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Background & Motivation
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« The Rise of Vision-Language Models (VLMs)

« Multimodal Prowess: VLMs bridge visual perception and linguistic reasoning, enabling tasks like
Visual Question Answering (VQA) and Scene Understanding.

« Embodied Al: Serving as the core for Vision-Language-Action (VLA) robotic systems.
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Vision-to-Language
Generative Learning

i Image
# Encoder

that goes along this photo.

¥ ¥
Love is like a sunset, it’s
EN-EE| Text hard to see it coming but
Queries when it does it’s so beautiful.

Bootstrapping Pre-trained
Image Models

Bootstrapping Pre-trained
Large Language Models (LLMs)

|

I

|

|

|

|

I

|

I

|

|

I

- |

—> & .

Write a romantic message |
I

I

|

|

|

|

|

|

|

|

|

I

I

|

I

ETH-irich ORI RO ST REIBERA 12.03.2026 n 2



Background & Motivation

* The Deployment Bottleneck

« Typically require billions of
parameters.

« Consume massive memory and
compute resources.

« Extremely challenging to deploy
on resource-constrained or
edge devices.

el SRS ALMA MATER STUDIORUM
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Challenges of VLM Quantization

Avg Abs Grad of Avg Abs Grad of

* POSt'Training Quantization (PTQ) 3584 Vision: 1.7e-8 Language: 2.1e-7 1e6 le-6

- PTQ reduces model precision after I e |
training by quantizing weights and 2688 =
activations using small calibration data. ) F I |

« Often leads to significant accuracy % 1760 : £l I oo | loo
degradation in VLMs due to complex 5 - |:
cross-modal interactions and N e os Bos
heterogeneous feature distributions. N 'rl- B |

0 200 400 600 Isé:o .. %00 l-m .
Token Index

The gradients of loss function with resepct to the token
featuresin LLaVA-1.5 7B VLM
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Challenges of VLM Quantization

« QAT (Quantization-Aware wegh - H Quantied Welght
Training) 11 | 22 ﬁ> — |fl> 1| 2 ﬁ> { e J
« QAT simulates low-precision i f o 2]
quantization errors during the ﬁ @
training phase, allowing the model -
to adapt to and compensate for 01 | 01 01 | 01
information loss. a0 <:| I <::| e <] [ e J
« Spends huge resources merely to Sradient dL/ar Sradient dL/dQ
recover the original accuracy,
bounded by the full-precision QAT pipeline
baseline.

Is it possible to design a quantization framework that enables a low-bit (INT4) VLM to actually
surpass its full-precision baseline?

ETHzirich ¢ ORI RO ST REIBENA 12.03.2026 ﬂ 5
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Proposed Framework

Gated Relational Alignment via Confidence-based Distillation for Efficient VLMs.

Core Philosophy: Unifying Knowledge Distillation and QAT under the Information
Bottleneck principle.

« Quantization limits the student's information capacity.

« Distillation serves as a proxy to guide what task-relevant information to preserve within this strict
budget.

TEACHER MODEL

KNOWLEDGE
DISTILLATION
PROXY

s g“é !
- : o>
B @%; /
ss2eo2ll”” INT4 QUANTIZATION

CAPACITY LIMIT STUDENT
MODEL

* NOISE

TASK-RELEVANT
INFORMATION
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Proposed Framework

Gated Relational Alignment via Confidence-based Distillation for Efficient VLMs.

Adaptive Groupwise

Capacity Quantization
Controller Aware
Training
Confidence- Relational-
gated centered
decoupled kernel
distillation alignment
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Confidence-Gated Decoupled Distillation

ot Uncertainty: H(P;) = — Z Py (v) log Pr(v)
- LLM
g £ 5 Vieuna _ Low Entropy / High Confidence High Entropy / Low Confidence
E g 13B Um... Could be anything! They all
What animal is appear equally probable to me.
depicted in this > PT

image?

What animal is
depicted in this
image?

Understanding Entropy and Uncertainty % L? A

|_ Entropy: A metric for measuring the dispersion of a distribution. :
Q Low Dispersion — Low Entropy - High Confidence (A Clear Winner!) @ High Dispersion - High Entropy - Low Confi dence (Confusnon')

T
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Confidence-Gated Decoupled Distillation

(a) Entropy vs. Error Rate Teacher is Unsure Student Learns Confusion
100[- 7= 0.484 e s e (High Entropy) (High Error Rate)
- | | My predictions
30+ failed! Doraemon'’s 1D =
noise capsed all 75
S these mistakes... /
< 60F
s
2%
s 49 9@ > | AN SN RV Hnm. T | | R P
&
8
20 >
. right, too...
@ —— Linear fit (R2=0.901) ouse S my capacity |
ok > ——— | | : on noise!
0.0 0.2 04 0.6 0.8 1.0 1.2 1.4
Teacher Entropy H(p)

Correlation between teacher entropy and error rate
Teacher entropy exhibits a strong correlation with prediction errors.

Teachers can produce uncertain or noisy predictions, forcing the low-capacity student to learn

irrelevant noise. /-
ETHzlUrich = twaessnisisi 13.03.2076 9



Confidence-Gated Decoupled Distillation £
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WITHOUT GATE (Uncontrolled Teaching) WITH CONFIDENCE GATE (Smart Filtering)

%’E Hmm... maybe A? Wait! Goggle is
maybe B? checking...
= This token is hard! )2 / High Entropy means
I'll just teach it all! ) low confidence!

— Student Flooded y Filteir%d
= with Noise & nsc'::\cle :mge
« Limited |(1)a|pac:ity @
Overwhelme =
®—>Lpk Lepkp
B

Unweightned
Distillation

Target
[ N/ - Unweighted Only sure
Non-target 5 <./ Distillation Loss tokens pass!
and The student only learns from the tokens that the

teacher is sure about.
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Adaptive Controller for Capacity Balancing

kMR Adaptive Controller Since our student has a capacity limit, we
2 PEPROKY cannot just force-feed it knowledge all the
prdei it .1 Q time.
.s ' ﬁim STUDENT

« NOISE SRR

TASK-RELEVANT
INFORMATION

The adaptive controller continuously monitors
the distillation loss against a predefined
tolerance threshold t.

i If Lopkp < T: decrease W
Monitor Lgpkp < This automatically balances the knowledge

If Lopkp > T: increase p /" transfer without overwhelming the student.

NN

Dynamically adjusts distillation weight 8
Final distillation loss is B* L¢pkp-

)
ETH:zurich ORI AT ST BB ER 12.03.2026 ‘ 11



Relational-Centered Kernel Alignment

While logit-based distillation transfers output predictions, larger teacher models may possess
superior visual reasoning capabilities not captured at the output level.

*
+ [ ] L[] [ ] [
= What object is being used as the telephone receiver?
v v v v
- - - -
. o
L5/40 (very early) L.10/40 (early) L20/40 (middle) L.30/40 (l1ate) L.40/40 (final)
L.4/32 (very early) L.8/32 (early) L.16/32 (middle) L.24/32 (late) L.32/32 (final)

Multi-layer attention visualization of LLaVA-1.5 13B (top) and 7B (bottom).

ETHzlrich = swassiision 12.03.2026 “ 12



Relational-Centered Kernel Alignment Q%

Similarity Map (token 0)
]

1.0

How to transfer this
relational knowledge to
04 the student?

0.0

Patch X

Visualization of pairwise visual token similarity from LLaVA-1.5 13B.

The teacher model does not just process isolated patches; it inherently
captures semantic relationships and geometric structures.

T
ETH:zurich @ tiasssisss 12.03.2026 ‘ 13



Relational-Centered Kernel Alignment

o

Teacher Visual Student Visual
Token Vy Token Vg

Compute Gram
matrices
& Center the kernels

Lrcka: Compute
CKA similarity
between K and K¢

ETHZiUrich 0 uaarsesmysiss
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Instead of aligning individual visual tokens, we construct Gram
matrices to capture the internal geometric structure between
tokens.

@ Visual token features from the Teacher V; € RNXPT and
the Student Vg € RN*Ps

The heatmap is just
one row of this global
structure!

@ Constructing the Gram Matrices
Ky =V;V) € RN Ko = Vv € RVN

Tr(k7ks) T
® Lo =1— %) | — Similarit
RCKA KPR Similarity

Force the student to learn how objects related to

each other. o
12.03.2026 p 14



Groupwise Quantization Aware Training

3. Quantization-aware Traning
3.1 Weight Grouping Liotar = Lee + B * Lepkp + @ * Lrcka

W r: . :1q- El‘ﬂll]]“ El‘ﬂll]]j_ EEEHPZ .

» Group Size: 128

3.2 Quantization Process

[ - s, j s ]xsf 5 » Each group maintains its own
W, > Round Clamp i
- : K independent scaling factor s; to

effectively isolate weight outliers.

3.3 Training Update
Loss Lotal » Both the weights and the scaling factors
are fully learnable, which are jointly
ey o o sy, o optimized at every step to minimize the
w 9s total loss L; ;a1

(P
Both W and s are updated jointly every step.

T
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Experimental Setup

Knowledge
Transfer

Teacher Model
(LLaVA-1.5-13B)

—®

Student Model
(LLaVA-1.5-7B)
1 J

Knowledge
Distillation

Qwen2-VL FAMILY

! Knowledge
Transfer

Teacher Model
(Qwen2-VL-7B)
.

—®

Student Model
(Qwen2-VL-2B)
1 =y

ETHzurich =

INT4
QUANTIZATION
Extreme compression
I * )
QUANTIZATION SPECS ==
» Symmetric Group-wise (W-only) 2 B 7
« Group Size 128 e =
» Applied to LLM Backbone Linear Layers 128

/-
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Experimental Setup

Training Dataset:

*Dataset Used: ShareGPT4V dataset

*Purpose: 1.2M high-quality image-text pairs generated by GPT-4V
Hardware & Computational Cost:

*GPU Infrastructure:Trained on 8 NVIDIA H100 GPUs

*Training Time:12 hours of training for LLaVA-1.5 and 8 hours for Qwen2-VL

ShareGPT4V Data Collection

DtIGNATAP B Cators G ke Bornes We e e Tt oS
OF Paruameny’ sk Ao MIAGES 7 Biow uP THGUMHENT i
BRDER ]

Nature

e X
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Experimental Results

Bitwidth Method MMB MMStar MMMU Hallusion AI2ZD OCR SEED SQA | Avg.

BF16 Qwen2-VL-7B (Teacher) 80.7 60.7 54.1 50.6 83.0 84.5 76.9 83.3 71.7

BF16 Qwen2-VL-2B (Baseline)  72.6 50.4 45.4 42.9 73.1 81.0 72.7 73.7 64.0

BF16 GRACE (Ours) 77.9 55.5 52.0 48.3 80.0 83.1 75.7 81.0 ‘ 69.2 15.2%
8-bit GRACE (Ours) 77.4 55.2 51.8 47.9 79.7 82.9 75.5 80.8 | 68.9 14.9%
4-bit RTN 70.98 45.07 37.22 42.74 71.15 78.8 7245  70.67 | 61.1 13.9%
4-bit GPTQ 1crr23 70.51 46.33 36.22 39.62 70.53 79.5 72.62  72.10 | 60.9 13.1%
4-bit AWQ [MLsys24] 68.89 44.80 37.33 39.55 70.08 78.9 71.83  72.15 | 60.4 13.6%
4-bit MBQ [cvPRr 2] 70.55 44.53 38.22 39.89 70.21 80.9 71.86  71.72 | 61.0 13.0%
4-bit SPEED-Q [arxivi2s)] 69.85 50.87 42.0 41.71 70.92 76.5 74.40  72.01 | 62.3 11.7%
4-bit GRACE (Ours) 76.9 54.3 51.1 46.5 78.6 81.4 75.6 79.1 | 68.0 t4.0%

Comparison with quantization methods on Qwen2-VL-2B. Best results among 4-bit
models are bolded, second best are underlined.
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Hardware Efficiency

@ 0 a shang@x4: ~[tinychat

(tinychat2) shang@x4: $ ./run_nvila_8b.sh media/car_repair.png
[2024-12-12 11:24:25,903] [INFO] [real_accelerator.py:219:get_accelerator] Setti
ng ds_accelerator to cuda (auto detect)

You are attempting to use Flash Attention 2.0 with a model not initialized on GP
U. Make sure to move the model to GPU after initializing it on CPU with “model.t
o('cuda') .

real weight quantization...(init only): 100%]
Loading checkpoint: 1

| 28/28 [00:00<00:00, 35.04it/s]
| 1/1 [00:03<00:00, 3.88s/it]

e ® @ shang@x4: ~Jtinychat

(tinychat2) shang@x4: $ ./run_nvila_8b.sh media/windmill_people.png
[2024-12-12 11:06:16,901] [INFO] [real_accelerator.py:219:get_accelerator] Setti
ng ds_accelerator to cuda (auto detect)

You are attempting to use Flash Attention 2.0 with a model not initialized on GP
U. Make sure to move the model to GPU after initializing it on CPU with "model.t
o('cuda') .

real weight quantization...(init only): 100%I
Loading checkpoint: 1009

| 28/28 [00:00<00:00, 36.52it/s]
| 1/1 [00:03<00:00, 3.43s/it]

For INT4 inference, we employ TinyChat, which provides optimized INT4 CUDA
kernels . These kernels minimize memory bandwidth overhead and maximize

arithmetic intensity.

" ” ALMA MATER STUDIORUM
Zurlc UNIVERSITA DI BOLOGNA
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Hardware Efficiency

(a) FP16 vs INT4 Performance Comparison (b) INT4 Efficiency Gains
I FP16 Baseline [ INT4 (Ours)

350 Throughput 3.03x
107
3 300 -
§ - Latency 3.03x%
= a2 250
s
S
5 200 Time
=N
© =
2B 150
==
= Memory
2 100 -
S0 Params 3.08x
Throughput  Latency Time/Run Peak Memory Param Size 0 1 2 3 4
(tok/s) (ms/tok) (s) (MB) (MB) Improvement Factor (%)

Deployment efficiency comparison between LLaVA-1.5 7B FP16 and GRACE 7B INT4
on one RTX4090 GPU.

T
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Qualitative Analysis P

? Please describe the scene in the picture in detail.

LLaVA-1.5 7B (Baseline):The image captures a nighttime cityscape with a tall
building in the center, surrounded by a city skyline. The building is lit up with a
dazzling display of fireworks, creating a spectacular view. The fireworks are
scattered throughout the scene, with some closer to the ground and others higher up
in the sky.

GRACE 7B: The image captures a breathtaking view of a city skyline at night,
bathed in the glow of a spectacular fireworks display. The fireworks, in hues of
yellow, red, and purple, are exploding in the sky, creating a mesmerizing spectacle.
The tallest building in the scene is the Taipei 101 in Taiwan

|, standing majestically in the center of the frame. The cityscape is dotted with other
buildings, their lights twinkling like stars against the night sky. The perspective of
the image is from a high vantage point, looking down upon the city, giving a
sense of scale and grandeur to the scene.

12.03.2026 u 21
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Conclusion & Future Work

v Identified the limitations of PTQ for VLMs and pioneered a unified framework.

v Successfully applied the Information Bottleneck principle to maximize task-relevant
knowledge extraction under strict quantization capacity constraints.

v' Demonstrated that 4-bit VLMs can not only match but often exceed standard FP16 baselines
on complex visual reasoning tasks.

Future Work
O Extend our framework to activation quantization.
O Explore its application to other multimodal architectures. (Video/Multi-image/MoE)

The paper is current under review. The code will be released on GitHub once the submission is
officially accepted.

https://arxiv.org/abs/2601.22709 (Arxiv link to this paper)

ETHz(rich ORI RO ST REIBERA 12.03.2026 & 22
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Confidence-Gated Decoupled Distillation

Teachers can produce uncertain or noisy predictions, forcing the low-capacity student to learn
irrelevant noise.

%‘ !®1 1. Splits the distillation loss into Target Class
L = Knowledge (TCKD) and Non-Target Class
PR Knowledge (NCKD), allowing independent
' I o TCKD | transfer.
pi I e g | .
| 2. Adaptively modulates the distillation loss
t oo . ©=>Loko Lepko based on teacher certainty, gating out
Ps - ! NCKD ; . . .
. R | B signals with high entropy.
: ! :—’: Non-target Class |
I 1 KL Loss
pgty b Target
________ Non-target

| N
1 . ~
Lcpkp = Nz gi 'Ll()?(p g; = exp(—h;)
im1

Vo ‘.‘
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INT4 Kernel P

 The main bottleneck for VLM generation is not compute, but memory
bandwidth. During decoding, the GPU spends most of its time fetching
weights rather than doing math.

* TinyChat solves this by using W4A16 quantization. Because the weights are
stored in INT4, we reduce the memory traffic by exactly 4 times. TinyChat's
optimized CUDA kernels fetch these compressed weights super fast, do an on-

the-fly dequantization back to FP16 in the registers, and then perform the
matrix multiplication.

ETHzuUrich = sewasssisisu Add date or a third information here ‘ 25
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