratio
between the two gradients for each sampled update.
The cosine similarity measures directional com-
patibility, while the norm ratio reflects modality-
dependent dominance.

Figure 3 shows that many samples either fall into
the negative-cosine region or exhibit large gradient-
norm ratios. This indicates that modality conflict
is not limited to opposing gradient directions; it
also appears as severe imbalance where one modal-
ity dominates the shared update. Representative
layer-wise histograms in Figure 4 further confirm
that such patterns occur across different layers and
transformation types. These results provide direct
evidence that a unified mixed objective can obscure
incompatible or biased modality updates, motivat-
ing MCTQ to preserve and coordinate modality-
specific gradients before updating the shared trans-
formation. Additional visualizations are provided
in Appendix C.
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5.4 Gradient-Scale Intervention

To test whether gradient-magnitude imbalance is an
actionable optimization factor rather than merely a
correlational observation, we directly rescale only
the text-side transformation gradient as g̃t = αtgt
during shared-transformation learning on Qwen2.5-
VL-7B under W4A6, while keeping the vision gra-
dient and all other settings fixed. Table 2 reports the
resulting median text-to-vision gradient-norm ratio
and downstream performance. The most balanced
setting, αt = 0.5, yields the best average accuracy,
whereas shifting the ratio toward either modality
reduces performance. This controlled intervention
supports gradient imbalance as an important and
actionable bottleneck, while not implying that it is
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Model Bitwidth Method SEED VizWiz ScienceQA TextVQA MMMU OCRBench Avg. (↑)

Qwen2.5-VL-7B

FP16 – 74.36 42.65 88.59 82.58 50.89 68.90 68.00

W8A8

SmoothQuant 74.30 42.87 88.45 82.44 50.44 69.00 67.92
OmniQuant 74.33 44.12 88.80 85.44 50.67 69.00 68.72
MASQuant 74.29 42.86 88.33 85.49 50.00 68.70 68.28
MBQ 74.44 42.83 88.54 82.50 50.89 69.20 68.07
MCTQ 74.47 43.84 88.59 85.38 50.89 69.10 68.71

W4A8

SmoothQuant 72.08 39.05 81.33 76.24 41.78 62.30 62.13
OmniQuant 73.74 40.91 86.11 83.57 46.78 67.10 66.37
MASQuant 73.47 39.84 86.35 83.65 46.11 68.00 66.24
MBQ 72.83 35.72 84.48 69.45 43.89 57.20 60.60
MCTQ 74.01 41.38 86.72 83.91 49.44 68.60 67.34

W4A6

SmoothQuant 69.91 38.04 78.99 74.16 38.67 59.60 59.90
OmniQuant 72.87 39.19 84.67 81.78 44.56 66.70 64.96
MASQuant 67.65 25.95 67.11 67.47 40.00 55.40 53.93
MBQ 69.57 33.22 76.56 66.03 41.89 54.30 56.93
MCTQ 73.69 41.36 85.31 82.83 46.78 67.60 66.26

Qwen2.5-VL-32B

FP16 – 74.21 41.60 92.24 77.14 58.00 66.70 68.32

W4A8

SmoothQuant 72.92 41.35 69.30 75.87 53.56 64.30 62.88
OmniQuant 73.29 41.22 88.29 78.47 55.67 64.90 66.97
MASQuant 73.49 39.87 87.88 77.40 56.22 64.10 66.49
MBQ 73.20 37.93 84.44 75.79 53.67 63.10 64.69
MCTQ 73.62 42.30 90.31 78.68 54.00 65.10 67.34

W4A6

SmoothQuant 71.31 37.58 80.15 73.10 49.89 62.90 62.49
OmniQuant 72.86 40.29 75.17 76.89 54.67 65.10 64.16
MASQuant 72.60 35.56 85.59 74.64 53.33 63.30 64.17
MBQ 68.44 32.91 66.12 72.57 49.22 60.80 58.34
MCTQ 73.02 42.71 87.79 78.15 52.89 64.50 66.51

Table 1: Main results on Qwen2.5-VL-7B under W8A8, W4A8, and W4A6, and on Qwen2.5-VL-32B under W4A8
and W4A6. The best result under each bit-width is highlighted in bold.

αt Ratio OCR MMMU SQA TVQA Avg.

0.25 0.63 65.40 45.33 85.69 82.33 69.69
0.50 0.85 67.50 47.67 85.69 82.19 70.76
1.00 1.78 66.10 48.44 85.10 82.29 70.48
2.00 3.46 66.00 45.67 84.72 82.75 69.78

Table 2: Intervention on the text-side gradient scale
under W4A6. Ratio denotes the median text-to-vision
gradient-norm ratio; values closer to one indicate better
magnitude balance.

the sole cause of quantization degradation.

5.5 Ablation Study

We conduct three ablation studies under the W4A6
setting to isolate the contribution of each MCTQ
component and to compare coordination strategies.
All experiments in this subsection use four repre-
sentative tasks (MMMU, OCRBench, ScienceQA,
and TextVQA) for efficient evaluation. Additional
ablations on reconstruction epochs and calibration
set size are provided in Appendix B.

Component ablation. Table 3 ablates the main de-
signs of MCTQ under the W4A6 setting. Starting
from the vanilla LET baseline, adding whitening-
based preconditioning improves the average accu-
racy from 67.50 to 68.93, indicating that channel-
scale rebalancing provides a better-conditioned ini-
tialization for shared transformation learning. Ap-
plying modality-decomposed reconstruction and
coordinated optimization without whitening further
improves the average accuracy to 69.39, outper-
forming LET by +1.89. This shows that explicitly
preserving and coordinating modality-specific gra-
dients is beneficial even without preconditioning.
The full MCTQ pipeline achieves the best average
accuracy of 70.63, improving over LET by +3.13,
over LET + W by +1.70, and over LET + D + C
by +1.24. These results suggest that whitening-
based preconditioning and modality-coordinated
optimization are complementary: the former im-
proves the channel-scale geometry, while the latter
reconciles text and vision gradients into a more
effective shared update.
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Variant MMMU OCR SQA TVQA Avg.

LET 43.56 62.50 83.83 80.11 67.50
LET + W 45.00 64.90 85.05 80.77 68.93
LET + D + C 45.33 66.20 84.24 81.79 69.39
LET + W + D + C 46.78 67.60 85.31 82.83 70.63

Table 3: Component ablation under the W4A6 set-
ting. W, D, and C denote whitening-based precondition-
ing, modality-decomposed reconstruction, and modality-
coordinated optimization, respectively. LET + W + D +
C corresponds to the full MCTQ pipeline.

Coordinator MMMU OCR SQA TVQA Avg.

Vanilla 45.33 67.90 85.12 82.57 70.23
Projection (PCGrad) 46.33 65.80 84.51 82.41 69.76
Ours 47.67 67.40 85.83 82.84 70.94

Table 4: Comparison of coordination strategies for Φ
under the W4A6 setting. Ours performs minimum-norm
coordination by considering both gradient direction and
magnitude.

Coordination strategy. Table 4 evaluates alter-
native designs for the coordination operator Φ.
Vanilla summation directly aggregates modality-
specific gradients without explicit conflict resolu-
tion. Projection-based reconciliation, implemented
with PCGrad (Yu et al., 2020), mainly addresses
directional conflict by removing opposing gradient
components, but does not explicitly correct magni-
tude imbalance. Its lower average performance
than vanilla summation (69.76 vs. 70.23) sug-
gests that handling directional conflict alone may
be insufficient for multimodal shared transforma-
tion learning. In contrast, our coordinator accounts
for both gradient direction and norm, achieving the
best average accuracy of 70.94 and leading on three
of four tasks.

Whitening strength. We sweep αattn and αmlp

over {0, 0.3, 0.6, 1.0} under W4A6 and report five
representative configurations in Table 5. Without
whitening, the average accuracy drops to 68.85,
while full whitening remains suboptimal at 69.39.
Partial whitening performs best, with αattn =
αmlp = 0.3 achieving the highest score on all re-
ported metrics and an average accuracy of 70.73.
Other moderate settings also remain competitive,
achieving 70.12 and 70.05. These results suggest
that partial whitening provides effective precondi-
tioning, whereas overly weak or overly aggressive
whitening is less suitable.

αattn αmlp MMMU OCR SQA TVQA Avg.

0.0 0.0 46.00 65.40 81.38 82.63 68.85
0.3 0.3 47.18 67.60 85.31 82.83 70.73
0.6 0.3 46.89 66.80 84.14 82.63 70.12
0.6 0.6 46.44 66.30 84.96 82.49 70.05
1.0 1.0 46.89 66.10 82.31 82.27 69.39

Table 5: Effect of whitening strength α under the W4A6
setting. Partial whitening with αattn = αmlp = 0.3
achieves the best overall performance.

5.6 Efficiency Analysis

We evaluate the practical deployment efficiency of
the MCTQ-quantized model by measuring prefill
latency and peak GPU memory usage on a single
NVIDIA A100-80G GPU under W4A8 quantiza-
tion. We report efficiency under W4A8 because
8-bit activation inference is more mature in cur-
rent deployment stacks, while W4A6 is used as
an aggressive accuracy-oriented setting for eval-
uating quantization robustness.1 Table 6 reports
results across two prefill lengths, 1024 and 2048 to-
kens, and two batch sizes, 1 and 4. Compared with
the FP16 baseline, W4A8 quantization achieves
1.31×–1.38× prefill speedup and 1.10×–1.60×
peak memory saving. The memory reduction is
more pronounced at batch size 1, where model
weights account for a larger fraction of peak mem-
ory. At larger batch sizes, the relative gain becomes
smaller because the KV cache and runtime activa-
tions occupy a larger share of memory and are not
quantized in our setting. Importantly, MCTQ fuses
the learned shared transformation into the quan-
tized weights, introducing no modality-specific pa-
rameters, runtime branches, or additional transfor-
mation operations. Thus, the accuracy gains of
MCTQ are obtained while preserving the deploy-
ment efficiency of standard quantized linear infer-
ence.

6 Conclusion

In this paper, we identified modality gradient
conflict as a key optimization bottleneck in
shared transformation learning for multimodal
PTQ, manifested as both directional interfer-
ence and modality-dependent gradient-magnitude
dominance. To address this issue, we pro-
posed MCTQ, a modality-coordinated PTQ frame-

1Although recent GPU architectures have started to sup-
port emerging low-precision floating-point formats such as
FP6/FP4, widely available INT6 activation kernels remain less
standardized than 4-bit, 8-bit, and FP8 inference kernels.
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Len. BS Method Time
(ms) Spd. Mem.

(GB) Save.

1024 1
FP16 148.84 1.00× 17.12 1.00×
W4A8 113.55 1.31× 10.69 1.60×

1024 4
FP16 603.54 1.00× 18.45 1.00×
W4A8 438.82 1.38× 14.03 1.32×

2048 1
FP16 299.85 1.00× 17.57 1.00×
W4A8 220.90 1.36× 11.80 1.49×

2048 4
FP16 1265.98 1.00× 20.33 1.00×
W4A8 948.59 1.33× 18.53 1.10×

Table 6: Efficiency comparison between FP16 and
W4A8 quantization.

work that combines whitening-based precondi-
tioning, modality-decomposed reconstruction, and
modality-coordinated optimization to learn a sin-
gle shared transformation for both text and vision
tokens. Experiments across multiple MLLMs, mul-
timodal benchmarks, and precision settings demon-
strate that MCTQ consistently improves quantiza-
tion quality, with the most pronounced gains under
aggressive low-bit quantization. Our results high-
light the importance of gradient-level coordination
in multimodal model compression and suggest that
optimization-aware quantization is a promising di-
rection for building efficient MLLMs.

Limitations

Although MCTQ demonstrates consistent improve-
ments for multimodal PTQ, it still has several limi-
tations.

First, our current study focuses on vision-
language MLLMs and considers two modalities:
text and vision. However, the proposed formula-
tion is not inherently restricted to two modalities:
modality-decomposed reconstruction and gradient-
level coordination can in principle be extended to
additional modalities such as speech or audio. Nev-
ertheless, omni-modal models may introduce more
complex modality interactions, heterogeneous to-
ken structures, and higher-order gradient conflicts
beyond pairwise text-vision coordination. Extend-
ing MCTQ to omni-modal quantization is therefore
an important direction for future work.

Second, although MCTQ shows improvements
under W4A4 quantization, there remains a con-
siderable gap between W4A4 performance and
the full-precision baseline. This suggests that ex-
tremely low-bit weight-activation quantization for

MLLMs is still far from solved. In particular, when
both weights and activations are compressed to 4
bits, quantization noise, modality-specific activa-
tion outliers, and cross-modal optimization conflict
become substantially more severe. Future work
may explore stronger transformation parameteriza-
tions, more fine-grained modality coordination, or
joint treatment of activation clipping and transfor-
mation learning to further improve robustness in
this aggressive regime.
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A Additional Results

This section provides additional empirical results
that complement the main paper.

Table 7 reports cross-architecture results on
LLaVA-OneVision-1.5-8B, which differs from
Qwen2.5-VL in model architecture and vision-
language integration. MCTQ obtains the best aver-
age performance under both W4A8 and W4A6 set-
tings, improving over the strongest baseline from
66.15 to 66.55 and from 63.14 to 64.60, respec-
tively. Although the gains are more moderate than
those observed on Qwen2.5-VL, the consistent im-
provements indicate that MCTQ is not limited to a
specific model family and can generalize to differ-
ent MLLM architectures.

Table 8 presents an extreme W4A4 stress test
on Qwen2.5-VL-7B. Under this highly aggressive
setting, existing PTQ baselines largely collapse,
with average accuracy dropping to very low lev-
els across multimodal benchmarks. In contrast,
MCTQ substantially alleviates this degradation and
retains non-trivial performance, improving the av-
erage accuracy from the best baseline score of 6.30
to 19.40. This result suggests that coordinating
modality-specific gradients is especially beneficial
when quantization noise becomes severe. Never-
theless, a large gap to the FP16 baseline remains,
indicating that fully practical W4A4 quantization
for MLLMs is still an open challenge. We there-
fore view W4A4 as a stress-test regime rather than
a fully deployment-ready setting, and leave more
robust extreme low-bit multimodal quantization to
future work.

B Training Dynamics and Calibration
Robustness

Table 9 reports MCTQ performance under varying
reconstruction epochs under the W4A6 setting on
Qwen2.5-VL-7B. The performance improves con-
sistently as the number of reconstruction epochs
increases from 5 to 30, indicating that sufficient
transformation learning is important for effective
modality-coordinated optimization. The best av-
erage accuracy is achieved at 30 epochs, while
further increasing the number of epochs to 50 leads
to performance degradation, suggesting mild over-
fitting to the calibration set. Therefore, we use 30
reconstruction epochs as the default setting, which
provides the best accuracy while avoiding unneces-
sary calibration overfitting.

Table 10 evaluates MCTQ with different calibra-
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Model Bitwidth Method SEED VizWiz ScienceQA TextVQA MMMU OCRBench Avg. (↑)

LLaVA-OneVision-1.5-8B

FP16 – 72.47 39.81 94.81 79.02 57.00 65.50 68.10

W4A8

SmoothQuant 69.20 25.15 87.62 63.12 51.22 58.30 59.10
OmniQuant 71.25 35.53 93.40 75.60 55.44 65.70 66.15
MASQuant 70.12 31.18 85.38 70.68 58.78 62.50 63.11
MBQ 69.46 32.90 91.77 69.53 49.78 59.90 62.22
MCTQ 69.97 37.92 93.26 77.07 56.78 64.30 66.55

W4A6

SmoothQuant 66.80 21.32 84.30 54.31 45.56 54.80 54.52
OmniQuant 69.21 33.53 88.32 73.34 53.31 61.10 63.14
MASQuant 68.42 27.54 77.39 67.32 55.78 60.80 59.54
MBQ 66.22 29.14 83.57 63.67 45.67 55.10 57.23
MCTQ 70.08 35.09 90.26 74.29 54.89 63.00 64.60

Table 7: Quantization results on LLaVA-OneVision-1.5-8B (An et al., 2025) under W4A8 and W4A6 settings. The
best result under each bit-width is highlighted in bold.

Model Bitwidth Method SEED VizWiz ScienceQA TextVQA MMMU OCRBench Average (↑)

Qwen2.5-VL-7B

FP16 – 74.36 42.65 88.59 82.58 50.89 68.90 68.00

W4A4

SmoothQuant 3.61 0.00 4.83 0.05 17.44 0.40 4.39
OmniQuant 8.79 0.10 1.70 0.11 25.00 2.10 6.30
MASQuant 1.90 0.00 1.65 0.01 10.33 0.00 2.32
MBQ 4.68 0.00 0.57 0.02 26.56 0.10 5.32
MCTQ 25.02 4.88 21.67 13.03 33.67 18.10 19.40

Table 8: Extreme W4A4 quantization stress test on Qwen2.5-VL-7B (Bai et al., 2025). Most existing PTQ baselines
nearly collapse under W4A4, while MCTQ retains non-trivial performance and substantially improves the average
accuracy.

Epochs OCR MMMU SQA TVQA Avg.

5 66.30 44.56 84.44 82.05 69.34
10 66.40 44.89 84.39 82.51 69.55
20 67.30 46.78 85.17 82.87 70.53
30 67.30 47.22 85.38 83.02 70.73
50 64.70 45.78 85.19 81.92 69.40

Table 9: Effect of reconstruction epochs on MCTQ
under the W4A6 setting.

tion set sizes. Performance remains stable across a
wide range (16–512 samples), with the mean vary-
ing within 0.9 points. Notably, even 16 calibration
samples (69.97) perform comparably to 512 sam-
ples (70.21), indicating that MCTQ does not rely
on a large calibration set and that coordination ef-
fectively exploits the available multimodal signal.

C Additional layer-level conflict
visualizations.

Figure 5 gives a compact layer-aggregated view of
multimodal conflict. Some layers show stronger
directional incompatibility, while others are domi-
nated by large gradient-magnitude imbalance, in-
dicating that the conflict is structured rather than
random.

Samples OCR MMMU SQA TVQA Avg.

16 66.40 46.11 84.72 82.65 69.97
32 65.50 45.67 83.92 82.17 69.31
64 66.20 44.89 84.89 82.35 69.58
128 66.10 46.67 84.91 82.43 70.03
256 66.20 45.00 85.62 82.65 69.87
512 65.60 47.44 85.64 82.17 70.21

Table 10: Effect of calibration set size on MCTQ under
the W4A6 setting. All experiments use 30 reconstruc-
tion epochs.

Figure 6 further shows the top-12 layers ranked
by the aggregated conflict score. These examples
complement the representative plots in the main
text by showing that the reported conflict patterns
are part of a broader layer-level structure.
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Figure 5: Layer-aggregated modality-gradient conflict statistics. The top panel shows the negative-alignment rate of
text and vision gradients for each layer, and the bottom panel shows the corresponding mean gradient norm ratio.
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of modality gradients within one layer and reports the corresponding conflict statistics.
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D Theoretical Justification of Modality-Coordinated Optimization

Setup. We provide a local first-order justification
for the modality-coordinated optimization used in
MCTQ. Let θ = vec(S) denote the vectorized
shared transformation parameters. For modality
m ∈ {t, v}, where t and v denote text and vi-
sion, respectively, let Lm(θ) denote the modality-
specific reconstruction loss defined in Eq. (7), and
let gm = ∇θLm(θ) be its gradient with respect
to the shared transformation. The vectorization is
only for notational convenience; the Euclidean in-
ner product between vectorized gradients is equiv-
alent to the Frobenius inner product between the
corresponding matrix gradients.

Given the two modality gradients gt and gv, we
consider their convex hull:

C = conv(gt,gv) = {wgt + (1− w)gv |w ∈ [0, 1]} .
(16)

MCTQ selects the coordinated gradient as the
minimum-norm element in this convex hull:

gcoord = argmin
g∈C
∥g∥22. (17)

Equivalently,

gcoord = w⋆gt + (1− w⋆)gv, (18)

where w⋆ ∈ [0, 1] is obtained by solving the one-
dimensional quadratic problem in Eq. (12). The
following results show that this choice yields a
principled shared update direction for multimodal
transformation learning. Since quantization-aware
reconstruction is optimized with straight-through
gradient estimation in practice, the following anal-
ysis concerns the local first-order behavior of the
surrogate reconstruction objectives with respect
to the learnable transformation parameters. The
results do not claim global optimality or direct
downstream accuracy guarantees; rather, they jus-
tify why the coordinated direction is preferable to
a fixed scalarization when modality gradients con-
flict.

Lemma 1. Closed-form coordination weight.
For two modality gradients gt and gv, the solution
of

min
w∈[0,1]

∥wgt + (1− w)gv∥22 (19)

is given by

w⋆ = Π[0,1]

(∥gv∥22 − ⟨gt,gv⟩
∥gt − gv∥22

)
, (20)

where Π[0,1](·) denotes clipping to the interval
[0, 1]. Accordingly, the coordinated gradient is

gcoord = w⋆gt + (1− w⋆)gv. (21)

Proof. Let

f(w) = ∥wgt + (1− w)gv∥22 . (22)

This objective can be rewritten as

f(w) = ∥gv + w(gt − gv)∥22 . (23)

Expanding the quadratic form gives

f(w) = ∥gv∥22+2w⟨gv,gt−gv⟩+w2∥gt−gv∥22.
(24)

Taking the derivative with respect to w, we obtain

f ′(w) = 2⟨gv,gt − gv⟩+ 2w∥gt − gv∥22. (25)

Setting f ′(w) = 0 yields the unconstrained mini-
mizer

w0 =
−⟨gv,gt − gv⟩
∥gt − gv∥22

=
∥gv∥22 − ⟨gt,gv⟩
∥gt − gv∥22

.

(26)
Since Eq. (19) constrains w ∈ [0, 1], the con-
strained optimum is obtained by projecting the un-
constrained minimizer onto [0, 1]:

w⋆ = Π[0,1](w0). (27)

This proves Eq. (20). When gt = gv, the denom-
inator becomes zero and the objective is constant
for all w ∈ [0, 1]; in this degenerate case, we set
w⋆ = 1/2 in practice.

Proposition 1. Common descent property. Let

gcoord = argmin
g∈C
∥g∥22, C = conv(gt,gv).

(28)
If gcoord ̸= 0, then −gcoord is a common de-
scent direction for both modality-specific objec-
tives. Specifically, for m ∈ {t, v}, we have

⟨gm,−gcoord⟩ ≤ −∥gcoord∥22 < 0. (29)

Proof. Since gcoord is the minimum-norm element
in the closed convex set C, it is the Euclidean pro-
jection of the origin onto C. By the first-order
optimality condition of Euclidean projection, for
any g ∈ C,

⟨g − gcoord,gcoord − 0⟩ ≥ 0. (30)
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Equivalently,

⟨g,gcoord⟩ ≥ ∥gcoord∥22 , ∀g ∈ C. (31)

Because both modality gradients gt and gv belong
to C, taking g = gm gives

⟨gm,gcoord⟩ ≥ ∥gcoord∥22 , m ∈ {t, v}.
(32)

Multiplying both sides by −1, we obtain

⟨gm,−gcoord⟩ ≤ −∥gcoord∥22 . (33)

If gcoord ̸= 0, the right-hand side is strictly nega-
tive. Therefore, −gcoord is a descent direction for
both Lt and Lv in the first-order sense.

This proposition shows that the coordinated gra-
dient is not merely a smaller update. Instead, when
it is nonzero, it defines a shared direction that is
locally compatible with both modality-specific re-
construction objectives. Thus, the update avoids
the first-order failure case in which optimizing the
shared transformation for one modality directly in-
creases the reconstruction loss of the other. When
gcoord = 0, the origin lies in the convex hull of the
modality gradients, indicating a Pareto-stationary
point for the two local objectives.

Corollary 1. Loss decrease under smoothness.
Assume that each modality-specific reconstruction
loss Lm, m ∈ {t, v}, is βm-smooth with respect to
θ = vec(S). Let

θ+ = θ − ηgcoord, (34)

where gcoord ̸= 0 is the coordinated gradient de-
fined in Eq. (17). If 0 < η < 2/maxm βm, then
for each modality m ∈ {t, v},

Lm(θ+) ≤ Lm(θ)− η

(
1− βmη

2

)
∥gcoord∥22.

(35)
Therefore, the coordinated update decreases both
modality-specific reconstruction losses under a suf-
ficiently small step size.

Proof. By the βm-smoothness of Lm, we have

Lm(θ − ηgcoord) ≤ Lm(θ)− η ⟨gm,gcoord⟩

+
βmη2

2
∥gcoord∥22.

(36)
From Proposition 1, the coordinated gradient satis-
fies

⟨gm,gcoord⟩ ≥ ∥gcoord∥22, m ∈ {t, v}. (37)

Substituting this inequality into the smoothness
bound gives

Lm(θ − ηgcoord) ≤ Lm(θ)− η∥gcoord∥22

+
βmη2

2
∥gcoord∥22.

(38)

Rearranging terms yields

Lm(θ+) ≤ Lm(θ)− η

(
1− βmη

2

)
∥gcoord∥22.

(39)
When 0 < η < 2/maxm βm, the coefficient 1 −
βmη/2 is positive for both modalities. Thus, the
update decreases both Lt and Lv.

Interpretation. The above results clarify why
the minimum-norm coordination is suitable
for modality-coordinated transformation learning.
First, Proposition 1 shows that when gcoord ̸= 0,
the update direction −gcoord is a common descent
direction for both modality-specific reconstruction
losses. Therefore, unlike a fixed mixed update, the
coordinated update avoids the first-order failure
case where reducing the reconstruction error of one
modality directly increases that of the other.

Second, the closed-form solution in Lemma 1
shows that the coordination weight depends on both
the gradient norms and their inner product. Thus,
the update is not determined by token composition
or fixed loss weights, but adapts to the geometry of
the modality gradients. For example, when gt ⊥
gv, the optimal weight becomes

w⋆ =
∥gv∥22

∥gt∥22 + ∥gv∥22
, (40)

so the modality with a larger gradient norm receives
a smaller coefficient. This behavior helps mitigate
modality-dependent gradient dominance, although
it should be interpreted as an adaptive balancing
effect rather than a complete theoretical resolution
of all magnitude-imbalance phenomena.

Finally, we emphasize that this guarantee is local
and first-order. It does not imply global optimality,
nor does it by itself guarantee downstream task ac-
curacy improvement. Rather, it justifies MCTQ’s
optimization principle: once modality-specific gra-
dients are exposed, coordinating them in gradi-
ent space provides a principled shared update that
simultaneously addresses directional conflict and
adaptively mitigates gradient dominance.
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Example 1. Workstation Scene (COCO 1503)

Question: Please provide a detailed description of this image.

FP16 Response: The image depicts a well-organized computer workstation setup on a white desk.
The centerpiece is an iMac G5 desktop computer with its distinctive rounded design and silver base,
displaying a webpage on its screen. To the left of the iMac sits a silver MacBook laptop, partially
open, suggesting recent use. A small external hard drive is positioned between the two devices,
indicating data transfer or backup activities. In front of the iMac, a white Apple keyboard and a
matching Apple Magic Mouse rest on the desk, ready for use. Two small, round, silver speakers
flank the keyboard, enhancing the audio experience. The desk is situated near a window with
partially closed blinds, allowing natural light to filter into the room. A floor lamp stands in the
background, providing additional lighting. The overall setting suggests a clean, modern workspace,
likely used for work or personal computing tasks.

MCTQ (W4A6) Response: The image showcases a well-organized computer workstation on a
white desk. The central focus is an iMac G4 desktop computer with a distinctive round base and
a screen displaying what appears to be a web page or software interface. To the left of the iMac,
there is a silver Apple iBook G4 laptop, suggesting a dual-computer setup for work or multitasking.
Below the iBook, a small external hard drive is placed, likely used for data storage or backup
purposes. To the right of the iMac, a printer or scanner is visible, indicating a home office or
personal workspace setup. The desk also features two small, circular speakers, one on each side of
the iMac, which suggest that the user might have enjoyed listening to music or other audio while
working. The background includes a window with blinds partially open, allowing natural light to
enter the room. A floor lamp stands in the corner, providing additional lighting when needed.

MBQ (W4A6) Response: The image depicts a well-organized workspace featuring multiple Apple-
branded devices arranged neatly on a desk beneath a window with horizontal blinds. Prominently
positioned is an iMac G5 desktop computer displaying its interface screen atop sleek silver speakers
symmetrically placed flanking it. Adjacent to this setup sits an open silver MacBook Pro laptop
oriented horizontally across its docking station. Beneath these electronics rests a compact external
hard drive, suggesting functionality for expanded storage capabilities. Completing the peripherals
arrayed before us are two circular white Apple products, possibly small accessories, resting on the
desk surface. A centrally placed Apple keyboard and mouse further reinforce the tidy workstation
layout.
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Example 2. Outdoor Dog Scene (COCO 366611)

Question: Please provide a detailed description of this image.

FP16 Response: The image shows a brindle and white dog lying on a patch of grass, actively
chewing on a red and white soccer ball. The dog appears to be engaged in play, with its mouth
gripping the ball firmly. The grassy area is uneven, with some patches of bare soil visible, suggesting
recent digging or play activity. To the right of the dog, there is a gravel path that runs parallel to the
grassy area, indicating a boundary between the lawn and another section of the yard. The lighting
suggests it is daytime, with sunlight casting shadows across the scene, enhancing the textures of the
grass and gravel. The overall setting seems to be a backyard or a similar outdoor space where the
dog is enjoying some free time.

MCTQ (W4A6) Response: The image shows a brindle and white dog lying on a patch of grass,
playfully interacting with a red and white soccer ball. The dog appears to be biting or nuzzling
the ball, suggesting it is engaged in play. The grassy area where the dog and ball are situated is
bordered by a gravel path on one side, which seems to lead into a more open, sunlit area. The
lighting suggests it is daytime, likely late afternoon given the long shadows cast. The overall setting
appears to be a backyard or a similar outdoor space, possibly used for pets to play and explore. The
dog’s posture and the relaxed environment suggest a casual, leisurely moment captured during a
warm day.

MBQ (W4A6) Response: The provided image captures a tranquil outdoor scene featuring a
brindle-coated dog lying on its side on a patch of unevenly trimmed grass. Adjacent to it is a reddish-
brown soccer ball positioned centrally between the dog’s front paws. The spatial arrangement
places the majority of the frame within a naturalized yard bordered by patches of bare soil and
gravel toward the upper-right quadrant. Sunlight filters down from above, casting distinct shadows
across the grassy expanse beneath the dog. The ground is punctuated by small yellow-green patches,
suggesting a slightly worn outdoor play area.
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Example 3. Multi-Person Indoor Scene (COCO 9400)

Question: Please provide a detailed description of this image.

FP16 Response: The image depicts a group of people gathered around a table in what appears
to be a casual, possibly informal setting, such as a cafe or a community center. The individuals
are focused on their laptops, suggesting they might be working, studying, or participating in an
online activity together. The table is cluttered with various items including laptops, cups, and
condiments like ketchup, indicating a relaxed and collaborative atmosphere. The background
features a checkered wall and some hanging lights, adding to the cozy ambiance. The participants
appear engaged and concentrated, with one person leaning forward intently, while others look at
their screens or converse softly. The overall scene conveys a sense of shared purpose and interaction
among the group.

MCTQ (W4A6) Response: The image depicts a group of people gathered around a table in
what appears to be a casual, possibly restaurant-like setting with a checkered wall and a bar area
in the background. The focus is on several individuals who are intently working on their laptops,
suggesting a collaborative or competitive environment. The laptops vary in brand and model, with
one prominently displaying an Apple logo. The table is cluttered with various items including
cups, bottles (likely containing beverages), and other personal belongings, indicating a relaxed yet
focused atmosphere. The lighting is dim, typical of an evening setting, which adds to the ambiance
of a late-night work session or gathering. The individuals seem engaged, with some leaning forward
towards their screens, while others appear to be in conversation or contemplation. The overall scene
suggests a blend of work and social interaction in a relaxed environment.

MBQ (W4A6) Response: The setting appears to be a dimly lit cafe or restaurant-like environment
where individuals are deeply engrossed in their laptops. Multiple Apple iMacs dominate the
foreground, suggesting that this could be either a tech meet-up or informal coding session among
enthusiasts.
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