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Abstract. Attention-based models often develop attention sinks, where
a small number of tokens repeatedly attract attention and accumulate
unusually large activations. In vision transformers, these outliers are
closely related to registers, which have been diagnostically linked to
global, low-frequency image structure. Existing work has largely studied
registers through interpretability analyses and linear probes, leaving open
whether they can be operationalized as plug-and-play signals for genera-
tion without retraining. We revisit this question in tokenized image gen-
eration. Using OpenCLIP and DINOv2 on ImageNet, we find that test-
time register features exhibit stronger low-frequency concentration than
both [CLS] readouts and patch-mean features, and show a consistent (al-
beit moderate) correlation with pixel-space DCT low-frequency energy.
Motivated by these diagnostics, we introduce RegToken, a training-
free procedure that converts register structure into a small set of global
prior tokens by (i) NFN-based layer localization, (ii) TokenRank-guided
subspace extraction, and (iii) a projection-and-conservation update on
the register subspace. Inserted into a frozen compact 1D token gener-
ation pipeline, RegToken improves ImageNet generation and alignment
metrics (e.g., FID-5k 20.5 — 20.1, SigLIP 3.6 — 3.9) without modify-
ing pretrained weights, and accelerates test-time optimization (Steps@r
74 — 52). Overall, our results suggest that structures often viewed as
attention artifacts can be repurposed as lightweight global priors for to-
kenized generation.

Keywords: Vision Transformers - Attention Sinks - Register Tokens -
Test-Time Methods - Tokenized Image Generation

1 Introduction

Attention-based architectures such as Vision Transformers (ViTs) [6], large lan-
guage models (LLMs) [2,36], and multimodal transformers [23,4] rely on repeated
token interactions through self-attention, yet they consistently exhibit attention
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Fig. 1: Overview of our proposed RegToken. (a) Prior test-time register insertion
methods [14] rely on heuristic layer and channel selection, which limits their transfer-
ability across architectures. We instead localize register structure using NFN-based
layer scores and TokenRank-guided channel importance, and construct register to-
kens through a projection-and-conservation interpolation rule. (b) The resulting test-
time registers act as compact global control tokens for a compact 1D token generation
pipeline, providing global context that is consistent with low-frequency scene cues and
improving generative quality and text—image alignment on ImageNet benchmarks.

sinks, where a small subset of tokens attracts a disproportionate share of atten-
tion and accumulates unusually large activations. Across language and multi-
modal models, sink tokens (often near sequence boundaries or weakly semantic
positions) can behave as persistent computational reservoirs [30,25,15,27,9]; in
vision transformers, analogous high-norm outlier tokens attract large attention
mass and often align with visually uninformative regions [5,14]. Importantly,
these outliers are not merely artifacts: evidence suggests they encode structured
global information, including coarse layout and low-frequency scene statistics [5].

Several approaches have proposed to interpret or control this behavior. Darcet
et al. [5] introduce register tokens during training, providing dedicated positions
that absorb internal computation and stabilize dense representations. More re-
cently, [14] show that a sparse set of register neurons can drive the emergence
of high-norm outliers and demonstrate that similar effects can be reproduced
by injecting test-time registers into frozen models. These perspectives suggest
that attention sinks arise from an interaction between token-level outliers and
neuron-level activation patterns.

Despite these insights, an important question remains open. If registers in-
deed encode structured global information, can they be reused as a compact
signal for downstream tasks — particularly for generation — without retraining
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large pretrained models? Existing work mainly studies registers through inter-
pretability analysis or discriminative probes. Turning them into a practical gen-
erative prior requires identifying where register-related structure appears in a
frozen backbone, isolating the relevant feature directions, and consolidating the
signal into a small number of tokens that a generative decoder can consume.

In this work, we explore this question in the context of tokenized image gen-
eration. As a diagnostic, we analyze token representations from OpenCLIP and
DINOv2 on ImageNet images. We observe that features associated with register
tokens consistently concentrate more energy in low-frequency components than
both [CLS] tokens and patch-mean features. These patterns suggest that regis-
ter representations emphasize smooth, scene-level information that complements
both discriminative readouts and local patch details.

Motivated by this observation, we propose RegToken, a training-free frame-
work that converts register-associated structure into a small set of global prior
tokens. Our approach first identifies where register activity emerges in a frozen
backbone using Normalized Feature Norms (NFN), a forward-only criterion that
highlights modules whose responses are dominated by a small number of feature
directions. We then localize register-relevant channels using a TokenRank-guided
importance measure that links neuron activations to token centrality in attention
dynamics. Finally, we consolidate these signals into dedicated tokens through a
projection-and-conservation interpolation rule that transfers register-subspace
energy from outlier patch tokens while approximately preserving global statis-
tics. When integrated into an HCT-style generation pipeline built on compact
1D visual tokens [34,1], the resulting tokens act as compact global control sig-
nals. Experiments on ImageNet benchmarks show consistent improvements in
generative quality and text—image alignment, measured by FID, IS, CLIPScore,
and SigL.IP, while keeping both the backbone and the decoder fully frozen.

— We analyze register-associated features in large vision transformers and show
that they emphasize low-frequency, scene-level statistics distinct from both
[CLS] readouts and local patch tokens.

— We introduce RegToken, a training-free method that extracts register struc-
ture from frozen ViTs and converts it into a compact set of reusable tokens
through NFN-based layer localization and TokenRank-guided register sub-
spaces.

— We demonstrate that test-time registers can serve as global priors for to-
kenized image generation, improving FID, IS, CLIPScore, and SigLIP on
ImageNet while keeping pretrained backbones and decoders frozen.

2 Related Work

Attention Sinks and Registers. Attention sinks have been observed across
language, multimodal, and vision transformers [30,25,9,15,21]. In language mod-
els, a small subset of tokens often attracts persistent attention and acts as a
computational reservoir during long-context decoding [30,25]. In vision trans-
formers, similar effects appear as high-norm outlier tokens that accumulate large
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fractions of attention mass and frequently correspond to visually uninformative
regions [5,14]. Darcet et al. [5] introduce learned register tokens during training
to absorb internal computation and stabilize dense representations. Comple-
mentarily, [14] trace these outliers to a sparse set of register neurons and show
that similar effects can be reproduced by injecting test-time registers into frozen
models. These studies suggest that sink-like tokens may encode structured global
information rather than being purely artifacts.

Analyzing Transformer Attention. Recent work has explored broader tools
for interpreting or reshaping transformer representations beyond raw attention
weights, including attention analysis, sparse representations, robustness diag-
nostics, and module-level feature statistics [33,32,29,10]. [31] propose a sparse-
attention rule for long-form reasoning that aggregates per-head token selections
into a global ranking used by later layers. At the module level, [12] intro-
duce Normalized Feature Norms (NFN), a forward-only criterion that measures
module—data alignment and helps identify layers suitable for parameter-efficient
adaptation. Orthogonally, [7] interpret attention matrices as Markov chains and
define TokenRank as the stationary distribution capturing multi-hop token influ-
ence. Together these perspectives provide complementary diagnostics of where
important computation occurs and which tokens dominate attention flow. Our
approach builds on these insights to localize register structure in frozen back-
bones.

Tokenized Image Generation. Recent work has explored compact or struc-
tured representations for generation, reconstruction, and multimodal under-
standing across images and related visual domains [19,17,18,13,11,28,26,8]. TiTok [34]
introduced compact one-dimensional visual tokens for image reconstruction and
generation, showing that images can be represented by a small number of dis-
crete tokens. Following this line, HCT [1] uses highly compressed token sequences
together with test-time token optimization for image generation. More recent
text-aware tokenizers, such as TexTok [35] and TA-TiTok [16], condition image
tokenization on language, allowing visual tokens to focus on image details while
text provides high-level semantics. AToken [20] further studies unified tokeniza-
tion across images, videos, and 3D assets. Frequency-based compression methods
also show that vision features concentrate energy in low frequencies and can be
aggressively compressed with limited performance loss [27]. Orthogonal to these
broader representation and tokenizer-design efforts, our work does not train a
new tokenizer or condition the tokenizer on text. Instead, RegToken extracts a
training-free global prior from frozen ViT register structure and injects it into a
compact 1D token generation pipeline.

3 DMotivation and Challenges

Recent studies show that attention sinks in transformer architectures are not
merely artifacts but often reflect structured internal computation. In vision
transformers, high-norm outlier tokens tend to attract large fractions of attention
mass, and introducing explicit register tokens during training has been shown
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Table 1: Low-frequency concentration of token features. Statistics are com-
puted on 1000 ImageNet images using the same token features as in Figure 2. We
report Mean+Std and paired t-test p-values. Top: DINOv2. Bottom: OpenCLIP.

Metric [REG] Patch-mean [CLS] p ([REG] vs Patch) p ([REG] vs [CLS])
pras T 0.507 £0.076 0.443 +0.073 0.504 £+ 0.078 1.13 x 10798 7.32x 107*
dBiow T —10.03 £2.63 —18.60 +1.95 —10.48 £ 2.28 < 10739 4.8 x 10716
pras T 0.524£0.017 0.508+0.067 0.495+0.089  1.60 x 10~** 1.99 x 1022
dBiow T —3.024+0.38 —7.2441.26 —11.334+1.52 < 107300 < 107300

to absorb these outliers and stabilize dense features [5]. Complementarily, [14]
demonstrate that a sparse set of register neurons can drive the emergence of such
outliers and show that similar effects can be reproduced through test-time regis-
ters in frozen models. Related phenomena have also been reported in language
and multimodal transformers, where a small subset of tokens acts as persistent
attention sinks that influence information routing in long contexts [30,9,15]. Sink-
or register-associated representations are not necessarily unstructured noise. For
example, [14] report that test-time register features achieve competitive linear-
probe accuracy on ImageNet relative to the [CLS] token (Table 1), suggesting
that they encode systematic information.

This raises a natural question: what information do register representations
capture, and how do they differ from other tokens?
Notation and Preliminaries. Let X € RV*¢ denote the token embeddings
entering attention layer ¢, where N = 1+ R+ P consists of one [CLS], R [REG],
and P [PATCH] tokens. Self-attention is computed as:

QI =XWh, K'=X'Wg, Vi=X'Wy, (1)
Af = softmaX<Qf/I%T) ., AttnOut = AV (2)

where Wé ng and W{, are learned projection matrices and A’ denotes the
attention matrix for a single head. A token is referred to as an attention sink
if it consistently receives a large share of incoming attention across layers. In
vision models, a register token is an explicit position introduced to absorb global
computation [5], while a register neuron denotes a sparse subset of channels
whose large activations concentrate on outlier tokens [14]. A test-time register
refers to a register-like token or high-norm outlier behavior identified in a frozen
model without retraining. In this paper we focus on large vision backbones. We
use RegToken to denote our extracted global prior token. It is not a learned
register token; rather, it is a training-free token constructed from frozen ViT
register structure and mapped to a compact-token generation pipeline.

3.1 What Registers Store?

Prior Evidence. Previous studies report that high-norm outlier tokens fre-
quently appear in low-information regions and behave as internal workspaces
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Fig. 2: Spectral structure of token embeddings. We visualize PCA-projected to-
ken features and their 1-D FFT spectra along the feature dimension for three token
types: register, patch-mean, and [CLS]. Across both OpenCLIP and DINOv2, [REG]
features exhibit stronger low-frequency concentration than patch-mean features and
differ systematically from [CLS] representations. This pattern suggests that register
tokens encode smooth, scene-level statistics, whereas [CLS] primarily reflects discrim-
inative readout and patch tokens encode finer-grained details.

within ViTs [5]. Introducing learned register tokens during training absorbs these
outliers and produces smoother features and attention maps. A training-free vari-
ant identifies sparse register neurons that drive high-norm activations and shows
that test-time registers reproduce similar effects across OpenCLIP and DINOv2
backbones [14]. More recently, DINOv3 [24] incorporates learned registers and
Gram anchoring to stabilize dense features, suggesting that modern ViT archi-
tectures treat registers as dedicated global workspaces.

Hypothesis and Analysis. Motivated by these findings, we examine what
type of information register-associated features capture. Our hypothesis is that
register representations emphasize smooth, scene-level statistics such as color
tone, illumination, and coarse spatial layout, rather than local high-frequency
details.

To test this hypothesis, we analyze token features from OpenCLIP and DI-
NOv2 on 1000 ImageNet images. For each image we compute PCA-projected
embeddings and analyze their spectral properties by applying a one-dimensional
FFT over the feature dimension. This diagnostic measures embedding smooth-
ness rather than spatial image frequency. We compare three token types: test-
time [REG], patch-mean features, and [CLS].

To quantify low-frequency concentration, we compute two scalar metrics per
image: p1.15, the low-band energy ratio (excluding DC), and dBioy, & measure
of low-band spectral flatness. Table 1 reports the mean and standard deviation
across images together with paired ¢-test p-values. Across both backbones, [REG]
tokens consistently exhibit stronger low-frequency concentration than patch-
mean features and [CLS] tokens, often with p < 1076, The trend remains
after whitening; Figure 2 shows representative spectra and PCA visualizations.

To relate this embedding-spectrum diagnostic to pixel-space statistics, we
further correlate p1.15 and dBio,, with an image-level low-frequency energy ratio
computed using a 2D DCT on RGB pixels. We observe a consistent positive cor-
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relation (Table S3 and Appendix D.3 in the supplementary material), suggesting
that register features are associated with low-frequency image structure.

Taken together, these results suggest that register tokens encode compact,
slowly varying information distinct from both [CLS] (task readout) and local
patch features. This distinction is particularly relevant for tokenized image gen-
eration, where only a small number of tokens must represent global structure
during test-time optimization. In HCT-style 1D decoding, a compact global sig-
nal can therefore guide generation without modifying pretrained weights. These
observations motivate the use of test-time registers as compact global prior to-
kens in the generation experiments that follow.

4 Method

The observations in Section 3 suggest that register-associated features encode
smooth, scene-level statistics that summarize global image structure. We lever-
age this property by turning test-time registers into a small set of global prior
tokens that guide token-based generation while keeping the backbone and de-
coder fully frozen. Unlike prior register analyses that focus on representation
smoothing [5,14], our goal is to convert register structure into reusable tokens
for generative decoding. Our method first localizes register-related structure in a
frozen ViT backbone, then constructs register tokens through token—neuron in-
terpolation, and finally injects these tokens into a tokenized generation pipeline.
The key technical challenge is to identify the register-neuron subspace in a model-
agnostic and training-free manner.

Overview and Generation Protocol. Our RegToken has two components.
First, we localize a register subspace in a frozen ViT backbone (Sections 4.1 —
4.3). Second, we map the resulting register tokens to a frozen tokenizer/decoder
for generation (Section 4.4). To avoid ambiguity in evaluation, we distinguish
token construction and insertion from optional test-time optimization. Unless
otherwise stated, we consider two regimes with frozen weights: prior injection
(all .7 fixed) and prior + opt (optimize only the inserted zo while keeping z;.7
fixed). Implementation details and hyperparameters are provided in Appendix A
in the supplementary material.

4.1 Register Subspace Localization

The original test-time register procedure of [14] identifies layers where token
norms or attention mass increase sharply, selects high-norm patch tokens around
those layers, and ranks channels by their average activations at these outlier
locations. While effective, this heuristic depends on architecture-specific hyper-
parameters and manually chosen layer windows.

NFN-based Layer/Module Selection. Following [12], we first determine
where to intervene by measuring Normalized Feature Norms (NFN) across layers
and submodules. For a module W (e.g., a per-head @, K, V projection, attention
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output, or MLP up/down projection) with input feature zj,(x) for image =,
define:
[Wzin ()2

NENV:2) = @)l

(3)
where Z,(z) is a random vector with the same dimension and norm as zi,(z)
and i.i.d. zero-mean Gaussian coordinates. Aggregating over a dataset D and
attention heads yields the layer-module score:

NFN{n = Euop [medianh NEN (W (6m:h), x)] , (4)

with m € {Q,K,V, AttnOut, MLP4+, MLP| }. We formulate per-layer evidence by:

S = max NFNy . (5)
m

Values Sy ~ 1 indicate responses comparable to a random baseline, while large
Se highlight modules whose outputs are dominated by a small subset of input
directions. In practice these peaks coincide with layers where sink/register be-
havior becomes prominent. We therefore select the x layers with the largest Sy
as candidate layers Leana (typically k € [3,5]). Unlike PLoP [12], which uses low-
NFN modules to place LoRA, we treat high-NFN layers as indicators of strong
feature amplification associated with sink effects.

Token-level Localization. For each ¢ € L..,,q we compute token £s-norm
maps over a window of w layers around ¢ (e.g., w = 3). Outlier tokens are
detected using a robust threshold based on the median and interquartile range.
We retain the top-n spatial indices 2, = top-n(PATCH) that consistently appear
as high-norm tokens within this window.

Neuron-level Extraction. Given (2;, we rank channels by their mean absolute
activations over these outlier tokens in the preceding A layers:

A
_ 1 (t—5)
= Al > > ay .7, (6)

Jj=1pef2,

where a“;j ) denotes the activation of channel d at token p and layer ¢ — j.
The top-k channels Ry = top-k({rq}) are taken as register neurons, defining the
register subspace span{ey : d € Ry}.

From Subspace to Test-time Registers. Given R,, we introduce auxil-
iary register tokens that absorb activations along the register subspace. Let ;g
denote the new token. Before the residual update, we transfer activations on
Re from outlier patches to t.e,, effectively concentrating global statistics in a
small number of tokens while suppressing artifact-inducing outliers. No model
parameters are modified.

Defaults. Unless otherwise stated we use Kk = 5, n € [3,8], k € {32,64},
w = 3, and A = 2. NFN is computed on a 1000-image subset of ImageNet-val.
All backbone parameters remain frozen.
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4.2 Token-side Importance via Value TokenRank

Attention weights alone do not fully reflect the information carried by a to-
ken. Following [7], we combine attention with value magnitudes to estimate how
strongly a token contributes to the computation.

Write Mass. For an attention head with matrix A € RT*T and value vectors
{V;}I_ |, we define the write mass of token t as:

T
WriteMass(t) = ZA”HV}H% (7)
i=1

TokenRank. Viewing A as a Markov transition matrix, TokenRank = is the
stationary distribution satisfying 7T = 7T A. Tokens with larger 7, have greater
influence under multi-hop attention flow. In practice we compute 7 per head and
average across heads as in [7].

Head Mixing Rate. Let Ay denote the second-largest eigenvalue of A. Larger
Ao corresponds to slower mixing and stronger persistence of attention mass.
Empirically we find that layers with large Ao often coincide with the emergence
of high-norm outliers.

4.3 Token-Neuron Interpolation

Let Ry be the register neurons identified at layer ¢, and let P denote the set of
outlier patch tokens. We introduce a register token t,.; and reallocate activa-
tions along the register subspace to this token while approximately preserving
statistics.

Projection and Conservation. Let Pr be the orthogonal projector onto the
register subspace. Define the mean register activation:

1
ir = = 3 PV, (8)
‘,P| pEP
For scale s > 0 we update:
V;t — V;f + SUR,

reg reg

9
V, <V, —aPrV,, peP. ©)

We set a to approximately preserve the mean projection magnitude on the regis-
ter subspace across the affected tokens (rather than general second-order statis-
tics).

4.4 Registers for Tokenized Generation

We treat the resulting register tokens as global priors for compact 1D visual
token pipelines such as TiTok and HCT [34,1]. Each register token is mapped
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Table 2: Norm separation between patch and register tokens. We compare
the vanilla test-time register method [14] with NFN-guided variants using different
numbers of register neurons on OpenCLIP and DINOv2.

OpenCLIP [4 DINOv2 |22
Method p 4 22]
norm gap norm gap (Attention) norm gap norm gap (Attention)
Vanilla(50 neurons) [14] 62.03 0.58 468.83 0.60
NFN-guided (8 neurons)  61.36 0.52 485.23 0.59
NFN-guided (16 neurons) 64.42 0.55 494.63 0.63
NFN-guided (50 neurons) 70.09 0.58 633.71 0.66
500 BASE pre image norms (median=50.65) 50 Vanilla_post norms NFN post norms
, [ Other Tokens bl B Other Tok
o oen=te 90 1 iog g man= 8501
300 30 - - register med=517.23)1 gt = resperey medt = 682,62
2000} 200 00
1o 10 100
Q o
S 100 200 300 400 500 600 100 200 300 400 500 600 100 200 300 400 500 600 700
=] Norm Value
g BASE pre image attn (median=0.70) Vanilla_post CLS attention NFN post CLS attention
T ; B Oher Tokens B Other Tokens
- - - median = 0.10 - - - median =0.09
15 [0 Register Token 1 [ Register
- - - register med=0.70) ~—~ register med=0.75)
1 1 ] =
5|
o 1

0 0.2 0.4 0.6 0.8 0 0.2 0.4 0.6 0.8 1
Attention Value

Fig. 3: Effect of register insertion on DINOv2 features. A single register token
is inserted at NFN-selected layers using the top-50 register neurons. The register token
accumulates large norm and attention mass, while the statistics of image tokens remain
largely unchanged.

to the nearest codebook entry and inserted into the tokenizer sequence. Given a
codebook C = {c;}, we select

j; = arg mjax U(r(l), i), (10)

where o denotes cosine similarity. Multiple registers can be fused by a convex
combination weighted by TokenRank. The fused register vector is inserted into
the token sequence,

20 = (1 =7)20 + 77, (11)
with strength v € [0, 1]. Optionally, only the inserted token is optimized for a
few steps under a frozen decoder with a CLIP-based objective (Appendix A.1 in
the supplementary material).

5 Experiments

Evaluation Protocol. Unless otherwise stated, both the ViT backbone and
the HCT decoder remain frozen. When token optimization is enabled, we up-
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Table 3: Effect on outliers and attention mixing (ImageNet-val, 1k images).
Outlier fraction uses the pre-95th percentile threshold fixed for the post configuration.
A2 denotes the second eigenvalue of the attention Markov chain (median over heads).
We report the spectral gap 1 — A2, where a smaller gap indicates slower mixing.

Method OpenCLIP [4] DINOv2 [22]

A median(outlier) (1) A gap = —AX2 ({) A median(outlier) (J) A gap = —AX2 (})
Vanilla [14] —0.013 —0.0024 —0.0215 —0.0036
RegToken —0.014 —0.0027 —0.0312 —0.0946

date only the injected global token while keeping all other decoder tokens fixed.
Table 4 compares methods under identical decoding hyperparameters; the only
difference is the source of the injected prior. Full protocol details, including opti-
mization variables and ranges, are provided in Appendix A in the supplementary
material. Backbone usage. In all generation experiments, the HCT-style de-
coder and its codebook are fixed. The backbone (DINOv2-L/14 or OpenCLIP-
L/14) is used only to compute the injected global prior token (CLS / TTR /
RegToken) from the same input image, which is then mapped to the nearest VQ-
LL-32 code via the same alignment procedure. For No prior, we set y=0 and
keep the initial token sequence unchanged. All other decoding and optimization
hyperparameters (seed set, steps, loss, and learning rate) are identical across
backbones.

5.1 NFN-based Layer Localization

From Outliers to Register Neurons. We first detect the onset of out-
liers Lgtart from the patch-norm curve and identify outlier tokens within a small
backward window. Within this window, channels are ranked to select the top 50
register neurons, with a per-layer cap and back-filling to ensure exactly 50 posi-
tions. This preserves the original outlier-to-neuron pipeline used by the test-time
register method and provides a common backbone for both the baseline and our
NFN-guided variant. Figure 3 illustrates the effect of inserting a register token.
After insertion, both the register value norm and the CLS—register attention
increase substantially, while statistics of image tokens remain largely unchanged.
On DINOv2-L/14, the median register value norm increases from 517.2 to 682.6
(+32%), and CLS—register attention rises from 0.70 to 0.75 (40.05). In con-
trast, the median norm and attention of image tokens remain close to 49 and
0.10, respectively. OpenCLIP exhibits a similar trend, with details provided in
Appendix D.2 in the supplementary material. Table 2 further shows that the
NFN-guided variant produces comparable or stronger norm and attention sep-
aration than the standard test-time register approach, even with fewer neuron
positions.

Valuex TokenRank Bridge. Attention probabilities alone can be misleading;:
a token may attract attention but carry little information. We therefore combine
WriteMass with TokenRank to measure both content flow and global centrality
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Fig. 4: Correlation between )\ and outlier tokens. Each dot corresponds to one
ImageNet-val image. The z-axis shows the fraction of patch tokens above the pre-95th
norm threshold, and the y-axis shows A2 of the attention Markov chain (median over
heads). Vanilla test-time registers produce a modest shift toward fewer outliers and
slightly lower A2, whereas the NFN-guided head-gated variant yields a larger reduction
in outliers and a clearer drop in A2, indicating stronger mixing.

(Section 4.2). Scaling the injected register token increases both TokenRank and
WriteMass while reducing As, indicating that information is absorbed by the reg-
ister rather than amplified across patches. This behavior is illustrated in Figure 4.
Table 3 reports the effect on outlier frequency and mixing. On DINOv2-L/14 (1k
validation images), vanilla test-time registers reduce the median outlier fraction
by —0.0215 with AXy = —0.0036. Our NFN-guided and head-gated variant fur-
ther reduces the outlier fraction to —0.0312 and produces a substantially larger
change in \g, indicating stronger mixing. Implementation details of the bridge
construction are provided in Appendix E.5 in the supplementary material. Across
1000 random seeds, RegToken yields consistently better optimization trajecto-
ries with lower variance (Table S2 in the supplementary material), suggesting
the improvements are not driven by a small subset of favorable initializations.

5.2 Plug-and-play Registers for Generation

Setting and Metrics. We use a ViT-L/14 backbone (DINOv2) and extract
register features from three NFN-selected layers near the onset of outliers (typi-
cally {¢,¢ —1,¢ — 2}). Register vectors are projected into the HCT /TiTok-style
code space through lightweight alignment, either whitening followed by nearest-
neighbor search or a linear Procrustes mapping. At decoding time we inject
a single global prior using two strategies. Init-prior mixes the first code with
strength v € {0.25,0.5,0.75,1.0}. Soft-bias reweights token probabilities using a
cosine prior

p'(c) o p(c) - exp (B - cos(ec, @), (12)

where 8 € {0.5,1,2} and e, is the code embedding. Results use validation setting
£ = 1. Additional equations and hyperparameters appear in Appendices A.1l
and A.4 in the supplementary material.

Baselines. We compare six variants under the same backbone, tokenizer, and
decoding configuration: no prior [1], random prior, [CLS] prior, test-time register
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Table 4: HCT decoding with different global priors. All methods follow the
same decoding protocol (VQ-LL-32 codebook, 1000-seed CLIP top-1 association, token
optimization) and differ only in the injected prior at test time. Lower is better for FID-
5k, while higher is better for IS, CLIP, and SigLIP. Token opt. updates only the
injected global token zo while keeping z1.7 fixed. The standard HCT optimization that
updates all tokens is summarized in Appendix A.2 in the supplementary material.

Method FID-5k (1) IS (1) CLIP (4) SigLIP (1)
(DINOv2-L/14) (VQ-LL-32, 1000, CLIP top-1%, token opt.)

HCT w/o prior [1] 21.2 281 0.40 3.5
HCT w/ Random prior 22.5 278 0.39 3.4
HCT w/ [CLS]| prior 20.5 281 0.39 3.6
HCT w/ test-time register prior [14]  21.5 283 0.40 3.6
HCT w/ trained register prior [5] 20.4 285  0.41 3.8
HCT w/ RegToken 20.1 289 0.45 3.9
(OpenCLIP-L/14) (VQ-LL-32, 1000, CLIP top-1%, token opt.)

HCT w/ [CLS] prior 20.8 283 0.40 3.5
HCT w/ test-time register prior [14]  21.1 284  0.41 3.7
HCT w/ RegToken 20.3 287 0.42 3.8

Table 5: Effect of Prior Source (same/cross/random). All settings use the
register pipeline and HCT decoding; only the prior source differs.

Prior source FID-5k (J) IS (1) CLIP (1) SigLIP (1)
Same-image register 20.1 289 0.45 3.9
Cross-image (same class) 20.6 285 0.41 3.8
Random-image (any class) 21.1 283 0.40 3.7

prior [14], trained register prior [5], and ours (NFN + TokenRank + interpo-
lation). Detailed definitions are given in Appendix A.4 in the supplementary
material.

Results. Table 4 reports quantitative results under the token-optimization
setting, and Figure 5 shows qualitative examples. Relative to the no-prior HCT
baseline, all meaningful priors ([CLS], test-time registers, trained registers, and
ours) improve FID, IS, and text—image alignment, indicating that a single global
token provides a useful handle for 1D token generation. Random priors, by con-
trast, slightly degrade performance. Among the learned or test-time variants, the
trained-register prior [5] provides a strong baseline due to additional training on
explicit register tokens. Nevertheless, our training-free prior achieves the best
overall trade-off, obtaining the lowest FID-5k and consistently higher IS, CLIP,
and SigLIP scores. Beyond final metrics, the proposed prior also improves opti-
mization dynamics. The OpenCLIP backbone exhibits the same ranking among
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Fig. 5: Qualitative results. Following the HCT protocol, register-based priors gener-
ate diverse images from one input image using the prompt “a photo of the [class]”.
Every two rows form a group: the upper row shows input images and the lower row
shows the corresponding generations.

priors (RegToken > TTR > CLS), with slightly smaller absolute gains than
DINOv2, suggesting the proposed prior is transferable across backbone fami-
lies while benefiting from stronger backbone—codebook alignment. It reaches the
same CLIPScore threshold in fewer steps (Steps@r: 74 — 52) and yields higher
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optimization AUC with lower variance across seeds (Table S2 in the supplemen-
tary material).

Effect of Prior Source. To avoid ambiguity, we treat the same-image prior as
a source-conditioned diagnostic setting rather than a text-only zero-shot gener-
ation protocol. It provides an upper-bound analysis of whether register-derived
global information is useful to the frozen decoder. To examine whether the prior
is transferable rather than merely privileged information from the target image,
we vary its source while keeping the pipeline and HCT decoding fixed. Table 5
compares registers extracted from the same image, from another image of the
same class, and from random images. Same-image registers perform best, while
cross-image same-class registers remain competitive. Fully random-image priors
noticeably degrade quality. These results suggest that the register prior carries
class- and image-level statistics that benefit tokenized generation, rather than
simply acting as an arbitrary extra token. Additional generality checks are pro-
vided in Appendix I.1 of the supplementary material. Across compact 1D token
budgets and tokenizer variants, RegToken consistently improves over the corre-
sponding no-prior and [CLS]-prior baselines. In a MaskGIT-VQGAN [3] pilot,
using RegToken as a frozen codebook-logit initialization bias improves FID-1k
from 31.8 / 31.1 for baseline / [CLS] initialization to 30.3. Across DINOv2-
B/L/g, RegToken also remains stronger than the corresponding [CLS] prior.
Additional ablations in Appendix E show stable performance across register-
neuron counts, scaling factors, NFN layer choices, outlier-token counts, and soft-
bias strengths.

6 Conclusion

We show that test-time registers can serve as global priors for token-based im-
age generation. We introduced RegToken, a training-free method that extracts
register-associated structure from frozen vision transformers and converts it into
a small set of reusable tokens. When used with a compact 1D token genera-
tion pipeline, these tokens consistently improve visual quality and text—image
alignment while keeping both the backbone and decoder fixed. More broadly,
our findings suggest that structures previously viewed as attention artifacts can
instead provide compact global context for generative models.
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