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Figure 1. Left. We propose a new post-training technique for diffusion autoencoders which uses Vision-Language Models to judge different
decodings of the same image and leverage these judgements to improve the autoencoder through Diffusion DPO. Right. Our method, VLIC,
demonstrates substantial improvements in the overall reconstruction quality, as well as better alignment to human perception.

Abstract

Evaluations of image compression performance which in-
clude human preferences have generally found that naive
distortion functions such as MSE are insufficiently aligned
to human perception. In order to align compression mod-
els to human perception, prior work has employed differ-
entiable perceptual losses consisting of neural networks
calibrated on large-scale datasets of human psycho-visual
judgments. We show that, surprisingly, state-of-the-art
vision-language models (VLMs) can replicate binary hu-
man two-alternative forced choice (2AFC) judgments zero-
shot when asked to reason about the differences between
pairs of images. Motivated to exploit the powerful zero-
shot visual reasoning capabilities of VLMs, we propose
Vision-Language Models for Image Compression (VLIC),
a diffusion-based image compression system designed to be
post-trained with binary VLM judgments. VLIC leverages
existing techniques for diffusion model post-training with
preferences, rather than distilling the VLM judgments into
a separate perceptual loss network. We show that calibrat-
ing this system on VLM judgments produces competitive or

state-of-the-art performance on human-aligned visual com-
pression depending on the dataset, according to perceptual
metrics and large-scale user studies. We additionally con-
duct an extensive analysis of the VLM-based reward design
and training procedure and share important insights. More
visuals are available on our website.

1. Introduction
Compressing images and videos is necessary for storing
and transmitting the rich sensory multimedia captured ev-
ery day. This process inherently involves making trade-offs
between compression rate (i.e. file size) and visual quality.
Ideally, the assessment of visual quality should align well
with human perception, prioritizing details to which hu-
mans are more sensitive. For instance, humans are sensitive
to perturbations to faces and text, but not to high-entropy
natural textures such as grass or fur.

Historically, visual quality has been assessed via classi-
cal metrics such as PSNR and SSIM [47]. However, these
metrics are poorly aligned with human perception and of-
ten contradict human judgments of visual quality [12, 55].
To address this, prior work has focused on learning neural
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Figure 2. Qualitative results on standard image compression datasets. Top: We compare VLIC with HiFiC [31] and PO-ELIC [17] on
a CLIC 2022 image [44] at various bits per pixel (bpp). Bottom: We compare our approach with HiFiC and PerCo on MS-COCO [26]. We
find that our approach represents perceptually relevant fine details, faces, and textures more faithfully



network approximations to human judgment of visual sim-
ilarity, with varying approaches that target low-level sim-
ilarity [12, 55] and semantic or high-level similarity [15].
While these learned perceptual metrics enable training neu-
ral compression methods that are better aligned with human
perception, they are not without issues. Directly optimiz-
ing on these perceptual metrics can exploit their null-space,
improving network performance with only limited gains in
actual human-perceived quality [7, 21]. Moreover, trained
perceptual metrics do not necessarily generalize beyond the
datasets of human judgments used to calibrate them. For in-
stance, networks calibrated on low-level visual differences
may not agree with human judgments on images with high-
level semantic differences [15].

In this work, we propose an alternative to the dominant
paradigm of learned and differentiable perceptual metrics
used during image compression network training. First, we
show that Vision-Language Models (VLMs) are effective
zero-shot perceptual judges of visual similarity (Figure 1).
Specifically, we show that an off-the-shelf VLM (Gemini
2.5-Flash [9]) can replicate human judgments on multiple
human visual judgment datasets, namely on BAPPS [21]
and our own dataset of human judgments collected on im-
ages compressed by various compression baselines.

The fact that VLM reasoning can replicate human per-
ceptual judgments is an encouraging finding because, as
VLMs are improved through considerable investments, im-
proved automatic perceptual judges may result without ad-
ditional effort to collect human judgment data and train per-
ceptual metrics. However, it is not clear how to convert the
binary 2AFC judgments produced by VLMs into an opti-
mizable perceptual metric which can be exploited by exist-
ing GAN-based perceptually oriented compression systems.

Therefore, motivated by a desire to maximally exploit
VLMs for human-oriented visual compression, we instead
design a diffusion-based visual compression system simi-
lar to recent diffusion-based approaches for visual compres-
sion [6, 20, 39]. Since diffusion-based visual techniques can
leverage the rich existing literature on diffusion model post-
training with preferences [45], we can benefit from VLM
perceptual judgments without having to use them to train a
separate perceptual metric.

Concretely, we make the following contributions:
1. We show that an off-the-shelf VLM (Gemini 2.5-

Flash [9]) can replicate human judgments of visual sim-
ilarity on multiple human judgment datasets zero-shot.

2. We present a diffusion-based visual compression system
based on FlowMo [39] extended with an additional en-
tropy coder. We show that VLM-generated preferences,
can be used to post-train this system via Diffusion DPO
[45], improving performance. Moreover, we show that
ensembling VLM preferences with those of a traditional
perceptual metric, LPIPS, adds additional benefits and

exceeds the performance of post-training with either re-
ward alone.

3. We quantitatively study VLIC and show it achieves ei-
ther competitive or state-of-the art performance relative
to strong existing compression baselines, depending on
the dataset, and conduct several large-scale user studies.
We additionally provide several empirical analyses out-
lining best practices for VLM-based compression post-
training, conduct ablation studies on reward design, and
analyze and discuss important failure modes.

2. Related Work
Perceptually-oriented Image Compression. Prior work
has considered GAN-based [18] and diffusion-based [19]
perceptually-oriented image compression. GAN-based
techniques such as HiFiC [31] and PO-ELIC [17] are quite
popular and are often fast to decode, particularly if a factor-
ized entropy model is used [17, 33]. Diffusion-based visual
compression can be separated into two distinct styles. The
first style, based on diffusion autoencoders [36], attempts
to learn perceptually-oriented visual compression end-to-
end with a discrete latent bottleneck [1, 2, 7, 39, 51, 52]
or with the decoder conditioned on a prior learnt represen-
tation [20]. This style sometimes has the added benefit of
producing a tractable latent space for downstream genera-
tive modeling. The second style involves using a trained dif-
fusion model as an entropy coder over the diffusion model’s
reverse process [34, 42]. Our model architecture belongs to
the first style of diffusion-based visual compression, and is
derived from FlowMo [39] with a few modifications, while
our training scheme is a novel combination of diffusion au-
toencoder training with Diffusion DPO [3].

Approximations to Human Perception of Visual Similar-
ity. Various work has explored designing proxies for hu-
man perception, such as LPIPS [55], E-LPIPS [21], Dream-
Sim [15], and DISTS [12]. These models have been used
to calibrate learned image compression models [17, 31] but
have also been used to generate different human visual con-
tent which humans will perceive similarly [14]. In visual
compression, other work has argued for the use of text in the
encoding process together with a generative decoder [48],
with the intuition that text better captures human-relevant
information in visual data. Moreover, practical implementa-
tions of text-aligned visual compression have been realized
[24, 25, 29], though techniques leveraging self-supervised
learning backbones [53] and generative foundation models
[6] have also found success. Different from these works,
we directly train a compression system using a VLM as a
zero-shot proxy for human judgment of visual similarity,
eschewing learned metrics calibrated on human preferences
[15, 55] or heuristics for which data to encode [24, 25].

Aligning Diffusion Models to Preferences. Various
works have considered how to align diffusion models to



preferences. Differentiable techniques include DRAFT [8]
and VADER [35], while reinforcement learning-based tech-
niques, such as Diffusion Direct Preference Optimization
(DDPO) [45] and Denoising Diffusion Policy Optimization
[3], can support non-differentiable preferences as rewards.

Several works have explored aligning diffusion mod-
els to rewards produced by VLMs, including Reward-
Dance [49] and HSPv3 [30]. Our choice to use VLMs
to produce rewards for image compression is contextually
novel in the context of image compression aligned to human
preferences, and is motivated by our finding that VLMs can
replicate human visual similarity judgments zero-shot, but
is inspired by prior works in diffusion model post-training.

3. Method
We will now provide an overview of the VLIC system. We
will first review the architecture and training scheme. Then
we will explain the process by which a VLM is guided to
produce perceptual judgments. A full method diagram is
shown in Figure 3.

Architecture and training. Our architecture and first
training stage are identical to FlowMo [39], with the only
architectural difference being that we use finite scalar quan-
tization (FSQ) [32] in lieu of lookup-free quantization [54]
for simplicity and to eliminate the commitment and en-
tropy losses. We similarly adopt the rectified flow frame-
work [27, 28] and use an LPIPS loss on the 1-step denoised
prediction of the diffusion decoder following prior work
[7, 39, 52].

Different from prior work, for our second stage of train-
ing we elect to post-train the model via Diffusion DPO [45]
to align the diffusion model to arbitrary (potentially non-
differentiable) preferences. Diffusion DPO is a variant of
Direct Preference Optimization (DPO) [37] adapted to the
unique setting of diffusion. The Diffusion DPO objective,
adapted to the discrete diffusion autoencoder setting where
the denoising network encodes and quantizes the original
image x internally, is

LDDPO(θ) = −E log σ
(
−βω(λt)(∆

w −∆l)
)
, (1)
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The expectation is taken over sampled reconstructions from
the model and ranked as winner x̂w

0 and loser x̂l
0, and with

β a KL-weight controlling the degree to which the learned
policy can deviate from the original reference policy. ϵ
and ϵθ are the noise and noise estimator respectively, t

the timestep, and ω(λt) an SNR-dependent weighting fac-
tor. ∆w represents the difference between the loss on the
winning example between the current and reference policy,
which is intended to be decreased, while the loss difference
on the losing example ∆l is increased.

Unlike techniques requiring differentiable rewards [8,
35], this formulation of Diffusion DPO can be used with our
VLM-defined rewards for image quality assessment. More-
over, unlike methods such as Denoising Diffusion Policy
Optimization [3] which require a carefully tuned value func-
tion or baseline, Diffusion DPO trains stably across diverse
datasets as winning samples are contrasted against losing
samples with the same latent code as conditioning, which is
similar to GRPO [40] with n = 2. We additionally co-train
with the original flow matching training loss, since we find
this allows us to post-train for longer without divergence.
This loss is:

LFlow(θ) = Eϵ,x,t(∥v − vθ(x,xt, t)∥22), (4)

with v = ϵ+x the flow matching velocity and vθ(xt,x, t)
the velocity estimate of the diffusion autoencoder (note that
we may predict either ϵ or v via reparameterizing the net-
work output, which is by default in v-parameterization [38]
in our case) given the noisy original image xt, timestep t
and original image x which is quantized within the network.
Our final training loss is:

L(θ) = LDDPO(θ) + λFlowLFlow(θ) (5)

with hyperparameter λFlow. We train with the encoder un-
frozen which led to slightly better performance and may en-
able the encoder to acquire features necessary to improve
the reward in LDDPO(θ), since the VLM reward is unseen
during pretraining.

We further compress the discrete tokens from FSQ via a
secondary entropy coder, which is trained separately. The
entropy coder takes the form of a simple autoregressive
transformer over the 1-dimensional latent sequence. After
this entropy coder is trained, we use it to compress the latent
code via arithmetic coding, similar to prior work [10].

The VLIC reward function. VLIC is a diffusion autoen-
coder, meaning that a given image is compressed determin-
istically to a discrete latent code c, but then decompressed
stochastically. Post-training with Diffusion DPO involves
sampling two decompressions of the same latent code and
ranking them via a reward function to produce a winning
and losing sample x̂w

0 and x̂l
0.

Any reward function can in principle be used to deter-
mine the winning and losing sample. In our work, we use an
off-the-shelf VLM (Gemini 2.5-Flash [9]) to judge decom-
pressed images. An overview of the reward computation is
shown on the right hand side of Figure 3. Essentially, we
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Figure 3. Method. An original image is encoded to a one-dimensional discrete latent code via an encoder. The discrete code is entropy
coded by an auto-regressive language model. The diffusion decoder samples two reconstructions conditioned on the latent code, which are
ranked via a VLM. The resulting preference is used to train the full diffusion autoencoder via Diffusion DPO [45].

pass the VLM three images: original x, reconstruction A
denoted x̂A

0 , and reconstruction B denoted x̂B
0 . We prompt

the VLM to produce a numerical rating between -5 and 5
indicating whether reconstruction A or reconstruction B is
closer to the original image. Negative numbers indicate A is
superior. Prior to producing the numerical rating, the VLM
is asked to provide detailed reasoning explaining the con-
tents of each image and noting artifacts or inconsistencies
in both reconstructions. The full text of the prompt is given
in the supplementary material.

Since VLMs are prone to hallucination and to ignoring
the contents of the provided images [16], we apply several
mitigation strategies to improve the reliability of the reward
signal. We do the following:

1. For a given random seed i, we rate each pair of recon-
structed images in two orders, reversing the order the
second time, so the VLM produces rewards

riB,0 = −riA,0 = VLM(x, x̂A
0 , x̂B

0 , i)

and
riA,1 = −riB,1 = VLM(x, x̂B

0 , x̂A
0 , i).

The final ratings per seed are then given by

riA = sign(riA,0 + riA,1), riB = sign(riB,0 + riB,1).

2. Ensemble the reward over n random seeds of the VLM,
so that

rA =

n∑
i=1

riA, rB =

n∑
i=1

riB

where riA is the rating assigned to image A for seed i,
and similarly for riB respectively.

3. Ensemble the VLM reward with LPIPS [55], a tradi-
tional perceptual metric. We require LPIPS and the
VLM to produce a unanimous judgment in order to use
a preference pair for training. If they disagree, the exam-
ple is discarded.

These modifications help to reduce the noise in the VLM
reward computation and provide a more consistent training
signal. Importantly, ensembling with LPIPS provides supe-
rior performance to using LPIPS or the VLM reward alone,
as we show later in experiments.

4. Experiments

In the following experiments, we provide some technical
details on our model training and setup. Then we present
our main results comparing against state-of-the-art com-
pression baselines on standard benchmark datasets. We
contextualize and interpret the results as they are presented.
Finally, we provide some additional ablation studies and
analysis experiments.

Our setup. We train VLIC models at two BPP values:
0.07, and 0.21. We pretrain all VLIC models for 1, 000, 000
steps with Adam [22] learning rate 10−4. DPO posttraining
runs for 8, 000 steps with learning rate 5× 10−7. The batch
size is 256 in both stages. Training was completed on 256
TPUv4. All models were trained in JAX [5] with bfloat16
precision. We leverage Diffusion DPO in an online fashion,
sampling a preference buffer of approximately 2, 560 exam-
ples every 250 steps (some examples may be discarded for
the ensemble reward). We found online training with up-
dated buffers provided superior results compared with syn-
thesizing an offline preference dataset. We train using VLM
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Figure 4. Quantitative Evaluation on Image Compression Datasets. Overall, VLIC achieves competitive or state-of-the-art performance.
VLIC performs particularly well on perceptual metrics and particularly well on MS-COCO, which contains a high percentage of images
with human-relevant characteristics such as text and faces.

rewards in an asynchronous fashion, simultaneously query-
ing the VLM over the network using an updated sample
buffer and performing DPO training on a slightly out-of-
date sample buffer, so the latency of the VLM computation
can be overlapped with DPO training.

Our models were trained at 256×256 resolution on Ima-
geNet [11]. To accommodate variable resolutions, we use a
tiled inference procedure similar to prior work [20], the de-
tails of which can be found in the supplementary material.
We use a shifted schedule during inference and implement
classifier-free guidance by dropping out the discrete latent
code 10% of the time, following prior work [39].

4.1. Main results.
First, we will present the baselines, datasets, and metrics.
Then we will analyze and explain the main results.
Baselines. We compare against HiFiC [31], PerCo [6],
HFD [20], and PO-ELIC [17]. Since not all baselines have
released code or reconstructions, and not all baselines can
operate at all resolutions, we provide numbers only where
possible for each baseline. We provide metrics for HiFiC
for all datasets and metrics since the code is public. PerCo
does not have released code, and after multiple attempts
to correspond with the authors, we have instead chosen to
rely on an open source replication [23] which matches the
performance on most perceptual metrics. A limitation of

PerCo is that it cannot handle high resolution data such as
CLIC 2020 and CLIC 2022. HFD has not released code or
reconstructions, but we have taken their CLIC 2020 num-
bers from the paper after exactly replicating their evaluation
pipeline on CLIC 2020. PO-ELIC has not released code, but
has released reconstructions on CLIC 2022, so we directly
compare against the released reconstructions.

Datasets. MS-COCO [26] is a standard image compres-
sion benchmark which consists of a selection of 30, 000
images from the MS-COCO 2014 validation set. We crop
these images to 256× 256 using the DALL-E crop protocol
following common practice [20, 31]. We compare against
PerCo and HiFiC on MS-COCO.

The CLIC 2020 [43] train set is a standard image com-
pression benchmark containing 428 high-resolution images
of up to 4 megapixels. We compare against HiFiC and HFD
on CLIC 2020.

The CLIC 2022 [44] test set is a standard compres-
sion benchmark of 30 high-resolution images of up to 4
megapixels. We compare against PO-ELIC and HiFiC on
CLIC 2022.

Metrics. For all datasets, we evaluate with standard im-
age quality metrics, namely LPIPS [55] and PSNR. We ad-
ditionally compute two distributional image quality metrics,
FID [18], and FD-DINO [41]. Finally, we compute human



MS-COCO Human Elo ↑ FD-DINO ↓ FID ↓ LPIPS ↓ PSNR ↑

Ours (0.07bpp) 858 62.25 2.20 0.274 21.78
− LPIPS post-training only 838 63.63 2.33 0.274 21.77

Ours (0.21bpp) 1112 16.83 1.35 0.168 26.50
− LPIPS post-training only 1103 16.96 1.30 0.169 26.54

Table 1. Importance of VLM. At multiple BPP (prior to entropy coding), post-training with the VLM + LPIPS objective provides gains
over post-training the compression model with LPIPS alone.

Accuracy BAPPS-Val Compressed Images

Human 73.99 72.15

LPIPS 69.56 92.32
DreamSim 68.13† -
VLM 69.44 83.80

Table 2. Human 2AFC benchmarks. Gemini 2.5-Flash can
replicate human judgments on 2AFC datasets zero-shot. †Number
taken from paper.

Elo via large-scale user-studies.
For high-resolution datasets such as CLIC 2020 and

CLIC 2022, we evaluate distributional metrics such as
FID [18] and FD-DINO [41] on square 256 × 256 random
crops, following prior work [20, 31]. To maintain a suffi-
cient sample size, we use 100 random crops per image for
CLIC 2022 and 10 random crops per image for MSCOCO.

For each dataset, we conduct large-scale user studies of
the compressed images, in which users are asked to visually
compare two compressed versions of the same image. We
collect 1,812 pairwise ratings for CLIC 2020, 2,523 pair-
wise ratings for CLIC 2022, and 15,705 pairwise ratings for
MS-COCO. Since Elo [13] is order-dependent but our rat-
ings per dataset are collected in a single parallelized job, we
report the Elo averaged over 10,000 random re-shufflings
of the rating order. For CLIC 2020 and CLIC 2022, due
to the very high resolution, raters are shown random crops
rather than full images. More details on the rating process
are available in the supplementary material.

We emphasize that for the evaluation of perceptually ori-
ented visual compression, prior work has shown perceptu-
ally oriented distortion metrics and simple distortion met-
rics like PSNR are at odds with each other given a fixed rate
[4]. Therefore, it is theoretically challenging to achieve im-
provements on all metrics simultaneously, so metrics corre-
lated with human perception should be given greater weight
in our analysis, even if they come at the expense of less cor-
related metrics. In general, we consider Elo to be the gold
standard, since we directly compute it from thousands of
human ratings of the test images. Prior work has also noted
that FD-DINO is more predictive of human judgments than
FID [41]. Finally, the poor correlation of PSNR with human
assessment of perceptual quality at a given bitrate is well-
known [46], and we regard it as the least important metric
in our analysis.

Results. Overall, VLIC achieves very strong perfor-
mance, as shown in Figure 4. It generally achieves stronger
performance than HiFiC, PerCo, and HFD. It achieves par-
ticularly strong performance on MS-COCO, which contains
a high percentage of images with human-relevant features
such as text and faces. VLIC under-performs relative to PO-
ELIC on CLIC 2022, but without released code, the perfor-
mance of PO-ELIC on low-resolution data or other datasets
is unclear, and it is important to note that CLIC 2022 con-
tains only 30 images.

Additionally, VLIC tends to achieve relatively stronger
metrics on human-correlated metrics (i.e., ELO, FD-DINO)
compared with PSNR. For instance, VLIC achieves su-
perior perceptual metrics in general relative to HFD and
HiFiC, but worse PSNR. We deem this appropriate and even
desirable, since our goal is to maximize human perception
of reconstruction quality and these metrics are at odds given
a fixed BPP and assuming enough model capacity [4].

4.2. Analysis
Replicating human judgments. To provide motivation
for using a VLM to approximate a human perceptual judge,
we show in Table 2 that Gemini 2.5-Flash can be used
to replicate human perceptual judgments on the BAPPS
dataset [55] and on our own collected dataset of human
preferences (“Compressed images”). Compressed Images
contains 5401 tuples of compressed images from two ran-
dom baselines or our method; each tuple is rated at least
3 times by human raters via a custom interface. Inter-rater
agreement (the “Human” row) is measured by holding out
one human judgment and measuring its agreement with the
average of the remaining human judgments for that tuple. It
is somewhat surprising that both LPIPS and the VLM ex-
ceed the performance of a single human on our compressed
images, but this is attributable to the compressed images be-
ing highly similar to the original image (much more similar
than distorted BAPPS images, on average), meaning human
judgments are noisier on average.

Importance of the VLM. Since our final VLM reward
is ensembled with LPIPS, it is important to verify that
the VLM provides gains over post-training with a binary
LPIPS-determined reward alone. We provide this compar-
ison in Table 1. Adding in the VLM reward provides a
noticeable performance boost. At lower bitrates, the VLM
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MS-COCO FD-DINO ↓ FID ↓ LPIPS ↓ PSNR ↑

Ours (VLIC) 67.83 2.31 0.278 21.68
− No ensemble w/ LPIPS 67.68 2.10 0.280 21.29
− No post-training 82.31 2.40 0.300 21.27
− No self-ensembling 68.36 2.15 0.280 21.53

Table 3. Ablation study. Various components of reward design
are necessary for best performance.

provides a stronger reward signal since VLM judgments are
less noisy when the images are more different.

Mitigating noise. The noisiness of the VLM reward on
highly similar images is a serious issue. Figure 6 shows
a characteristic failure mode where, for highly similar re-
constructions, the VLM fails to be self-consistent when the
order of reconstructed images is reversed.

Indeed, reducing the noise in the VLM judgment is crit-
ical, especially since DPO struggles with noisy judgments
[50]. Thankfully, the noisiness of the VLM reward can be
mitigated in several ways. Most helpful is self-ensembling,
i.e., computing the reward as the majority vote of multiple
captioning requests to the VLM, ensembled with itself over
multiple random seeds. The importance of self-ensembling
is reflected in Figure 5, where we observe that performance
on human judgment data increases as the number of VLM
random seeds is increased, though eventually saturating.
For our main experiments, we use n = 3 seeds, though
more seeds would improve performance at the cost of more
VLM queries.

Ablation study. In order to verify various other compo-
nents of the system, we provide a large-scale ablation study
in Table 3. This study is conducted on MS-COCO. Inter-
preting the table, we see that only using the VLM to rank
reconstructed images yields comparable performance to en-
sembling LPIPS and the VLM together (“No ensembling

Reconstruction 1 Original

VLM prompted with (Original, 1, 2): “... Overall, Reconstruction B is better 
because it preserves the whiskers better than Reconstruction A and also produces 
a more accurate color for the bridge of the nose and has less blurring for the 
floral pattern. It is a slight improvement over Reconstruction A …”

VLM prompted with (Original, 2, 1): “... In reconstruction B, we have less 
smudging on the textures of the flower, which are less defined in Reconstruction 
A, so this is another key win for Reconstruction B. Reconstruction B has less 
discoloration, so it is better. Therefore, Reconstruction B is superior …”

Reconstruction 2

Figure 6. Failure modes. VLMs can hallucinate an incorrect rank-
ing when the images are highly similar, such as in this case when
the VLM fails to be self-consistent when the order of reconstructed
images is reversed.

with LPIPS”), with the main difference being worse pixel-
aligned metrics, namely PSNR and LPIPS, though distri-
butional metrics actually improve. Failing to post-train the
model with DPO yields poorer performance on every single
metric. Not ensembling the VLM reward with itself (“No
self-ensembling”) yields poorer performance on the major-
ity of metrics, as the reward becomes noisier.

Limitations. The diffusion decoder adds additional la-
tency compared with GAN-based compression methods,
though this limitation is not unique to our method and is
shared by other diffusion-based approaches [6, 20, 42, 52].
Additionally, VLM-based rewards are more expensive to
compute than evaluations of a small perceptual network.

5. Conclusion
In this paper, we showed that off-the-shelf VLMs have
learned a visual prior that is highly correlated with human
perception. When prompted to reason about the differences
between images, we showed that VLMs can replicate hu-
man similarity judgments. Motivated by this, we designed
a diffusion-based compression system, VLIC, designed to
be trained with VLM preferences. We then post-trained the
system with VLM preferences, and achieved competitive or
state-of-the-art performance on human-aligned image com-
pression depending on the dataset.

The quality of VLIC is dependent on the accuracy of
the VLM used as a perceptual judge, and as VLMs are im-
proved through considerable research and investment, im-
age compression techniques such as VLIC may benefit from
their stronger zero-shot perceptual priors and achieve fur-
ther improvements in human-aligned compression perfor-
mance.
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