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Construction of Visual Granularity Sequence

Next Visual Granularity Generation

(a) Construction of the visual granularity sequence on 2562 image and the next visual granularity generation in
the 162 latent space. Top-to-bottom: Number of unique tokens, structure map, generated image.

(b) Our model can generate diverse and high-fidelity images.

(c) The generated images align well with the generated binary structure map.

(d) We can reuse structures from reference images (wallaby, flamingo) to generate new ones (rabbits, heron).

Figure 1: We propose Next Visual Granularity (NVG) generation framework, representing images
with a varying number of unique tokens, naturally forming different granularity levels. The induced
structure maps reflect how these tokens are assigned across different spatial locations. The structure
maps and unique tokens are iteratively generated to gradually refine the generated image.

ABSTRACT

We propose a novel approach to image generation by decomposing an image into a
structured sequence, where each element in the sequence shares the same spatial
resolution but differs in the number of unique tokens used, capturing different
level of visual granularity. Image generation is carried out through our newly
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introduced Next Visual Granularity (NVG) generation framework, which generates
a visual granularity sequence beginning from an empty image and progressively
refines it, from global layout to fine details, in a structured manner. This iterative
process encodes a hierarchical, layered representation that offers fine-grained
control over the generation process across multiple granularity levels. We train
a series of NVG models for class-conditional image generation on the ImageNet
dataset and observe clear scaling behavior. Compared to the VAR series, NVG
consistently outperforms it in terms of FID scores (3.30 ! 3.03, 2.57 ! 2.44,
2.09! 2.06). We also conduct extensive analysis to showcase the capability and
potential of the NVG framework. Our code and models are released at https:
//yikai-wang.github.io/nvg.

1 INTRODUCTION

How do generative models understand images? Different generative models interpret images in
distinct ways: Token-based models (such as autoregressive (Chen et al., 2020; Esser et al., 2021) and
masked token modeling methods (Chang et al., 2022)) treat images as visual sentences, processing
them similarly to how they handle language. GANs (Goodfellow et al., 2014), diffusion (Ho et al.,
2020), and flow (Liu et al., 2023; Lipman et al., 2023) models see images as samples of a high-
dimensional probability distribution over the raw pixel space or a learned latent space. Visual
autoregressive models (Tian et al., 2024) break images down into multiple resolutions using a
residual visual pyramid. In these cases, the image generation process is framed as either modeling a
conditional probability distribution over previous tokens/scales or a stochastic process between the
real data distribution and a random distribution.

While these approaches have led to powerful generative models, each comes with limitations in
how they view and handle images: Treating an image as a sequence (like a sentence) or a pyramid
often ignores the rich and complex spatial structure of images. The autoregressive methods rely on
unidirectional generation, which neglects the inherent 2D spatial structure when generating early
tokens, and suffer from error accumulation, also known as exposure bias (Ranzato et al., 2016).
Visual autoregressive methods may mix up nearby visual information from distinct semantics and
have to handle miscellaneous information. Modeling images purely as distributions often requires
significant fine-tuning or extra modules (Zhang et al., 2023b) to control the generation process.

In this paper, we introduce structured visual granularity, representing images as structured sequences.
Figure 1(a) provides an illustration of this sequence. At each stage, the image is described using
different number of unique tokens in the same spatial size. This allows us to create a structure map
that shows how the tokens are arranged across the latent space. The structure map naturally captures
the image’s granularity at different levels. This structured sequence can be used to train an image
generation model that can generate images more naturally and with greater structure control.

We propose a data-driven method to build this visual granularity sequence. We use a bottom-up
strategy, repeatedly clustering the most similar tokens until all tokens are merged into a single
cluster that represents the entire image. Ideally, as the number of unique tokens decreases, the image
structure gradually emerges: progressing from fine details to parts of the object, to objects, then to
basic fore-background separation and ending with a single cluster.

Based on this sequence, we present a new Next Visual Granularity (NVG) generation process that
mirrors the intuitive, coarse-to-fine progression commonly observed in art painting. Specifically,
starting from an empty image, we gradually add more details in a structured manner by generating the
structure map and corresponding tokens. In this way, we begin with coarse structures like foreground
and background, then add object shapes, object parts, and finally fine details.

We train a series of NVG models of varying sizes on the ImageNet class-conditional image generation
task. Our results reveal a clear scaling trend: performance consistently improves with larger model
sizes, highlighting the scalability of our framework. Compared to other state-of-the-art image
generation models, NVG achieves comparable or superior performance. In particular, when compared
to VAR, our model consistently achieves better FID, IS, and recall scores across all model sizes.
Figure 1(b) shows examples of diverse generated images. They align well with the generated binary
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Figure 2: The relationship between current generated images in each stagex i , the �nal generated
imagex , and the contentci and structuresi of each stage in the visual granularity sequence.

structure maps, as shown in Figure 1(c). By reusing the structure maps, NVG can transfer the structure
from one image to another, generating new images with varied content, as shown in Figure 1(d).

Our approach offers several key advantages:(1) Structured coarse-to-�ne generation: The gen-
eration process follows a natural progression of visual granularity. We introduce a structure map
that explicitly controls the level of granularity in the latent space.(2) Explicit structure control :
Each generation step controls a speci�c level of granularity. This structured approach enables natural
control during generation itself, rather than relying on extra conditional modules trained post-hoc.

Compared to auto-regressive models, NVG uses residual modeling inspired by VAR, where each
stage predicts the quantization error from the previous stages to the ground truth. This naturally
reduces exposure bias. Compared to diffusion models, we introduce an explicit structure-controlled
generation pipeline, making structure control an integral part of the process rather than an extra
post-hoc module. Compared to VAR, our visual granularity decomposition alleviates representation
ambiguity in the early stages, where a single token represents a large and semantically diverse image
region. The granularity-based decomposition improves the meaning of each token, leading to better
performance in both reconstruction and generation.

2 NEXT V ISUAL GRANULARITY GENERATION

In this paper, we present the concept ofstructured visual granularity, where images are represented
as structured sequences composed of varying numbers of distinct tokens distributed in the latent
space at each stage. An illustration of this sequence is shown in Figure 1(a). Our method organizes
the token sequence to inherently capture image granularity across multiple levels. This structured
representation allows the model to generate images in a more organized and interpretable manner.

In the following, we �rst describe how to construct the visual granularity sequence by training a
multi-granularity quantized autoencoder (Sec. 2.1). We then explain how to generate this sequence
for structured image generation (Sec. 2.2).

2.1 VISUAL GRANULARITY SEQUENCE

Tokenization. We propose a multi-granularity quantized autoencoder that represents images as
structured sequences across multiple levels of granularity. Speci�cally, an image is encoded into a
latent representationZ 2 Rh� w � e, whereh andw denote the spatial dimensions ande is the channel
dimension. We propose constructing a visual granularity sequence that represents a quantized latent
representation. In particular, the sequence consists ofcontentandstructurepairs of multiple stages
K , denoted asT = f ci ; si gK

i =0 , where the contents of different stages are derived from a shared
codebookV 2 Rn � e.

In stagei , the latent of sizeh � w is represented byni unique tokens, dubbed ascontents, i.e.,
jci j = ni ; ci � V . The structuresi is a matrix of sizeh � w, indicating the arrangement of
each token in the latent space of sizeh � w where the value of each position is the index in the
corresponding content token,si � f 0; 1; : : : ; ni � 1gh� w . See Figure 2 for an illustration. The latent
x is quantized as

P K
i =0 a(ci ; si ) wherea is the assignment operator that places theci into the latent

space according to the arrangement ofsi , K denotes the �nal quantization stage.
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Figure 3: We use aK -dim vector to encode the structure across all stages. At stage0, all locations
belong to a single cluster, so we pad the vector with all1s. For stagesi > 0, the embedding is
inherited from the parent and extended with one extra bit (0 or 2) to distinguish between child labels.

Structure Construction. A structure map de�nes the arrangement of tokens across the latent space.
To demonstrate the �exibility of our model, we propose a fully data-driven clustering approach to
constructT . Starting from the �nest granularity stage, where each position is assigned a unique
token, i.e.,jcK j = hw, we progressively group visually similar points. This can be achieved using
methods like k-nearest neighbors clustering (Fix & Hodges, 1989), graph cuts (Greig et al., 1989),
or linear assignment (Kuhn, 1955). As an initial exploration, we adopt a simple yet ef�cient greedy
strategy, grouping tokens into equal-sized clusters.

Speci�cally, we begin by computing pairwisè2 distances between all tokens and grouping the
top-k most similar tokens into a cluster. We then remove the clustered tokens from the pool and
repeat the process on the remaining tokens until all tokens are assigned to a cluster. This yields
the penultimate token label mapsK � 1, effectively reducing the number of unique tokens byk. We
repeat this clustering process iteratively until all tokens are merged into a single cluster, resulting in a
hierarchy of multi-stage label mapsf si gK

i =0 . We setk = 2 , reducing the number of tokens by half in
each stage. With the structure maps de�ned, we now derive the corresponding content tokens.

Content Construction. We construct the multi-stage tokens in a residual manner, forming a visual
pyramid similar to VAR (Tian et al., 2024). However, unlike the spatial resizing used in VAR,
our compression is guided by the induced structure map. With this design, we have a sequence of
unique tokens with a count off 2i g8

i =0 for a latent space of size162. Algorithm 1 summarizes our
construction algorithm. The detailed implementation is provided in App. A.2.

Structure Embedding. We introduce a compact hierarchical structure embedding for multi-stage
label mapsf si gK

i =0 that preserves parent–child relations, distinguishes stages within a uni�ed space,
and avoids embedding cluster ID order. An example of this embedding process is shown in Figure 3.
Each stage adds a bit (0 or 2) to the parent'sK -dimensional bit-style vector, with1 as padding;
stage0 is fully padded. This integer-valued design is RoPE-compatible and enables simple, ef�cient
embedding construction from class and stage IDs. Padding reveals the stage, while bit patterns
separate clusters. We discuss this design in App. A.3.

2.2 NEXT V ISUAL GRANULARITY GENERATION

Generation Pipeline. We denote the generation of content tokens ascontent generation, and the
generation of structure maps asstructure generation. To support these, we design the Next Visual
Granularity (NVG) generation framework. At each stage, we �rst generate the structure, followed
by the corresponding content. This design allows users to optionally provide a preferred structure
to guide and control the generation process. An illustration of our generation pipeline is shown in
Figure 4, with the detailed algorithm provided in Algorithm 2. We use separate models for content
and structure generation, respectively. We provide the architecture details in App. A.4.

2.2.1 STRUCTUREGENERATOR

As we explicitly represent each stage using separate channels in the structure embeddings, directly
generating the whole hierarchical structure in one-step is challenging. Furthermore, the structure
generator must produce a full binary cluster map of the image in �rst step. This task is complex and
plays a crucial role in guiding successful image generation. We regard this as the “cold-start” issue.

On the other hand, compared to content generation, which typically uses a large codebook and
high-dimensional channels, structure generation is simpler. It only needs to generate 8-channel
embeddings, with a maximum complexity of28 = 256. Intuitively, we can use a smaller model
for structure generation while applying more advanced techniques to better model the structure
distribution and balance quality with ef�ciency.
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Figure 4:Left : Overview of our generation pipeline. At each stage, we �rst generate the structure
and then generate the content based on that structure. Both steps are guided by the input text, the
current canvas, and the current hierarchical structure.Right: Overview of how we obtain the target
from the network predictions. (1): The structure generator predicts the overall structure embedding,
from which we extract the channel for the next stage. (2): The content generator predicts the �nal
canvas. We compute the residual between the predicted �nal canvas and the current canvasx i � 1, and
use it to obtain the next-stage content prediction.

Based on these considerations, we propose using a lightweight recti�ed �ow model (Liu et al., 2023;
Lipman et al., 2023) for structure generation. To this end, we design a uni�ed structure generation
process that spans all stages. This approach allows training from later stages to also inspire the early
stages, helping to avoid cold-start issues.

Input. We use the structure embeddingsse (see Figure 3 for an illustration) as the initial input. We
then add the noise" to the embeddings, leading tozs(t) = t � " + (1 � t) � se. In the later stages
of generation, the outputs from earlier stages are already known and �xed. Hence, for these known
parts, we use ground-truth embeddings instead of noised embeddings, i.e.,

zs(t)[:; 0 : i ] := se[:; 0 : i ]: (1)

This makes our structure generation task a structure “inpainting” task. We concatenate the text and
current generated image in the spatial channel as the condition for structure generation.

Structure Prediction. We use thev-prediction (Salimans & Ho, 2022) to estimate the velocity
during the denoising process. During sampling, in stage0, we start withse �lled with 1. We then use
random noise as input and gradually denoise to generate the �nal hierarchical structure embedding
ŝe. In the early stages, the generated full hierarchical structure embedding may be inaccurate because
it relies only on the image produced so far. Therefore, at stagei , given the structure maps from stages
0 to i � 1 and the image re�ned from stagei � 1, we generate the full structure embedding, then we
utilize the generated structure map of stagei to updatese as:

se[:; i � 1]  ŝe[:; i � 1]: (2)

Note that all we need for the generated structure is to split each parent label evenly in the latent space.
To this end, instead of treating the generated structures as binary splitting decisions, we interpret
them as unnormalized probabilities of belonging to a particular sub-cluster. Using Gumbel-top-k
sampling (Kool et al., 2019), we could sample half of the locations for one sub-cluster and assign the
remaining half to the other. This increases the diversity of the generated structure.

2.2.2 CONTENT GENERATOR

Unlike VAR (Tian et al., 2024), which models token relationships in an image-independent manner,
our method captures image-speci�c relationships that convey richer structural information. To train
effectively, the model must be aware of the content's hierarchical structure. Without this, such as
when unique tokens from different stages are �attened into a 1D sequence as in VAR, the model
cannot be trained effectively. We address this issue through progressive canvas re�nement, where we
iteratively re�ne the canvas by producing more structured details in different visual granularity.

Speci�cally, we de�ne thecanvasas the latent we generated so far by accumulating all previous
stages,x i :=

P i
j =1 a(ci ; si ). Then the content generator is trained to directly generate the �nal
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canvasf c(x i ) ! x := x K . The difference between the �nal canvas (model output) and the current
canvas (model input),f c(x i ) � x i , simulates the quantization target for the current stage's content
tokensci during the VGS construction. An illustration of the relationship between the �nal canvasx ,
current canvasx i , and current contentc can be found at Figure 2. This strategy is similar to diffusion
and �ow models, but in contrast to denoising the image, we aim to re�ne the canvas iteratively.

Inputs. The input canvas is represented as a �attened sequence, concatenating with the text condition.
The text embedding and stage embedding are summed and input to the norm layer.

Structure-Aware RoPE. To help the model understand the token structure, we extend RoPE (Su
et al., 2024) to encode the hierarchical structure. For the attention feature dimension of 64, we split
it into: [8] for text/image identi�cation,[2] � 8 for structure encoding,[20] � 2 for image spatial
locations. In this structure-aware RoPE, for each stage, tokens within the same cluster are treated as
being at the same structure position. Vice versa, if they are from different clusters, they are treated as
at different structure positions. As the stages accumulate, the model knows theentire hierarchical
structureof the tokens. The structure IDs are the structure embedding shown in Figure 3.

Content Prediction. We train the model to predict the �nal canvasx . This approach uni�es the
training objectives across different stages and helps prevent over�tting by providing an informative
supervision signal. Next, we compute the differencef c(x i ) � x i between the predicted �nal canvas
and the current input canvas. We then average the features corresponding to each unique token at this
stage to obtain the feature vector for each unique token. A linear layer maps these token features to
logits ĉi , forming a distribution over all possible token candidates. These logit vectors serve the same
role as those in (visual) autoregressive models, supporting token sampling during generation.

Content Generator Training. We use MSE loss to supervise the generation of the �nal canvas and
cross-entropy loss to supervise the content prediction, as

`(x i ) = kx � f c(x i )k2
2 + CE(ĉi ; ci ): (3)

We train the model with 10% null condition. We apply RePA (Yu et al., 2025c) at the 8-th layer.

3 EXPERIMENTS

We train NVG models of varying sizes for class-conditional image generation on the ImageNet dataset.
We compare NVG with other models and provide further analysis of NVG. The training and sampling
details and reconstruction comparisons are given in App. A.5, A.6 and App. B.1, respectively.

3.1 GENERATION RESULTS

Quantitative Comparison. We compare our NVG series with state-of-the-art image generation
models in Table 1. The competing models are grouped into the following categories: GANs, diffusion
models (Diff), masked auto-regressive models (Mask), standard auto-regressive models (AR), auto-
regressive variants (X-AR), and VAR. We evaluate all models using standard metrics: FID, Inception
Score, precision, and recall, calculated with OpenAI's evaluation tool introduced in Dhariwal &
Nichol (2021). We also report each model's size, training steps, and generation steps.

Overall, our NVG models perform comparable or better than all competing methods, while requiring
fewer training steps and using fewer parameters. NVG consistently outperforms VAR on FID, IS, and
recall. These results highlight the strength of our framework. As we scale up the NVG model, we see
consistent improvements in FID and Inception Score, showing the strong potential of our approach.

Qualitative Visualization. We visualize the generated images in Figure 5.(1) In the top rows,
we display representative examples. The �rst unique token sets the overall color tone, while the
�rst binary structure map de�nes the initial layout. As the generation progresses, the structure
map becomes more detailed, guiding �ner aspects of the layout. Meanwhile, the image itself is
re�ned step-by-step, starting with object shapes, then object parts, and �nally visual details.(2)
Our clustering algorithm is based on feature similarity, so the binary structure map often re�ects a
rough separation between foreground and background. However, the generator can interpret this map
�exibly. This is evident in the middle row: while the generator generally follows the structure, it
may merge separated regions to form one object (e.g., the chimpanzee's chest). It may also split a
single region, such as the foreground, into multiple distinct objects (e.g., several ostriches).(3) The
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Table 1: Generation performance on class-conditional ImageNet256� 256.

Type Model FID(#) IS(" ) Pre(" ) Rec(" ) #Para #Trainy #Step

GAN
BigGAN (Brock et al., 2019) 6.95 224.5 0.89 0.38 112M - 1
GigaGAN (Kang et al., 2023) 3.45 225.5 0.84 0.61 569M 920K 1
StyleGan-XL (Sauer et al., 2022) 2.30 265.1 0.78 0.53 166M - 1

Diff

CDM (Ho et al., 2022) 4.88 158.7 � � � 2.1M 8100
LDM-4-G (Rombach et al., 2022) 3.60 247.7� � 400M 178K 250
DiT-XL/2 (Peebles & Xie, 2023) 2.27 278.2 0.83 0.57 675M 7M 250
SiT-X (Ma et al., 2024) 2.06 270.3 0.82 0.59 675M 7M 250

Mask

MaskGIT (Chang et al., 2022) 6.18 182.1 0.80 0.51 227M 300e 8
RCG (cond.) (Li et al., 2023) 3.49 215.5� � 502M 200e+800e 20
TiTok-S-128 (Yu et al., 2024b) 1.97 281.8� � 287M 300e 64
MAGVIT-v2 (Yu et al., 2024a) 1.78 319.4 � � 307M 1080e 64
MAR-H (Li et al., 2024) 1.55 303.7 0.81 0.62 943M 800e 256

AR

VQGAN (Esser et al., 2021) 15.78 74.3 � � 1.4B 2.4M 256
RQTran. (Lee et al., 2022) 7.55 134.0� � 3.8B - 68
ViTVQ (Yu et al., 2022) 4.17 175.1 � � 1.7B 450K 1024
LlamaGen-L (Sun et al., 2024) 3.07 256.1 0.83 0.52 343M 300e 576
LlamaGen-XXL (Sun et al., 2024) 2.34 253.9 0.80 0.59 1.4B 300e 576
Open-MAGVIT2-XL (Luo et al., 2024) 2.33 271.8 0.84 0.54 1.5B 300e� 350e 256
IBQ-XL (Shi et al., 2024) 2.14 279.0 0.83 0.56 1.1B 300e� 450e 256
IBQ-XXL (Shi et al., 2024) 2.05 286.7 0.83 0.57 2.1B 300e� 450e 256

X-AR

DART-FM (Gu et al., 2025) 3.82 263.8 � � 820M 500K 16
SAR-XL (Liu et al., 2024) 2.76 273.8 0.84 0.55 893M 200e 256
RandAR-L (Pang et al., 2025) 2.55 288.8 0.81 0.58 343M 300e 88
RandAR-XXL (Pang et al., 2025) 2.15 322.0 0.79 0.62 1.4B 300e 88
D-AR-XL (Gao & Shou, 2026) 2.09 298.4 0.79 0.62 775M 300e 256
EAR-H (Shao et al., 2025) 1.97 289.6 0.81 0.59 937M 800e 64
CausalFusion-XL (Deng et al., 2024) 1.77 282.3 0.82 0.61 676M 800e 250

VAR
VAR-d16 (Tian et al., 2024) 3.30 274.4 0.84 0.51 310M 200e 10
VAR-d20 (Tian et al., 2024) 2.57 302.6 0.83 0.56 600M 250e 10
VAR-d24 (Tian et al., 2024) 2.09 312.9 0.82 0.59 1.0B 350e 10

Ours*
NVG-d16 (255M+64M) 3.03 279.2 0.82 0.54 320M 200e 9
NVG-d20 (497M+125M) 2.44 310.4 0.80 0.60 622M 250e 9
NVG-d24 (856M+215M) 2.06 317.0 0.79 0.61 1.1B 350e 9

* We treat content and structure generation as one step per stage. Counting them separately gives9 � 1 + 7 � n steps in total. In this
paper, we usen = 25 and we leave generating structures with one-step �ow models as future work.

y
This column shows training iterations/epochs. K: thousand iterations, M: million, e: epochs. With batch size 768, 100e� 167K.
The training iterations for NVG are 333K, 444K, and 519K, respectively.

bottom rows highlight the diversity and quality of our results. We provide a qualitative comparison
with other methods in App. B.3.

3.2 FURTHER ANALYSIS

We provide ablation study in App. B.2, generation variation analysis in App. B.4, and complexity
analysis in App. B.5.

Structure-Guided Generation. One key advantage of our framework is we can use an explicit
structure map to guide generation. We test our framework with very simple binary structure maps
based on basic geometric shapes, such as circles placed in different positions or a rectangle. The
results are shown in Figure 6. We also provide reference structure-guided generation results at the
bottom of Figure 6. The model follows the given structure maps closely. Because the structure maps
are continuous, the generated background tends to be simple. The model �lls in the foreground
according to the provided class label, though in some cases it interprets the structure map differently
but still in a reasonable way. In practice, one could use segmentation maps or semantic layouts
to create structure maps, enabling more detailed and controlled generation. This demonstrates the
bene�t of our framework: it supports �exible control right out of the box without additional training.
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Figure 5: Visualization of generated images.Top: We show several representative examples to
illustrate the iterative generation process.Middle: The generated binary structure maps align well
with the �nal images.Bottom: Our NVG-d24model can generate diverse and high-quality images.

Extreme Cases Analysis. In this section, we examine how NVG behaves in several extreme cases.
Representative examples are shown in Figure 7.

(a)Unclear structures: In some situations, the generated structures appear unclear or less interpretable.
NVG handles these cases as follows: (1) Rough object shapes: When realistic object boundaries do
not align perfectly with the generated structures, NVG �rst produces a coarse but plausible structure
and then progressively re�nes it into more accurate shapes (�rst row of Figure 7a). (2) Uninterpretable
structures but coherent images: Sometimes the structures look ambiguous to humans, but the resulting
images still show a clear spatial layout (second row of Figure 7a). We argue that these structures
remain meaningful to the generator. (3) Extreme cases: When the object has a color very similar
to the background or is extremely small, the content generator �rst adjusts the overall layout and
textures in the early stages. Once more �exibility is allowed in later stages, precise and realistic
objects emerge and are quickly re�ned (last row of Figure 7a).

(b) Multi-objects cases: Images containing multiple objects are particularly challenging. NVG
typically handles them in three ways: (1) Small objects: When objects are very small, they are often
merged into a single large region. NVG then re�nes this region in the �nal stages to produce clear
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Figure 6: Visualization of structure-guided generation results.Top: Each row shows generated
images based on the given geometric binary structure map.Bottom: Each group of three images
includes one reference image and two generated images that follow its structure.

(a) Our NVG can still generate realistic images even when the structure maps are rough (�rst row), unclear to
humans (second row), or in extreme imbalance cases (third row).

(b) Our NVG can generate multiple objects of various sizes like small ones (�rst row) as well as moderate ones
(second row), and even those with structures that are unclear to humans (third row).

Figure 7: NVG can handle several extreme cases where equal-size, value-based clustering or the
generated structures are not ideal.

object boundaries (see the �rst row of Figure 7b). (2) Moderate-sized objects: When objects have
moderate size, their structural patterns emerge early and are re�ned in the middle stages. This leads to
clearer object separation, as shown in both the structures and images in the second row of Figure 7b.
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