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Abstract

Current image generation methods are based on a two-stage training approach.
In stage 1, an auto-encoder is trained to compress an image into a latent space;
in stage 2, a generative model is trained to learn a distribution over that latent
space. This reveals a fundamental trade-off, do we compress more aggressively to
make the latent distribution easier for the stage 2 model to learn even if it makes
reconstruction worse? We study this problem in the context of discrete, auto-
regressive image generation. Through the lens of scaling laws, we show that
smaller stage 2 models can benefit from more compressed stage 1 latents even
if reconstruction performance worsens, demonstrating that generation modeling
capacity plays a role in this trade-off. Diving deeper, we rigorously study the con-
nection between compute scaling and the stage 1 rate-distortion trade-off. Next,
we introduce Causally Regularized Tokenization (CRT), which uses knowledge
of the stage 2 generation modeling procedure to embed useful inductive biases in
stage 1 latents. This regularization improves stage 2 generation performance better
by making the tokens easier to model without affecting the stage 1 compression
rate and marginally affecting distortion: we are able to improve compute effi-
ciency 2-3x over baseline. Finally, we use CRT with further optimizations to the
visual tokenizer setup to result in a generative pipeline that matches LlamaGen-3B
generation performance (2.18 FID) with half the tokens per image (256 vs. 576)
and a fourth the total model parameters (775M vs. 3.1B) while using the same
architecture and inference procedure.

1 Introduction

Modern image generation methods use a two-stage approach to training. In the first stage, a model
such as a VQGAN [13} |63} [46]] is trained to compress images to a latent representation. In the
second stage, a generative model is trained on these latent representations. This setup implies a
deep interaction between the stage 1 and stage 2 models. Since the stage 1 model does not have to
reconstruct the image perfectly, it can compress the image more aggressively to achieve a simpler
latent distribution for the stage 2 model to learn. However, we ultimately care about the quality of
the generated images, which depends on both the stage 1 model’s ability to reconstruct and the stage
2 model’s ability to learn the latent distribution. On one extreme, if the stage 1 model compresses
to a constant, the resulting latent distribution is easy to model but can only generate one image. At
the other extreme, the stage 1 model does not compress at all and we get no benefit from latent
distribution modeling.
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Figure 1:Overview of our method. We introduce a small 2-layer causal transformer [41, 51, 11]
trained to optimize ; next-token prediction on the pre-quantized latents of the auto-encoder. This
loss is propagated through the encoder, producing tokens with a causal transformer inductive bias.
Thus, we call our method Causally Regularized Tokenization (CRT).

Figure 2: Qualitative examples from our best model (2.18 gFID)We show our model's ability
to generate high-quality, diverse images on par with LlamaGen-3B [49] with only 775M parameters
and< 50% of the tokens per image. For more non-curated examples see Figure 14 and Appendix G.

We view this as a trade-off between rate, distortion, and distribution modeling, similar to the rate-
distortion-usefulness trade-off discussed in [52]. The important interacting variables for generation
performance arefl) The reconstruction performance of the stage 1 auto-encoder (its “distortion”),
(2) The degree of compression of the stage 1 auto-encoder (its “rate(Bamtie smallest achiev-

able loss of the stage 2 model in learning a distribution over this compressed representation (the
“irreducible loss” of distribution modeling).

We study these factors using a vector-quantized GAN (VQGAN) stage 1 model and an auto-
regressive stage 2 model trained on VQ tokens. We explore key interventions which affect the
stage 1 rate (bits per image pixel) and examine how they affect stage 2 generation performance as
a function of model scale. Through the lens of compute scaling laws, we show that compression
is not all you need — while small models bene t from more compressed representations, and this
relationship also depends on stage 2 training compute. Given this, weaasWe design an optimal

stage 1 tokenizer given that our stage 2 model is auto-regresdie@ugh a simple model-based
causal loss, we learn a causal inductive bias on our stage 1 tokenizer. Intuitively, our loss attempts
to make token as predictable as possible given tokens 0 thrdugt.. We call this training recipe
Causally Regularized Tokenization (CRT). This regularization trades off reconstruction for distri-
bution modeling, improving generation performance across ImageNet [47] and LSUN [61]. With
CRT, we also show signi cant improvements in generation performance scaling laws (2-2.5x faster
training). We demonstrate our improvements through comprehensive experiments across ve orders
of magnitude of training compute and two orders of magnitude of model scale.

Summary of contributions.

We study the complex trade-off between compression and generation. Our analysis shows that the
ideal amount of image compression varies with generation model capacity.

We provide a principled framework for analyzing this trade-off through the lens of scaling laws,
showing consistent patterns across multiple orders of magnitude in computational budget.

We introduce a method for training a stage 1 tokenizer with a causal inductive bias. This improves
inference and training compute scaling of our stage 2 models, without any other interventions, lead-



ing to our key result: by making tokens easier to model, we improve compute ef ciency 2-3x over
baseline. We also match LlamaGen-3B [49], a prior SOTA auto-regressive discrete generation model
(2.18 FID) with half the tokens per image (256 vs 576) and a fourth the total model parameters
(775M vs. 3.1B).

2 Related Work

For an extensive rundown of visual tokenization methods, we refer the reader to Section I.

Trade-offs between stage 1 and stage 2 performanceéWe are not the rst to notice a discon-

nect between stagkeand stag® performance. [52] extensively studies how different regularization
methods affect the usefulness of learned VAE representations for downstream representations, intro-
ducing the “rate-distortion-usefulness” trade-off. Notably, they highlight that stage 1 loss (e.g. VAE
loss) is not representative of downstream task usefulness. [53] also shows in Figure 4 demonstrates
that increasing in their -VAE [23] architecture worsens reconstruction but improves genera-
tion performance. Recent advances in lookup-free quantization [37, 64] achieve better codebook
utilization, improving stage 1 performance. Both works observe that scaling up codebook size im-
proves stage 1 performance but degrades stage 2 performance (see Figure 3 in [37] and Figure 1 in
[64]). Outside visual tokenization, previous work in text tokenization observes that optimizing text
tokenizer compression (i.e. stage 1 performance) leads to worse perplexity [33] and downstream
accuracy [48]. JetFormer [54] is an end-to-end training procedure for generation, using an auto-
regressive (AR) model in conjunction with a ow-based model to perform generation and compres-
sion at the same time. They balance this trade-off by using the ow-based model for compression,
which by its invertible nature, does not allow for information collapse.

1D-tokenizers for Generative Visual Models. Many recent works have identi ed the issue that
existing visual tokenizers are not built for auto-regressive generation and seek to rectify this issue
through the use of so-called “1D” tokenizers, which focus on global over local semantics. [17]
constructs a discrete tokenizer that captures high-level semantics by using Stable Diffusion [46] as
a stage 2 model. VAR and VQVAE-2 [50, 43] modi es the tokenizer to produce multi-scale tokens
for easier auto-regressive modeling. [66] and [56] use a transformer register-based [7] approach
to learn global tokens with perceptual losses. SEED [16] constructs a 1D tokenizer by using Stable
Diffusion [46] as a powerful decoder on quantized tokens. More recently, methods [2, 60, 38] extend
this strategy to create progressive tokens, which can be used to exibly re ne generated images for
sampling ef ciency. In contrast to these works, we do not modify the common VQGAN tokenizer
architecture and focus on constructing a causal regularization that enforces compatibility with a stage
2 auto-regressive model. This makes our work generally applicable, as variants of this architecture
are common across modern generation systems. We further rigorously study scaling properties with
respect to this regularization and other common interventions on tokenizer compression rate, which
is not found in existing literature.

3 Experiments & Methodology

Structure of our study. Our goal is to understand the variables involved in tokenizer construction
affecting generation performance at different model scales. First, we x a stage 1 tokenizer, and
study the connection between generation performance (gFID on ImageNet) and compute scaling.
We study how changing the stage 1 “rate” (bits per output pixel) affect stages 2 model performance
at various scales. Then we examine a new angle on the rate-distortion which affects compute-optimal
generation performance scaling: causally regularized tokenization (CRT).

3.1 VQGAN and Auto-regressive Image Generation

We summarize the standard auto-regressive image generation procedure [63, 49, 13].

Stage 1 (Tokenization). In this stage, the goal is to map an image R" W 2 to a set ofN
discretetokensX; 2 C, whereCis a codebook such th& RY. We also learn a decoder which

can reconstruct the original image from a set of tokens. We use the VQGAN architecture [13],
which is a ResNet-based architecture that is a mix of convolutions and self-attention layers in both
the encoder and decoder. During training, the encoder maps the inputinmagentinuous latents



Xi. Then, we use a codebook look-up to determine the nearest embetiddd. Finally, these
are passed to the decoder to get a reconstruction.

Stage 2 (Generation) In this stage, the goal is to learn a prior over the latent tokens learned in the
previous stage. For each image in our train set, we use the encoder learned in stage 1 to mapitto a set
of discrete tokens. We x an order with which to decode these tokens per image (raster-scan works
best empirically [13]), and treat these as sequences. Finally, we train a transformer with causal
6(tention to learn the conditional distributiopéXijxo:::X; 1) for all tokensx; by maximizing

iN:O g (XijXo:::X; 1) for our modelq . This is done by minimizing cross-entropy loss over the
next-token prediction objective. We train our generation models in the class-conditional regime. To
do this, we append a learned class token to the start of the sequence. We also use classi er-free
guidance (CFG) at inference time, where we predict a token based on both the class-conditional
and unconditional distributions. These decisions are discussed in detail in Section 3.6. Details on
architecture, training, and CFG discussed in Appendix A.

Data. We train and evaluate primarily on ImageNet (1.28M images, 1000 classes) for class-
conditional generation without introducing external data for both stage 1 and stage 2. To conrm
general applicability of our method to large scale datasets, we also evaluate our results on several
categories of the Large-Scale Scene Understanding Dataset. These categories are cats (1.66M im-
ages), horses (2.0M images), and bedrooms (3.02M images).

3.2 Metrics

Reconstruction metrics. We use Fechet Inception Distance (FID) [22] on a validation set as our
primary metric. We refer to this metric as rFID (reconstruction FID). We also report the signal-to-
noise ratio (PSNR) and multi-scale structured similarity metric (MS-SSIM) [59].

Generation metrics. We use FID between the generations and the whole validation set for our
primary metric. For clarity, we refer to this as generation FID (gFID). To conform with existing

literature, we use the OpenAl guided diffusion [10] repository to evaluate our models. We also
report Inception Score, precision, and recall, which are proxies for generation delity and diversity.

3.3 \Validation Loss and Generation Performance

3.3.1 Neural Scaling Laws for Image Generation

Scaling Laws for Generation Performance We want to study the relationship between validation

loss scaling laws (as studied in [29] and [20]) and generation performance scaling as measured by
FID. For modeling scaling laws, we use the common [29, 25] functional fof@) = L i, + LYC)
whereL i, is considered thérreducible lossof the problem and.® is the reducible lossas a
function of C (compute). In our case, we tYC) = C e . When graphed on a log-log scale,

is the slope and is they-intercept of a line. For both gFID and validation loss scaling laws, we t

Lmin empirically. We note that rFID is usually equivalentltq,, , however this is not always the

case in practice (see Figurdfar left)).

Experimental Setup. We x a stage 1 tokenizer (16k token codebook size, 256 sequence length),
vary stage 2 model parameters and compute dedicated to training. Fixing codebook size is important
because, all else being equal, validation cross-entropy loss is proportional to the intrinsic entropy
of the codes, which increases log-log-linearly by codebook size (see Figure 9). Each point in these
scaling law plots is aindependent training runWe only plot the end point of each training run

since our cosine learning rate decay schedule results in substantial validation loss changes in the last
few iterations of training. Given that we are iterating on a xed-size datasét ( 10 total tokens),

we do not scale models past 775M parameters to avoid data scale bottlenecks.

Log-log-linear loss scaling for visual token modelingln Figure 4, we present our ndings on the
relationship between compute scaling and validation loss. These results corroborate scaling trends
found in [20, 29]. We see consistent log-log-linear scaling with validation loss (Fig(left}) on

the compute validation loss Pareto curve across four orders of magnitude.

Validation loss and generation performance.In Figure 4(center), we plot the gFID score as a
function of training compute for different model scales. We see that, in general, lower validation loss
implies better generation performance (lower gFID). However, if we look at the upper Pareto frontier



Figure 3:Relationship between different methods of scaling bits/pixel and reconstruction per-
formance. Here we increase bits per pixel of either vary the codebookj€ig2 f 21°::: 217 g with

xed number of tokens\ = 256 or by varyingN 2 f 196:::576g with xed jCj = 2 using the
strategy described in Section 3.4. Increasing token count is generally more effective at the cost of
increased inference compute. We also compare our VQ recipe with FSQ [37], and nd it generally
outperforms, so we use VQ for all of our experiments going forward.

Figure 4: Neural scaling laws for auto-regressive image generation (ImageNet 256x256)e

show validation cross-entropy loskeff) and gFID €enter) as a function of total train FLOPs.
Across model scales, we observe log-log linear scaling with train FLOPs for both FID and cross-
entropy loss across Pareto frontiers. Moreover, we observe validation cross entropy loss is generally
predictive of gFID (ight). See Section 3.3.1 for further discussion.

for Figure 4(right) , we see that individual model scales can achieve lower gFID for correspondingly
higher validation losses. This is considered the “overtraining” regime with respect to validation
loss, described in [15]. This implies thedlidation loss is only predictive of FID ordering when the
number of training steps is held constamore generally, models on the training compute pareto
frontier of validation loss are also on the pareto frontier of gFID. This meansdngbute optimality

with respect to validation loss also corresponds to compute optimality with respect to gD if

speci ¢ orderings are not respected between the two quantities.

3.4 Sequence Length and Compute Scaling

In this section, we investigate how scaling the tokens per image affects rFID and gFID.

Setup. To vary the number of tokens per image, we follow [49] to re-use our tokenizers trained

at 256 256resolution and evaluate them at higher resolutions. Our base tokenizers are trained
with a downsample factor of 16: if we processRn R image, the number of tokens produced

is (R=16)> = R?=256. To measure rFID and PSNR, we take fRe R output and downsize to

256 256 with bicubic interpolation. In Figure 3 we observe the expected result that increasing
sequence length improves reconstruction performance. It also outperforms increasing codebook
size, however at the expense of a linear increase in inference cost. We use this method as opposed
to changing the number of encoder downsample layers (e.g. [13, 69, 32]) to avoid introducing
confounding variables related to architecture and to provide more granular control over token counts.

Sequence Length and Scaling Lawsln Figure 5, we see that for smaller models, training with a
lower number of tokens per image is more compute ef cient, whereas larger models take advantage
of the greater representation capacity of longer sequence lengths. Notably in those results, we nd
that increasing sequence lengths makes the compute optimal Pareto curve better only close to the
256 token/image rFID lower bound. Our main conclusion is thate compressed sequences are
generally more compute optimal before performance saturatids.gFID approaches the rFID
barrier, using more tokens per image becomes compute optimal.

5



Figure 5:Relationship between compute scaling laws and tokens per imag@/e show compute

scaling laws for stage 2 performance for different stage 1 tokens/image. We use the same base
tokenizer, expanded to greater tokens/image counts using the strategy described in Section 3.4. We
see that fewer tokens per image is generally more compute ef cient until we get close to saturation
(rFID lower bound), despite their much better reconstruction performance. @dsaight) shows

that the true trend deviates more from the predicted trend as tokens per image count increases close
to saturation, implying larger models are needed to maintain compute optimality.

Figure 6: Relationship between compute scaling laws and stage 1 codebook siA%e show
individual model scaling laws at three different stage 1 codebook sizes. 1k outperforms 131k at low
compute regimes and the trend reverses at high compute regimes. Note that 16k outperforms both
even though it has worse rFID that the 131k codebook size tokenizer (2.21 rFID vs 1.72 rFID).

3.5 Codebook Size and Compute Scaling

Codebook size is the second main mechanism for changing the rate of the image tokenizer. This
differs from changing sequence length because it has a minor effect on inference cost, both for the
stage 1 and stage 2 models, so the effect on scaling is more subtle. This is in contrast to scaling
sequence length, which increases inference cost linearly on both stage 2 and stage 1.

Stage 1 scaling by codebook sizén Figure 3, we show consistent improvements from 1k to 131k
codebook size in stage 1 rFID, PSNR, and MS-SSIM without collapse in performance or codebook
utilization, in contrast to prior work [13, 37, 64]. We credit this scaling improvement to modern VQ
recipes [62, 49] in conjunction with a long learning rate warm-up period (training recipe details can
be found in the appendix). We also show that our VQ recipe outperforms nite-scalar quantization
(FSQ) [37], a modern popular non-VQ quantization scheme.

Stage 2 model scale and codebook size. Figure 3, we study scaling laws for the extremes of the
codebook sizes we study (1k and 131k), along with our baseline codebook size of 16k. When we
use less training compute, we see that the 1k codebook outperforms 131k codebook by 5-10 gFID,
even though the rFID is signi cantly lower. At the other extreme, 131k outperforms 1k, as the stage

2 model nears the gFID saturation point and the worse rFID becomes a bottleneck. This crossover
happens arountio'’ train FLOPs. Important to note is that the 16k codebook size outperforms both

at almost every compute scale, implying that there is an optimal point for the rFID/gFID trade-off.
Interestingly, the change in scaling is not nearly as extreme as that exhibited by the tokens perimage
ablation in Section 3.4, despite the massive difference in rFID between 1k, 16k and 131k (1.7vs 2.21
vs 3.0 rFID). We suggest that this is because changing codebook size leaves training and inference
FLOPs largely unaffected, while compute scales linearly with increased token counts. We discuss
this further in Section 4. This also notably differs with prior works [5, 64], which show major
differences between stage 2 performance when using VQ with large codebook sizes.

3.6 Causally Regularized Tokenization

We have shown how Pareto optimal scaling laws change based on bits per pixel (bpp) used for to-
kenization. We have also shown that increasing bits per pixel above 16k codebook size and 256



Figure 7:Stage 2 compute scaling laws with CRT tokens (ImageNet 256x2568)e demonstrate

the superior scaling of CRT tokens across four orders of magnitude with respect to validation cross
entropy (eft) and FID genter). The trade-off between reconstruction performance and causal de-
pendence means that CRT yields better stage 2 performance across many model scales with worse
reconstruction (2.36 vs 2.21 rFID). The result is improved absolute generation performance and
1:5 to2:5 better scaling by training FLOPs.

Table 1:System-level and compute-controlled comparisons of autoregressive image-generation
models. (a) System-level comparison on ImageNet 256x2H§.Compute-controlled comparison
against a tuned VQ-GAN baseline on ImageNetCompute-controlled comparison against a tuned
VQ-GAN baseline across LSUN Cats, Horses, and Bedrookesoss all settings our tokenizer
(CRT) and its reconstruction performance optimized vari@®Jo,;, outperform baselines.

(a) System-level comparison between methods on Ima- (b) Comparison against tuned VQGAN
geNet 256x2560ur method outperforms other AR, discrete baseline (ImageNet) at saturation. CRT
methods at equal parameter counts (@ss inference com-  uniformly out-performs the baseline

pute than LlamaGen-3B for equal performand&RTop: de-

. P . . Tok. Type #Params  Tok/Im FB 1S" Pre¢ Rec
notes our reconstruction optimized tokenizer variant. B
Baseline 211M 256 3.32 251.93 0.84 0.52
Type  Model #Para Tok/lsh FID# IS" Pré' Rec (2.211FID)  340M 256 289 25325 0.83 054
" 550M 256 2.77 27753 0.83 0.56
g!g- ﬁ[?l\l\//ll 51?3] 8] i%‘(l)’;\/l/l - 1??-33 %%-(7) 069 063 775M 256 255 24223 080 0.60
1. -4- - N . - -
Diff.  DiT-L/2 [39] 458M - 502 1672 075 057 N
Diff.  DiT-XL/2 [39] 675M - 227 2782 083 057 SUEE) SRV S 5 anan 608 6o
Diff.  MAR-H [35] 943M - 155 303.7 081 062 (2367FID)  geom 256 255 27829 080 059
Mask. MaskGIT [3] 227M 256 618 1821 0.80 0.51 Uiy A5 285 DR O QE
Mask. RCG (cond.) [34] 502M 256 349 2155 - -
VAR VAR.BoS| oo o  sev aose oss oos  (© Comparison against tuned VQ-GAN
VAR  VAR-d24 [50] 10B 680 200 3129 082 059 across LSUN datasets Under the same
VAR  VAR-d30 [50] 2.0B 680 1.92 3231 082 0.59 compute constraints as (b), CRT un|form|y
25 gg\éﬁi{gsl 53-755 5515%0 féslé §§4 0-0338 0526 surpasses the tuned baseline on LSUN Cats,
AR VQGAN [13] 148 256 1578 743 - - Horses, and Bedrooms. gRilp is the pri-
AR VITVQ[62] 178 1024 417 1751 - - mary metric because Inception features are
AR LlamaGen-B [49] 111M 256 6.10 18254 0.85 0.42 out-of-distribution for LSUN.
AR LlamaGen-L [49] 343M 256  3.80 24828 0.83 0.51
AR LlamaGen-XL [49] 775M 256 3.39 22708 081 054 Dataset Tok. Type  #Params Tokim gRIp# gFID# Pre¢ Rec
AR LlamaGen-XXL[49] 14B 256  3.09 253.61 083 0.53 soeame 1M 2% 814 577 058 08
AR LlamaGen-B [49] 111IM 576 546 19361 0.83 045 (L3rFD) 34M 2% 737 521 058 058
AR LlamaGen-L [49] 343M 576  3.07 256.06 0.83 0.52 LSUN Cats 7M. 26 672 531 059 059
AR LlamaGen-XL[49] ~775M 576 262 24408 0.80 057 CRTuS) iu me & 408 0a1 0%
AR LlamaGen-XXL[49] 14B 576  2.34 253.90 0.80 0.59 - TISM_ 2% 674 532 060 057
. 111M 256 5.56 3.19 062 0.62
AR ;IamaGen 3B[49] 3.1B 576 218 26333 081 0.58 R EEE
AR RT-AR-111M 111IM 256  4.34 19533 081 052 LSUN Horses - 560620
AR CRT-AR-340M 340M 256 275 26524 0.83 054 CRT(OUS o ges  ses e o6l 063
AR  CRT-AR-775M 775M 256 235 259.12 0.81 0.59 (L83FID) 775m 255 405 276 o061 063
AR CRTy-AR-111M  111M 256  4.23 194.87 0.84 0.49 swoime 1M 256 981 257 059 0853
AR CRT,x-AR-340M  340M 256  2.45 249.08 0.82 0.57 Lson tedooms 0D TGN 3% G50 sss osr aer
AR CRTgu-AR-775M  775M 256 218 268.38 0.82 058 cRTowy LM 6 906 237 00 053
" " (139 FID) 340M 256 8.56 2.08 0.59 0.56
(validation data) 1.78 2369 0.75 0.67 775M 256 8.50 222 058 057

tokens per image generally makes scaling worse. Further, while reducing to 1k codebook size im-
proves the scaling law marginally, explicitly reducing the reconstruction capacity to such a degree
greatly harms generation performance close to saturation. Going past bpp as a measure of rate, we
study an alternate rate-distortion trade-off based on optimizing stage 1 latents for stage 2 perfor-
mance. Our guiding question isince our stage 2 model is an auto-regressive transformer, can

we imbue this inductive bias into the tokenizéi® show we can take our optimal baseline tok-
enizer and apply a simple causal regularization that improves scaling without changing bpp used for
compression.

Setup. Figure 1 demonstrates our key intervention. We apply.dioss parameterized by a causal
transformer to the tokertseforequantization, and backpropagate this loss to the encoder of the our
stage 1 auto-encoder. We train with this model-based losg() in conjunction standard VQGAN



Figure 8:Impact of CRT hyperparameter choices on reconstruction FID (rFID) and generation

FID (gFID). (top): Increasing the number of causal regularizer layers worsens rFID and, beyond 4
layers, also degrades gFl{hottom): Higher causal loss weights ) trade off rFID for improved
next-token prediction, with optimal balance at= 4. 0 layers and = 0 correspond to baseline.
Further discussion in Section 3.6.

losses, using the same hyperparameters as our baseline recipe. Applying this loss with cross-entropy
after quantization is intuitive; however, we found that this damages reconstruction delity too much
(see Section 4), since VQ tokens change discretely during training. If takeanges to tokep, the
cross-entropy loss treats it the same regardless of how similar the tiokedf are. Meanwhile; »

on pre-quantized tokens are naturally similarity aware. We use a 2-layer causal transformer with the
architecture of our stage 2 model. This introduces a 5% cost in training FLOPSs, which we control
for by training 5% less (2 fewer epochs). For both our baseline and CRT models we use a codebook
of size 16k and 256 tokens per image.

Effects on stage 1 reconstruction.After applying this loss, our tokenizer is marginally worse in
terms of reconstruction against the compute normalized baseline (2.36 rFID vs 2.21 rFID). Intu-
itively, our loss attempts to make tokeéras predictable as possible given tokens 0 thraughl.

The most predictable set of tokens would be if the encoder outputs a sequence of entirely dependent
tokens (e.g., the constant token). However, this reduces the total information that can be conveyed
through the tokens. Our CRT loss (a proxy for generation) con icts with reconstruction, implying a
trade-off. With this inductive bias, stage 2 scaling is improved, which we discuss next.

Improvements in stage 2 performanceln Figure 7, we show the relative scaling properties of stage

2 models using our CRT tokenizer compared to the VQ-GAN baseline (in Figure 4). For clarity, we
also include Pareto frontier scaling trends from Figure 4. Figuteff) Shows that stage 2 models
trained with our tokenizer achieve systematically lower validation losses. Figloenter) shows

that this translates to improvements generation performance on the training compute Pareto front.
Namely, our compute scaling law isiprovedfrom = 0:65to = 0:73 Finally, Figure 7

(right) shows the actual magnitude of improvement, which the log-log-linear plots obfuscate: CRT
achieves gFID scores with5 3 compute ef ciency and improve over the baseline, even with
worse rFID. We show comparisons at individual model scales in Table 1b, and detailed comparisons
across training durations in Appendix F. Our model systematically outperforms the baseline in all
compute and model size regimes.

Results on LSUN[61]. In Table 1c, demonstrate our method's generality by evaluating several
LSUN categories. We demonstrate improvements in gFID and g#D across three model scales

using CRT across all model scales. Note that we use CLIP gFID because these datasets are out of
distribution for the Inception network, making FID a more noisy metric.

Optimizing the CRT tokenizer for absolute performance. In the previous sections, we perform
compute-controlled comparisons of CRT and baseline. CRT outperforms the baseline despite the
trade-off in reconstruction performance. However, we showed previously that generation perfor-
mance close to the rFID barrier is affected by reconstruction quality. In this section, we apply
simple optimizations to boost reconstruction performance, which do not modify our fundamental
setup, to push the limits of our method. These include: (1) increasing training duration from 38
epochs to 80 epochs, (2) doubling the size of the decoder, (3) increasing the codebook size from
16k to 131k, which interestingly improves performance for CRT but not our baseline. With these
changes, our tokenizer achievie26 rFID. Our stage 2 training procedures remain constant. In Ta-
ble 1a, we show a system-level comparison of our method {£RAR) to other existing methods

in the eld. The closest comparison to our method is LlamaGen, which uses the same architec-
tures and inference method. Notably, we exceed the performance of the LlamaGen 3.1B parameter
model with our 775M parameter model, while using half the number of tokens per image. This is



Figure 9:Entropy analysis of image tokenizers. We do a deep analysis of how tokenizer entropy
distributions. Per position and total entropy deviate with increasing codebook size, implgiragn
modeling gains which are not re ected in codebook utilization. Skewfmsster right) is another
view of the concentration of codes property demonstratg@enter left). We compute skewness as

zentropy per position

1 “—waewory—» demonstrating that as the codebook size increases, so does codebook specialization
per position.(far right) shows CRT tokenization uniformly reduce stage 2 loss across all positions,
improving stage 2 generation performance. See Section 4 for more details.

an8x reduction in inference compute. We show uncurated qualitative examples from select object
categories in Figure 14 and further examples in Appendix G.

Hyperparameter Ablations. There are two key choices involved with our causal I¢&¥the size

of the causal model used during stage 1 training @)dhe weight we assign to thé, next-

token prediction loss (L crt ). We include an ablation of these parameters in Figure 8. We plot the
relationship of rFID and gFID with respect to these parameters, computing gFID over an average of 4
stage 2 model scales (52M, 111M, 211M, 340M) trained for 250k iterations each. In Fi¢jaf9 8

we increase the number of layers in our causal regularizer. For every 2-layers we add, we reduce
the overall training time by 5% to compensate. We see that rFID uniformly increases with more
layers, as expected. After 4 layers, this worsening rFID hurts average gFID. Thus, we chose to use
two layers in all of our experiments, which has the added advantage of being very computationally
cheap. In Figure &right), we see a similar trend. Increasingbiases the encoder to focus on
making representations easy for next-token prediction rather than reconstruction, making overall
rFID worse. However, there's a sweet spot aroundg 4 where this worsened reconstruction is
within acceptable range and this also improves overall generation performance.

Loss Function Ablation ("» vs cross-entropy). In Appendix E, we show comparisons between

", loss and cross-entropy (CE) loss. We also compare to the loss suggested by [56], who propose
a similar auto-regressive inductive bias in the video domain (based on CE)otn general,

CE losses harm reconstruction performance in our setting but fail to provide substantial generation
performance improvement to be worth the trade-off. This deviation from ndings in [56] is likely
due to two reasongl) They use an architecture that is substantially different from ours, focusing on
global versus local tokens (we use the VQGAN architecture for compatibility with existing SOTA
literature)(2) The video generation setting they studied is much further from performance saturation,
meaning changes to tokenizer reconstruction are less likely to harm generation performance.

4 Analysis

Factors affecting validation loss.We saw in Section 3.4 that tokens per image affected compute
scaling more signi cantly than changing the codebook size. Why is that? We note that for a stage 2
unigram model, the loss lower boubhd,, is the empirical entropy of the codebook distribution per-
position, since cross-entropy can be decomposedHr{td) + Dy, (g(X)jp(X)) andDk. ! O

whenqg! p. In Figure 9(far left) , we measure this directly over the ImageNet train set over various
codebook sizes.In Figure(Benter left), we see that the per position entrogynvergeseven as the

overall codebook entropy increases log-linearly due to uniform codebook utilization. This implies
that as codebook size increases, codes become more specialized by position. This has the effect of
ensuring that. i, for a unigram model does not increase, meaning that our stage 2 model can still
learn even with very large codebook sizes.

What does CRT do? L, for ann-gram model is upper-bounded by this estimatei4X ;)

H(XijX« ). H(XijX« ) is not directly measurable, this quantity is what we are trying to estimate
with language modeling. We directly model and minimize this in stage 1 with CRT, using the same
architecture as in stage 2, to ensure that our inductive biases transfer. In Fifargdgh( ), we plot

the stage 2 losses per-position for a 211M parameter auto-regressive model between our baseline



tokenizer and CRT. These tokenizers have the same codebook size, utilization, and per-position
entropy. However, we see that CRT lowers loss uniformly across token positions, with most of the
loss reduction happening at the end of the sequence. This implies that the CRT tokenizer has less
estimated entropy than baseline when using a causal entropy model.

5 Conclusion & Future Work

We systematically study the tradeoff between compression and generation for image tokenization
and reveal several key insights: First, we demonstrate that the relationship between compression
and generation quality is nuanced: smaller models bene t from more aggressive compression, even
at the cost of reconstruction delity. Second, we provide a principled framework for analyzing
this trade-off through the lens of scaling laws, showing consistent patterns across multiple orders
of magnitude in computational budget. Finally, we introduce Causally Regularized Tokenization
(CRT), a method for optimizing tokenizers speci cally for autoregressive generation. We add a
causal inductive biases during tokenizer training which substantially improves compute ef ciency
(2-3x) and parameter ef ciency (4x reduction) compared to previous approaches. Notably, these
gains are most pronounced in the resource-constrained regime, making the method particularly valu-
able for practical applications. Our results highlight the importance of considering the interaction
between different components for multi-stage machine learning pipelines: rather than optimizing
each stage independently, we achieve signi cant gains by baking in inductive biases in early stages.
This principle suggests several promising directions for future work, for example extending to other
architectures (e.g. diffusion models) or other modalities (e.g. video and audio tokenizers).
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Structure of Appendix. Appendix A documents full training details for all experiments and ar-
chitectures. Appendix B discusses the limitations of our experimental methodology. Appendix E
provides further ablations to justify our choice gfover cross-entropy loss with CRT. Appendix F
provides more detailed scaling analysis across a range of experiments in the main paper. Appendix G
(Figures 15-28) provide uncurated qualitative generations across a range of ImageNet categories for
our best model.

A Further training details

In this section, we enumerate the complete training details for experiments in Section 3. These basic
hyperparameters are the same for both

A.1 Stage 1: VQGAN training

We largely follow the training recipes from [13] and [49] to train our tokenizer, with modi cations
that we state here. The VQGAN architecture is exactly that of [13], with the following standard loss
terms (not including our CRT loss):

L= wvolvo+ ocanlean+  Perceptud-Perceptuat L2l 2: 1)

The perceptual loss comes from LPIPS [67]. Thdoss is de ned ad »(x;y) = kx  yk3 be-
tween the reconstruction and the input. The weights for each loss age= 1:0, gan = 0:5,

percepual = 1:0, 12 = 1:0. We start gan at 0. After 20K iterations, we anneagan to 0.5
using a cosine schedule for 2k iterations.

GAN Loss Details.The GAN loss uses the PatchGAN [27] as a discriminator with the Wasserstein
GAN loss function from [1] directly on reconstructions from the auto-encoder to force the output to
look “realistic.” This is the only “reference-free” image loss used. Using improved StyleGAN and
StyleGAN2 [30] discriminators ended up with worse qualitative results in our setting.

Codebook Loss Details.Following [62, 49], we project from 256 to 8 dimensions before doing
codebook lookup and perform codebook lookup with cosine distance. We use two losses, a quan-
tization error loss and a commitment loss, both proposed in [55], with a commitmen0 :25.

We do not use entropy loss, as it was unnecessary to prevent codebook collapse in our setup. We
nd that training with a long learning rate warmup period is crucial for scaling beyond 16k codes,
otherwise performance saturates at 2.1 rFID and codebook utilization stagnates.

Optimization Parameters. We use Adam [31] with learning ratee 4 and = (0:9;0:95).
AdamW with weight deca:1 performs identically. We use the same optimization parameters for
the PatchGAN discriminator. We use with linear warmup fritem 5 for 3k iterations, batch size 128

and a constant learning rate. We found that this warmup is critical for good performance, especially
for codebook length and training duration scaling. Cosine learning rate gave very similar results,
and constant learning rate allows for continued training. We train for a total of 400k iterations unless
stated otherwise.

CRT details. CRT is our L2 next-token prediction loss applied to the raster-order tokens during
stage 1 training. The weight for this loss for all of our experiments is 4.0 (we include a sweep in
Figure 8) Like with the GAN discriminator, we anneal this weight from 0 to 4.0 for 1k iterations
from the start of training. The duration of this annealing is not important for nal performance.
The architecture we use is identical to our stage 2 model, except with no last classi cation layer
and no token embedding layer (replaced with a single linear layer). We use a separate optimizer for
this component: an AdamW optimizer with learning rate angarameters matching the original
VQGAN at all iterations. Our weight decay wasl. We normalize the loss by the annealed weight

at all iterations so that the causal model training is not impacted by its weight. To control for extra
training FLOPs, we drop the number of training iterations to 380k. FordxRWe train for 800k
iterations.
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Table 2: Stage 2 model con gurations. These are the parameters for the Llama architectures we
use in our stage 2 experiment sweeps. To construct this sweep, we interpolated by head and layer
counts with existing standard models (-S, -M, -L, etc.) and ensured 64 dimensions per head.

Parameters Heads Layers Dimension

521 10 10 6 640
8:.06 10’ 11 9 704
111 10° 12 12 768
212 1¢° 14 18 896
343 10° 16 24 1024
517 10° 18 30 1152
7.75 10° 20 36 1280

A.2 Stage 2: Auto-regressive training

Architecture. Following [49], we use the Llama 2 architecture [51] with QK-layer normalization [8]
for stability. For some 576 tokens/image runs, we also needed to use z-loss [6] with a coef cient of
le 4for stability. We nd that this did not impact the performance of stable runs.

Optimization. We perform data augmentation using ten-crop, allowing us to pre-tokenize the train
set during stage 2 training. We use AdamW, b€@s8; 0:95) and a cosine learning with schedule
with a linear warmup (5k iterations) and a batch size of 256. Our max learning 2de i8, with a
pre-warmup learning rate @& 4, annealing our learning rate to 0. We also include a class token
dropout rate of 0.1, where we replace the class-token with a randomly initialized learnable dummy
token to enable classi er-free guidance. We train for a total of 375k iterations unless otherwise
stated (we often sweep this parameter for stage 2 scaling law experiments).

Class-conditioning and Classi er-Free Guidance (CFG).For class-conditioning, we prepend a
special class token to image token sequences at train time. At inference time, we use the relevant
class token to start the sequence to generate an image of a particular class. We sample with next-
token prediction without tofx- or topp sampling. All our results use CFG at inference time to
further emphasize classi er guidance. To do this, we have two inference procedures, one with the
class-token and one using the aforementioned dummy token. At each timestep, these yield logits
“u for the unconditional logit, and. for the class-conditioned logit. To get the next token, we
sample from the combined logditg = v +(°c "u) , where is known at the CFG scale. This

kind of sampling was initially used for diffusion [24], but has seen success in auto-regressive image
generation as well [65, 49] and is used commonly.

CFG trades off delity and diversity (related to precision and recall respectively) of generation, and

we found that the optimal CFG scale was also pareto optimal for precision and recall. To choose
our CFG scale at inference time, we split a 50k subset of the train set (not held out during training)

to compute FID against. We select the optimal FID against samples frarh1:5; 1:75; 2:0; 2:25g

and use those generations against the validation set. We do this because CFG can have a large effect
on FID score [35, 49, 50], and optimizing directly against the ImageNet validation set can pollute
our evaluation. However, in separate experiments, we nd that optimal CFG against this train split
and the validation set are identical in practice.

A.3 Scaling law sweep details

To produce scaling laws (e.g. Figure 4), we sweep training compute by changing the num-
ber of total training iterations. Because we are in the repeated data setting, unlike [29], and
we are using a cosine learning rate schedule, we need to evaluate the end points of separate,
independent training runs to produce these curves. The iteration counts we sweep over are
f 15k; 22:5k; 45k; 90k; 187:5k; 375; 750k; 1:5M; 2:25M g for all models. We compute estimates

for training FLOPs using the approximation from [29]. The architecture parameters for our sweep
can be found in Table 2.
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Figure 10:Stage 2 Validation Loss by Dataset SizeHere we study the data scale bottleneck by
varying the total size of the dataset. Every model was trained for 250k iterations at batch size 256.
We see that our dataset is large enough to demonstrate scaling laws at the parameter range studied.

A.4 Computational Cost

Each experiment can be run on one node of 8 80GB A100s. Training the tokenizer for 40 epochs
takes 3 days in this setting. The largest stage 2 model (770M) trained for 375k iterations takes 3.5
days, and the cost decreases linearly with the number of parameters and training iterations.

B Limitations

Our work has a few speci c limitations, largely related to the availability of compute and data. First,
the largest model we test is 775M, which we do in order to prevent over tting (given that ImageNet

is a nite dataset). This is close to the range of current state-of-the-art image generation models,
such as [12] which ranges from 800M parameters to 8B parameters, but is smaller than modern
large language models [25, 51]. Future work could include scaling parameter counts. Second, we
primarily evaluate on class-to-image synthesis and not text-to-image synthesis. We do this because
FID is a much more well-behaved metric on ImageNet (see inconsistent scaling in LSUN results by
parameter count in Table 1c). However, this means we cannot train on web-scale datasets, and thus
are in the repeated data regime, deviating from [29]. In Figure 10, we study the effects of this but
varying the stage 2 training set size (375k training iterations), showing that for existing model sizes
we are not yet in the data bottleneck regime. Future work could include validating an in distribution
metric (e.g. CLIP FID) on a large scale text-to-image dataset and then reproducing our scaling laws.

C Broader Impacts

Our method, as applied in this paper, makes training of image generation models more ef cient and
boosts overall performance. Image generation in general has broader social impacts. For example,
Deepfakes can cause personal harm. Popular text-to-image models can be seen as stealing artist data
for corporate gain. In its most benign form, this method can be used to accelerate research on fully
legal datasets (e.g. Creative Commons images), however that may not be how it is used in the future.

D Further Baseline Tokenizer Ablations

Table 3 shows the difference between native resolution training and resolution extrapolation (the
method used in the paper). Native resolution training improves performance very little compared
to extrapolating to higher resolution images. This allows us to compare a xed tokenizer at many
different compression rates, removing the confounding aspect of higher resolution training.

Figure?? shows the result of training with and without a long learning rate warmup period. This
was crucial for achieving high codebook utilization and good performance without collapse for large
codebooks.
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Figure 11:Effects of learning rate warmup on tokenizer performance.

Table 3: Training Tokenizers at Native Resolution. Native resolution training improves perfor-
mance very little compared to extrapolating to higher resolution images. This allows us to compare
a xed tokenizer at many different compression rates, removing the confound of higher resolution
training.

Tokens per Image  Native resolution training rFID / gFID

400 no 1.30/3.76
400 yes 1.21/3.72
576 no 0.99/3.61
576 yes 0.93/3.66

E Further CRT Ablations

Results for different causal loss application con gurations are presented in Table 4.

Table 4. Comparison betweép loss and CE loss for causal regularization. The LARP loss is also
compared with components relevant to this setup (CE + stochastic VQ + cosine distance + scheduled
sampling [56]). The setup from [56] is likely more successful in conjunction with global register
tokens as opposed to patch tokens (as in our case). We report average gFID across stage 2 scales
52M, 111M, 211M, and 340M trained for 250k iterations each.

Causal Loss Form | rfFID | Avg. gFID
", before quantization (CRT) 2.36 5.51
", after quantization 2.61 6.37
CE after quantization (= 0:03) 2.53 6.10

LARP (CE + SVQ + scheduled sampling) 2.67 6.08

Effects of decoding order on performance As noted in prior work [13] raster-scan is empirically

the best canonical ordering for image generation. Our results corroborate this. While CRT provides
improvements in these settings, it is not enough to overcome the difference in ordering performance
(> 1gFID). It is possible that a more exible base architecture (e.g. a 1D transformer based tok-
enizer) than that of VQGAN would allow for more exible re-ordering, and we believe this to be an
interesting direction for future work.

F More Detailed Scaling Plots

In this section we cover more detailed scaling law explorations expanding on plots in the main paper.

Figure 13 provides a different perspective on the comparison between Figures 4 and 7. We do this
by comparing stage 2 model scales directly by gFID performance by train FLOPs. Note that like
the main gure, each point is an independent training run. We see that CRT tokens improve perfor-
mance at all scales both for training ef ciency and nal performance. This difference is especially
pronounced at the smaller compute and parameter scales.
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Figure 12:Effects of CRT weight on VQGAN losses.In general, increasing loss weight increases
losses related to perceptual quantities (€.g.reconstruction, discriminator loss, and perceptual
LPIPS loss). It also seems to reduce codebook losses, like VQ and commitment.

Figure 13: Individual model scale comparison for Figures 4 and 7.Here we show how stage

2 gFID scales with respect to train FLOPs with both the CRT and baseline tokenizer. We see that
with CRT tokens, stage 2 learns faster and also ends up more performant across all model sizes,
especially at smaller scales (note the log-scaled y-axis).

G Qualitative Examples

Figures 15-19 show non-cherrypicked generation examples from our best modg| @RF775M.

They demonstrate a high degree of diversity and image quality across a wide array of classes. Fig-
ure 29 shows selected comparisons with and without CRT, constructed so that overall image structure
is comparable. CRT demonstrates better long-range and structural consistency.

H Text-to-image results

The main body of this work focused on ImageNet, since it is an established benchmark with good im-
age diversity. However, much of the large-scale work on image generation focuses on text-to-image
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