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Abstract. This paper presents the technical reproducibility protocol
for the research presented in “Enabling 8B Bitwise Autoregressive Image
Generation on Edge GPUs”[19]. We provide a comprehensive suite of
tools, named VAR-Compressor, designed to replicate the W4A4 weight-
activation quantization and the INT8 KV-cache compression strategy for
the Infinity Visual Autoregressive (VAR) model family. Our implemen-
tation reduces the Infinity-8B footprint by 64% (37.1GB → 13.3GB),
fitting it on the mid-range Orin NX, while retaining similar Image Re-
ward and CLIP scores to the FP16 model. This report details how to
set up the repository, quantize the model, and benchmark both the gen-
erative fidelity and the hardware efficiency results on NVIDIA Jetson
architectures. The referenced code and trained models are available at
https://github.com/Henvezz95/VAR-Compressor.

Keywords: Reproducible Research · Quantization · Edge AI · Visual
Autoregressive Models · SVDQuant.

1 Introduction

Recent advances in Visual AutoRegressive (VAR) models [6,16,17] have chal-
lenged the dominance of diffusion models in high-resolution image synthesis. By
treating visual generation as a sequence of discrete tokens across progressive
scales, models like Infinity [6] achieve exceptional visual quality. Yet, the under-
lying autoregressive mechanism introduces a prohibitive computational trade-off:
a monotonically expanding Key-Value (KV) cache. This characteristic sets up
a massive memory wall that differentiates VAR from diffusion pipelines. For
instance, synthesis of a 1024 × 1024 resolution image via an uncompressed 8B
parameter framework demands upwards of 37 GB in FP16 format, pricing these
systems out of commodity edge devices and anchoring them to data centers.

This memory barrier severely limits deployment across Edge AI domains
like robotics [4,9], semantic compression [13,15], and privacy-critical consumer
applications [5]. Consequently, executing flagship architectures on edge silicon
like the 16 GB NVIDIA Jetson Orin NX remains a major challenge.

https://github.com/Henvezz95/VAR-Compressor
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While quantization is well-established for LLMs, its application to VAR is
nascent and faces distinct hurdles. Existing methods either suffer from quality
loss at 4-bit precision [23] or rely on non-standard floating-point formats requir-
ing custom FPGA co-design [21]. Moreover, token-centric KV-cache quantization
methods like KIVI [12] fail to handle the channel-driven variance native to visual
autoregressive networks.

To address these limitations, the foundational ICPR paper [19] introduced
a specialized compression pipeline. By profiling Infinity’s 8B architecture, we
isolated massive activation outliers. We decoupled these outliers via an SVD-
Quant [11] high-precision low-rank branch to enable stable W4A4 execution,
while applying an Asymmetric Per-Channel INT8 quantization to accommo-
date the highly skewed distributions of the KV-cache. This hybrid approach
compressed the Infinity-8B footprint by 64% down to 13.3 GB, allowing native
execution on commodity edge platforms.

This report provides the reproducibility protocol and code for this pipeline
via VAR-Compressor, a specialized fork of the deepcompressor3 library Modified
to support the structural nuances of VAR models and asymmetric KV-caches,
this codebase is strictly additive and retains backward compatibility for dif-
fusion models like Flux.1-dev [1], PixArt-Σ [2], Stable Diffusion XL [14], and
SANA [22]. The consolidated replication workflow encompasses:

– Post-Training Quantization (PTQ): Isolating Infinity 2B/8B activation
outliers into low-rank branches.

– KV-Cache Calibration: Employing Golden-Section Search to optimize
asymmetric INT8 scaling and zero-points.

– Generative Evaluation: Benchmarking quality metrics (ImageReward,
CLIP-IQA) on MJHQ-30K and sDCI via fake-quantization.

– Hardware Profiling: Profiling real-world footprint and latency on the
NVIDIA Jetson platform using compiled W4A4 kernels.

2 Environment and Installation

The reproducibility of our results involves two distinct hardware and software
tiers, separated by their computational intensity and role in the pipeline.

2.1 Server-Side: Quantization and Calibration

The Post-Training Quantization (PTQ) and KV-cache calibration phases involve
high-order optimizations and the caching of large activation tensors. These op-
erations require server-class hardware:

– Hardware Requirements: A high-compute server environment (e.g., NVI-
DIA H100 or A100) is necessary to accommodate the peak memory overhead
of the calibration process of the 8B model.

– Software: Standard Linux environments with CUDA 12.x and PyTorch
2.1+ are sufficient for these stages.

3 https://github.com/mit-han-lab/deepcompressor

https://github.com/mit-han-lab/deepcompressor
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2.2 Edge-Side: Inference and Docker Infrastructure

The hardware efficiency and latency benchmarks can be conducted natively on
edge hardware. In particular, the tests described in the original paper were con-
ducted on an NVIDIA Jetson AGX Orin 64GB. To ensure a reproducible soft-
ware environment specifically for the Jetson platform, we suggest a Docker-based
deployment strategy intended solely for inference.

Rather than building the environment from scratch—which on ARM64 ar-
chitectures is highly prone to dependency conflicts and compilation errors—we
utilize the dustynv/pytorch base images (e.g., dustynv/pytorch:2.6-r36-
.4.0-cu128). These images provide pre-installed, ARM64-optimized builds of
PyTorch and CUDA. The provided Dockerfile extends this base to guarantee
a seamless reproducibility pipeline. Key architectural requirements include:

– L4T Compatibility: The container’s base image must strictly match the
host’s Linux for Tegra (L4T) release version.

– Permission Synchronization: The Dockerfile is configured to pass the
host’s UID and GID during the build phase. This prevents permission con-
flicts, ensuring that output artifacts (e.g., evaluation JSONs and generated
images) are accessible on the host machine without root privileges.

– GPU Visibility: Before executing the hardware benchmarks, users must
verify that the container correctly interfaces with the Jetson GPU runtime:

python3 -c "import torch; print(torch.cuda.is_available())"

2.3 Installation from Source

To initialize the VAR-Compressor suite on either platform:

1. Clone the repository:

git clone https://github.com/Henvezz95/VAR-Compressor.git
cd VAR-Compressor

2. Install core dependencies:

pip install -e .

3. Initialize model-specific submodules:

cd Infinity && pip install -r requirements.txt
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2.4 Pre-Computed Artifacts and Weights

To guarantee exact bit-level reproducibility of the hardware benchmarks—and
to allow reviewers to bypass the computationally expensive server-side Post-
Training Quantization phase—all required artifacts are provided as frozen snap-
shots.

– FP16 Golden Reference: To prevent reproducibility failures caused by
upstream model retraining or silent checkpoint updates, we provide a frozen
snapshot of the exact original Infinity weights (FoundationVision/Infinity)
used in our experiments. These must be downloaded from our repository
links and placed strictly inside the Infinity_rep/weights/ directory.

– PTQ Artifacts: The quantized INT4 weights (model.pt), SVD low-rank
branches (branch.pt), and activation smoothing scales (smooth.pt) must
be downloaded from the VAR-Compressor repository and extracted into the
./runs/diffusion/ directory.

– KV-Cache Artifacts: The optimized asymmetric cache scales (kv_qua-
nt_calib.pt) must be downloaded and placed into the ./runs/kv_scales/
directory.

3 Diagnostic Analysis of Model Distributions

To verify the structural necessity of the proposed quantization strategies, the
repository provides an auditing script, activations_measurements.py. This
script hooks into the model’s forward path using an instance of InfinityCalib-
Manager, configured to capture hidden activations of the linear layers. Reviewers
can run this profile via:

python activations_measurements.py \
--config configs/models/infinity-8b.yaml

The tool aggregates layer-wise metrics across the multi-scale generation steps
and serializes the complete distribution profiles into a structured JSON file
(infinity_stats_8b.json) while printing summarized statistical invariants to
the terminal.

3.1 Activation Outliers and Kurtosis

Large Transformer-based models often exhibit the “Massive Activation” phe-
nomenon [3], where specific channels in linear layers develop extreme magnitude
spikes. The diagnostic suite profiles these anomalies by tracking the Absolute
Max-to-Median Ratio, defined mathematically as:

η =
max(|X|)

median(|X|)

Simultaneously, it measures the excess Kurtosis of the flattened layer tensors to
quantify the extreme heavy-tailedness of these distributions.

https://github.com/FoundationVision/Infinity
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Table 1. Activation Outlier Analysis. We report the Layer-wise Absolute Max-to-
Median Ratio and Kurtosis profiled on 12K calibration tokens.

Layer Type
Infinity 2B Infinity 8B

Max/Median Kurtosis Max/Median Kurtosis
Mean Max Mean Max Mean Max Mean Max

QKV Projection 30.6 47.2 5.55 10.89 37.2 59.4 6.59 21.97
Out Projection 23.8 128.0 2.72 24.67 27.6 195.4 3.40 23.90
FFN Up-Proj 24.4 36.5 2.99 7.99 24.0 46.6 2.10 12.24
FFN Down-Proj 98.2 353.0 26.41 153.80 63.4 226.3 26.13 113.50

As shown in Table 1, running this execution script isolates the FFN Down-
Projection (ffn.fc2) as the primary structural bottleneck for stable quanti-
zation. For the Infinity-8B model, the extracted absolute Max-to-Median ratio
reaches 226.3× with a mean Kurtosis peaking at 113.50 (surpassing 353× and
153.80 in the 2B variants). This massive tail anomaly confirms that conventional
uniform weight-activation clipping would introduce catastrophic reconstruction
noise, mathematically justifying the isolation of these outliers into the low-rank
branch handled by SVDQuant [11].

3.2 KV-Cache Variance and Symmetry

The stability of our compressed attention infrastructure relies on characterising
the multi-axis variance of the Dynamic Range (R = max(x) − min(x)) within
the sequential Key and Value caches. The profiling script isolates these dynamics
using two metrics:

1. Channel Dominance: The script calculates the Coefficient of Variation
(CV = σ/µ) of the range R across individual channels (CVchan) and token
indices (CVtok). The execution outputs yield CVchan ≈ 0.31, a value over 5×
higher than the token-wise variation (CVtok ≈ 0.06). This demonstrates that
dynamic range variance is a static property of concrete structural channels
rather than an evolving artifact of input context, justifying a static per-
channel scaling matrix.

2. Asymmetric Skew: To prevent variance cancellation effects where diver-
gent channels average out, the function analyze_symmetry calculates the
individual Fisher-Pearson skewness coefficient (γ) per column. While the
global mean skewness is moderate (≈ 0.8), specific outlier channels exhibit
severe directional asymmetry (|γmax| > 7). Standard symmetric standard
quantization grids would consequently waste valuable bit-width mapping
empty numerical space, indicating a strict structural requirement for the
asymmetric clipping bounds and zero-point shifts implemented in our cali-
bration routine.
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4 Quantization and Calibration

The quantization of the Infinity VAR models is performed in two stages: weight-
activation quantization via SVD decoupling and asymmetric KV-cache calibra-
tion. These memory-intensive operations are conducted on server-side hardware
(e.g., NVIDIA H100) to accommodate the activation caching required for the
optimization process.

4.1 Weight and Activation Quantization

We utilize the ptq_infinity.py module to perform the Post-Training Quan-
tization (PTQ). The framework employs SVDQuant [11] to isolate activation
outliers into a high-precision low-rank branch while quantizing the remaining
transformer weights to 4-bit.

Configuration Hierarchy and Ablations The execution is managed via a
positional configuration override hierarchy, where files passed later in the com-
mand override overlapping keys in earlier files. This modularity facilitates the
reproduction of the ablation studies reported in the original paper:

– Proposed SVDQuant (W4A4) for the 8B Infinity model:

python -m deepcompressor.app.diffusion.ptq_infinity \
configs/models/infinity-8b.yaml \
configs/collect/qdiff.yaml \
configs/svdquant/int4.yaml \
--save-model

– Proposed SVDQuant (W4A4) for the 2B Infinity model: Utilizes con-
figs/models/infinity-2b.yaml as the base model configuration.

– SmoothQuant Baseline: Utilizes configs/models/infinity-2b-smoo-
thquant.yaml (or the 8B equivalent) to mitigate outliers via activation scal-
ing only, without the low-rank branch.

– Baseline Quantization: Utilizes configs/models/infinity-2b-naive.-
yaml for standard 64-group block-wise quantization. For simpler per-channel
quantization, the group size can be set to -1 in the configuration.

For rapid verification, users can append configs/svdquant/fast.yaml to
the command to reduce the number of calibration steps. The primary output
is the model.pt artifact (24 GB for the 8B model), alongside smoothing scales
(smooth.pt) and SVD branches (branch.pt).

4.2 KV-Cache Calibration

To minimize the footprint of the monotonically growing KV-cache, we implement
Asymmetric Per-Channel INT8 quantization. Unlike standard LLM methods
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that often focus on token-wise outliers, our analysis indicates that VAR model
variance is predominantly channel-driven.

Optimization via Golden-Section Search: the calibration routine, defined in
the script calibrate_cache_quantization.py, optimizes the clipping bounds
per channel to minimize the reconstruction Mean Squared Error (MSE). The
optimization follows a two-stage coarse-to-fine process:

1. Grid Search: Scans a logarithmic grid of percentiles to identify a promising
range for the clipping bounds.

2. Refinement: Employs a Golden-Section Search to refine the optimal
bounds, accommodating the skewed distributions identified in Section 3.

The routine is executed as follows:

python -m deepcompressor.app.diffusion.calibrate_cache_quantization \
configs/models/infinity-8b.yaml configs/collect/qdiff.yaml

The output is a kv_quant_calib.pt file containing the scale and zero_point
parameters. These parameters enable the affine quantization mapping required
to align the quantization grid with the axes of highest variance.

5 Evaluation and Verification

To comprehensively validate the proposed compression pipeline, the evaluation
methodology is designed to assess the aesthetic impact of quantization noise and
hardware-specific efficiency across three primary axes.

5.1 Experimental Setup and Proxy Methodology

Hardware Constraints. Reproducing the results of the 8B model requires a
hardware strategy that distinguishes between the uncompressed baseline and
the optimized targets. As described in the original work, the FP16 Infinity-8B
baseline requires 37.1 GB, exceeding the capacity of standard 16 GB or 32 GB
Jetson modules. We utilize a proxy methodology: benchmarking is conducted
on an NVIDIA Jetson AGX Orin 64GB, allowing us to generate the "Golden
Baseline" metrics without Out-Of-Memory (OOM) failures while strictly profil-
ing the peak memory usage relative to the 16 GB (Orin NX) and 8 GB (Orin
Nano) hardware envelopes.

Datasets and Sampling. The reproduction scripts support two distinct do-
mains: MJHQ [10] for high-fidelity artistic generation and sDCI [18] for pho-
torealistic prompt adherence. For verification, a fixed subset of 5,000 samples
(use –eval-num-samples 5000) is enforced to ensure consistent FID [8] and
CLIP-IQA [20] distributions.
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5.2 Generative Quality (Fake-Quantization)

To verify the aesthetic impact of quantization independently of kernel-level per-
formance, we utilize bit-accurate fake-quantization. The benchmark_assembl-
ed_model.py script simulates INT4/INT8 logic while executing in bfloat16 to
identify precisely how the noise impacts the ImageReward [24] and CLIP [7]
scores.

Activation and Argument Mapping. The script supports modular activation
of the quantization components, which is essential for replicating the ablation
studies (e.g., assessing the 2B model’s sensitivity to activation outliers). To ex-
ecute the complete W4A4 + KV8 simulation, the following command fuses the
SVD low-rank branches and activation scales generated during the PTQ phase:

python -m evaluation.benchmark_assembled_model \
--config configs/models/infinity-8b.yaml \
--configs/svdquant/int4.yaml \
--ref-root ./evaluation_output/infinity_fp16_8b \
--gen-root ./evaluation_output/infinity_w4a4_kv8_8b \
--base-path ./runs/diffusion/int4_rank32_8b/ \
--enable_weight_quant true \
--enable_activation_quant true \
--enable_kv_quant true \
--eval-benchmarks MJHQ DCI \
--eval-num-samples 5000 \
--eval-gt-metrics clip_iqa clip_score fid image_reward psnr ssim lpips

The command-line arguments explicitly control the evaluation axes and quan-
tization targets:

--base-path: Directory containing the PTQ artifacts generated in Section 4
(model.pt, smooth.pt, and branch.pt).

--enable_*_quant: Boolean flags (weight, activation, kv) to independently
toggle fake-quantization logic. Note: --enable_kv_quant automatically loads
the scales from runs/kv_scales/kv_quant_calib.pt; thus, the cache cali-
bration script must be executed prior to this evaluation.

--gen-root: Destination path for the generated images and the final evaluation
results.json.

--ref-root: Path to the FP16 ground-truth reference dataset.
--eval-gt-metrics: Selects the evaluation axes. To measure Generative Qual-

ity, the repository supports ImageReward [24] to quantify alignment with
human aesthetic preferences, CLIP Score [7] for semantic text-image consis-
tency, CLIP-IQA [20] for perceptual fidelity, and FID [8] to measure distribu-
tional similarity with the reference dataset. To measure the pure quantization
noise relative to the FP16 golden baseline (Reference-Dependent Fidelity),
the script supports PSNR, SSIM, and LPIPS [25].
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5.3 Hardware Efficiency (Real Quantization)

To verify the computational load and system efficiency, we measure the actual
memory savings natively on the Jetson platform. This stage mandates the use
of specialized hardware-accelerated kernels for 4-bit weight and 4-bit activation
computation.

Nunchaku Framework Integration Our inference pipeline relies on the high-
performance W4A4 integer kernels originally developed in the Nunchaku li-
brary [11]. To adapt these kernels for the Infinity architecture, we provide a
specialized fork (https://github.com/Henvezz95/nunchaku-fork). Our pri-
mary contribution in this fork is the introduction of a custom C++ wrapper
and a Python interface class designed to perfectly mirror the standard PyTorch
nn.Linear API. This extension enables seamless “plug-and-play” integration of
the SVDQuant logic into the autoregressive generation loop.

To compile and install this dependency on the Jetson environment, reviewers
must execute the following commands before running the hardware benchmarks:

git clone https://github.com/Henvezz95/nunchaku-fork.git
cd nunchaku-fork
pip install -e .

Executing the Benchmark Once the specialized kernels are compiled, the
infinity_w4a4_test.py script executes the hardware validation through the
following steps:

1. Model Transformation: Swaps standard torch.nn.Linear layers for our
custom SVDQuantLinear modules, excluding sensitive embeddings and trans-
former heads to maintain bitwise stability.

2. Artifact Injection: Loads the INT4 quantized weights (model.pt) and the
high-precision low-rank branches (branch.pt) directly into the optimized
modules, alongside the calibrated INT8 KV-cache scales.

3. Footprint Profiling: Reports the peak system memory via torch.cu-
da.max_memory_allocated(), confirming the 13.3 GB residency required
for the Orin NX.

The benchmark is initiated via:

python infinity_w4a4_test.py configs/models/infinity-8b.yaml \
--base-path ./runs/diffusion/int4_rank32_8b/ \
--enable_kv_quant true \
--seed 16 \
--prompt <prompt>

Where <prompt> can be any string.

https://github.com/Henvezz95/nunchaku-fork
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6 Qualitative Results

To complement the quantitative metrics, we provide a qualitative comparison
across four distinct scenarios: Detailed Portrait, Architectural Geometry, Land-
scape Gradients, and Object Representation. As shown in Figure 1, the quantized
Infinity 8B model (W4A4 + KV8) retains near-FP16 aesthetic quality, preserv-
ing fine-grained details such as skin textures and wood grain that are often lost
in standard 4-bit quantization schemes.

6.1 Verification of Qualitative Stability

While the examples in Figure 1 represent individual samples from the large-scale
evaluation, the reproducibility of these qualitative trends can be verified using
the provided infinity_w4a4_test.py script.

Furthermore, when executing the evaluation.benchmark_assembled_model
module, all generated images are automatically saved within the directory spec-
ified by the –gen-root flag. The specific samples presented in Figure 1 were
directly extracted from these evaluation outputs, allowing reviewers to easily
cross-reference the visual artifacts with the quantitative metrics computed for
the MJHQ and sDCI datasets.

7 Conclusions

This report provides a comprehensive guide on how to utilize the VAR-Compressor
framework and replicate the results presented in the ICPR paper “Enabling 8B
Bitwise Autoregressive Image Generation on Edge GPUs” [19]. Specifically, it de-
tails the repository and dataset locations, the Docker-based setup instructions,
and the precise execution procedures for both the Post-Training Quantization
pipeline and the native hardware benchmarks.

By combining INT4 W4A4 SVDQuant for weights and activations with Asym-
metric Per-Channel INT8 quantization for the KV-cache, the provided imple-
mentation successfully reduces the peak memory footprint of the Infinity-8B
model by 64% (37.1 GB → 13.3 GB) without compromising generative fidelity.

The generative quality results and deterministic memory reductions achieved
via the fake-quantization scripts should be replicable with high precision on any
platform with sufficient VRAM. On the other hand, changes in the edge hard-
ware used to run the native tests will strongly impact the latency and residency
results. Achieving the exact 27.0-second inference speed and 13.3 GB memory
footprint requires the specified NVIDIA Jetson Orin architecture and the suc-
cessful compilation of the nunchaku-fork C++/CUDA kernels.



8B Bitwise VAR Image Generation on Edge GPUs 11
Enabling 8B Bitwise Autoregressive Image Generation on Edge GPUs 11

Infinity 2B
(FP16)

Infinity 2B
(Ours)

SANA (W4A4) Infinity 8B
(FP16)

Infinity 8B
(Ours)

Flux.1-dev
(W4A4)

Fig. 2. Qualitative Comparison of W4A4 Quantization. We evaluate fidelity
across four scenarios: Detailed Portrait, Architectural Geometry, Landscape Gradients,
and Object Representation. Columns compare Infinity (2B/8B) in FP16 vs. our W4A4
quantization pipeline against SANA and Flux.1-dev (both quantized via SVDQuant
W4A4 INT4). Results: The quantized Infinity 8B retains near-FP16 quality, often
outperforming baselines in detail retention. Infinity 2B remains structurally comparable
to SANA. While quantization introduces minor artifacts, our pipeline preserves global
scene composition and high-frequency structure.
Prompts used: (1) “Portrait, photograph, canon 5d, magazine, editorial, full profile shot, photo-
realism, Annie Lebowitz, middle aged man, realistic, accurate”; (2) “A photograph of an intricate
wooden gazebo with a traditional Asian-style tiled roof, set in a dense wooded forest clearing. Tow-
ering mountains in the background under a partly cloudy sky. Natural daylight, highly detailed
wood grain and foliage, 8k”; (3) “Photorealistic. 4k. A hidden beach accessible only by boat, sur-
rounded by towering rock formations, lush vegetation, and colorful coral reefs, the sun sets behind
the mountains, subtle warm orange glow close over the water, creating a peaceful and romantic
setting, Multiple light sources. high detail. ultra realistic”; (4) “A detailed close-up photograph of a
small shrine against a solid black background. A weathered stone statue in the center, surrounded
by fresh colorful flowers, several burning candles casting warm light, and fruit wrapped in clear
cellophane plastic. Macro lens, highly textured, cinematic lighting, 8k”. (1) and (4) are taken from
MJHQ, (2) and (3) from sDCI. The same seed is used for all models.

text-encoder, and activation buffers during generation. Latency measures the
end-to-end generation time for a 1024× 1024 image (batch size 1). The Feasible
HW column identifies the minimum commercial NVIDIA Jetson module capable
of hosting the model without swapping.

Breaking the Hardware Barrier: From Server to Edge. The most critical
impact of our proposed quantization pipeline is the fundamental shift it enables
in deployment economics. Standard FP16 inference for the Infinity 8B demands

Figure 6.2: Qualitative Comparison of W4A4 Quantization. We
evaluate fidelity across four scenarios: Detailed Portrait, Architectural
Geometry, Landscape Gradients, and Object Representation. Columns
compare Infinity (2B/8B) in FP16 vs. our W4A4 quantization pipeline
against SANA and Flux.1-dev (both quantized via SVDQuant W4A4
INT4). Results: The quantized Infinity 8B retains near-FP16 quality, of-
ten outperforming baselines in detail retention. Infinity 2B remains struc-
turally comparable to SANA. While quantization introduces minor arti-
facts, our pipeline preserves global scene composition and high-frequency
structure.
Prompts used: (1) “Portrait, photograph, canon 5d, magazine, editorial, full profile shot,
photorealism, Annie Lebowitz, middle aged man, realistic, accurate”; (2) “A photograph of
an intricate wooden gazebo with a traditional Asian-style tiled roof, set in a dense wooded
forest clearing. Towering mountains in the background under a partly cloudy sky. Natural
daylight, highly detailed wood grain and foliage, 8k”; (3) “Photorealistic. 4k. A hidden beach
accessible only by boat, surrounded by towering rock formations, lush vegetation, and colorful
coral reefs, the sun sets behind the mountains, subtle warm orange glow close over the water,
creating a peaceful and romantic setting, Multiple light sources. high detail. ultra realistic”;
(4) “A detailed close-up photograph of a small shrine against a solid black background. A
weathered stone statue in the center, surrounded by fresh colorful flowers, several burning
candles casting warm light, and fruit wrapped in clear cellophane plastic. Macro lens, highly
textured, cinematic lighting, 8k”. (1) and (4) are taken from MJHQ, (2) and (3) from sDCI.
The same seed is used for all models.

114 Efficient and Adaptive Deep Learning for AIDC Systems

Fig. 1. Qualitative Comparison of Infinity-8B Quantization. Columns
compare the Infinity-8B baseline (FP16), our W4A4 INT4 pipeline, and
Flux.1-dev (SVDQuant W4A4) as a reference. Results: The quantized
8B model preserves near-FP16 fidelity and global composition, showing
similar or even superior quality compared to the larger Flux baseline.

Prompts: (1) “Portrait, photograph, canon 5d... middle aged man, realistic” [MJHQ]; (2) “Intricate
wooden gazebo, Asian-style tiled roof, mountains, 8k” [sDCI]; (3) “Photorealistic, hidden beach,
rock formations, sunset, 4k” [sDCI]; (4) “Close-up of a small shrine, stone statue, flowers, cinematic”
[MJHQ]. A fixed seed is used across all models to ensure qualitative parity.
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