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Abstract. Although text-to-image generative models produce impres-
sive results, they struggle to generate densely detailed, high-resolution
(HR) images. Current literature addresses this issue with a low-to-high-
resolution approach. First, a low-resolution (LR) image is generated.
Then, an upsampled version is generated using the LR image as an ad-
ditional cue. In this paper, we present Joint Latent Trajectories (JoLT).
To generate an image, JoLT uses two streams that jointly denoise LR
and HR latent images at each sampling step. The LR latent controls
the overall layout, while the HR latent controls the details. We intercon-
nect both branches to jointly integrate their information. We extensively
validate our method, demonstrating its advantages over competing base-
lines. The resulting images are not only richly detailed but also visually
pleasing, opening new avenues for artistic creation.

Keywords: High-resolution image generation - Tiled diffusion - Text-
to-Image

1 Introduction

The introduction of novel generative technologies, such as text-to-image (T2I)
models, has sparked interest in adopting these tools for artistic creation. How-
ever, using vanilla T2I models can still feel limited, as even the best-performing
models, such as FLUX.2, produce relatively little detail. This shortfall is most
consequential for large-format works meant for physical display, such as prints
or murals, which are read at two distances: the composition from afar, the fine
detail up close. Artists would like to freely control intricate local details, includ-
ing through natural language, without sacrificing the coherence and aesthetics
of the global composition.

To set a frame of reference, let us clearly state what we refer to as a “complex”
or “detailed” image. We consider an image to be complex or detailed if the density
of semantic information is high locally, yet the scene can be understood globally.


https://orcid.org/0009-0000-6589-3151
https://orcid.org/0000-0002-0055-7816
https://orcid.org/0000-0003-2711-5732
https://orcid.org/0000-0002-0627-5844

2 M. Koroglu et al.

INPUTS

Complexity strength
ae|0,1]

‘ Detail prompt ¢

Enhance image, add details

A soaring painted dome . ..
angels ascending into golden light,
a luminous Baroque ceiling fresco.

‘ Master prompt ¢

‘ 74, ;\ﬁ ™
FLUX.2 Klein-9B

20482 px

X Simpler visuals up to 2k v/ Detail control v Unbounded Resolution v/ High Quality

Fig. 1: Controllable high-resolution generation with JoLT. The master prompt
¢ conditions both the FLUX.2 Klein-9B base generation (left) and our result (right),
while the detail prompt ¢ and complexity strength « control the added local detail.
Dashed boxes identify matched groups of figures near the image center, enlarged in the
overlaid crops. The base image is displayed at half the width and height of our result;
the bands summarize their qualitative capabilities.

However, it is not complex if it only contains texturized or recurring patterns.
For example, increasing the sharpness of an image is perceived by the human eye
as more detailed, yet it does not fit into our definition. Fig. 1 shows an example of
a generation made with FLUX.2 Klein-9B and another made with our proposed
approach, both using the same input prompt. As can be seen here, FLUX.2
Klein-9B’s generation is simple, even with a detailed prompt. In contrast, our
image is locally complex yet globally coherent.

Current training-free methods typically generate large, aesthetically pleasing
images in two steps. First, they create an LR image and, second, they upsample
it to generate details or refine textures. This strategy has two drawbacks. First,
since the LR image is bound by the inherent complexity limitations of the un-
derlying model, the refining step barely enhances the richness of the textures.
Second, since the LR image has already been generated, it cannot be influ-
enced by HR information, making it difficult to integrate fine-grained elements
seamlessly into the global layout. Existing approaches therefore face an inherent
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trade-off between detail and global coherence. This motivates a different strategy
for generating these images.

In this paper, we focus on generating densely detailed HR images in a training-
free manner. Instead of using the conventional low-to-high-resolution generation
paradigm, we propose a novel two-stream approach that jointly generates LR
and HR latent features. Our method, called Joint Latent Trajectories (JoLT),
transfers information from the LR stream to the HR stream via the context
input of FLUX.2, then feeds the evolving HR representation back into the LR
stream. Consequently, the detail prompt does more than populate local regions:
together with the master prompt, it helps shape the style and rendering of the fi-
nal result. This bidirectional exchange integrates both resolutions into a coherent
scene while giving users control over image complexity and stylization.

To summarize, our contributions are as follows:

— A Novel Joint-Latent Paradigm: We propose JoLT, a training-free pipeline
for generating high-resolution, complex images. JoLT transforms the stan-
dard low-to-high generation paradigm into a simultaneous low-and-high gen-
eration paradigm.

— Bidirectional Latent Information Exchange: To transfer information between
the HR and LR branches, we propose a cross-resolution feedback mechanism
that leverages the in-context capabilities of FLUX.2 and variance-matched
latent subsampling.

— Controllable High-Density Synthesis: We enable users to explicitly control
visual complexity («), as well as the style and local content of the final result
through the detail prompt (¢), without requiring fine-tuning.

With a series of strong empirical studies, we show the advantages of JoLT
over recent methods and baselines.

Project resources. The project page, source code, and evaluation prompts are
available at https://obvious-research.github.io/jolt/.

2 Related Work

Diffusion and rectified-flow generative backbones. Modern image generation is
largely built on diffusion and score-based models that reverse a gradual noising
process [17,40], with samplers such as DDIM [39] and classifier-free guidance [18§].
Since pixel-space denoising scales poorly with resolution, latent diffusion moves
the process into a compressed autoencoder space and makes high-resolution
text-to-image synthesis practical [37]. Newer systems shift toward transformer
backbones and rectified-flow objectives that reshape the generative trajectory:
Diffusion Transformers [32] denoise over latent patches, making capacity and
token resolution central scaling variables, Stable Diffusion 3 [13] couples a mul-
timodal diffusion transformer with a rectified-flow formulation, and families such
as FLUX [4] and HunyuanImage [7] carry the trend into large-scale democra-
tization in the creative community. A distinct paradigm is image-conditioned,
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in-context generation, where a reference image is optionally fed as additional
conditioning. In-Context LoRA [20] adapts a diffusion transformer to jointly
generate related images from concatenated in-context examples, and OminiCon-
trol [41] injects image conditions by appending their tokens to the generation
sequence with minimal added parameters. FLUX.1 Kontext [6] unifies genera-
tion and editing in one latent flow-matching model. Our method builds on this
in-context view, conditioning on a lower-resolution image as it is being denoised.

High-detail and high-resolution generative synthesis. High-resolution generative
synthesis attempts to create large, coherent, semantically rich images from text
and /or reference context, outside the generator’s native training resolution. Mul-
tiDiffusion [2] fuses diffusion paths over spatial windows to enable spatially
controlled generation. DiffCollage [52] similarly composes large content through
parallel diffusion generation, while SyncDiffusion [25] synchronizes overlapping
diffusion windows to decrease window incoherence for separate patches. Subse-
quent panorama and synchronized-generation methods further develop this idea
for wide fields of view and semantically coherent compositions [23,33,43,49,50].
These works show that increasing canvas size or detail density is not only a mat-
ter of producing more pixels: local generation must be coordinated so that fine
detail does not fragment the global scene.

Prompt- and strength-based controls are also well established in research
and artistic tools. Mixture of Diffusers [3] assigns prompts to spatial regions
and harmonizes their diffusion processes across a larger canvas, while Control-
Net Tile [51] and Ultimate SD Upscale [11] combine controlled tiled refinement
with denoising-strength controls. In contrast to these sequential refinement ap-
proaches, JoLT jointly denoises coupled LR and HR trajectories, allowing the
evolving representations to interact bidirectionally at every step rather than
treating a completed LR image as a fixed input to HR refinement.

A second branch studies tuning-free high-resolution generation with pre-
trained generative models. DemoFusion [12] builds on pretrained latent diffu-
sion and combines progressive upscaling, skip residuals, and dilated sampling to
produce high-resolution outputs without retraining. ScaleCrafter [15] analyzes
direct high-resolution generation with pretrained diffusion models, attributing
failures such as repetition and structural artifacts partly to limited effective
receptive fields and introducing inference-time changes such as re-dilation. Ac-
cDiffusion [28] targets semantic inconsistency and object repetition in higher-
resolution generation. More recent work moves this problem into Diffusion Trans-
formers: ResDiT [31] studies positional-embedding behavior, local enhancement,
patch-level fusion, and layout preservation for resolution extrapolation, while
SEGA [36] proposes spectral-energy guided attention to balance global structure
and fine-detail fidelity in DiT-based extrapolation. They reveal a recurring ten-
sion between local detail, global coherence, computational cost, and adherence
to conditioning signals, which is precisely the regime in which high-complexity
artistic image generation becomes difficult.
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Fig. 2: Overview of JoLT. At ¢t = 0, a shared Gaussian draw initializes the HR canvas
Zo and is randomly subsampled to initialize the LR latent x¢. Two denoising trajectories
then run jointly over the same 4 steps of a distilled flow-matching model. The LR stream
denoises the whole scene from the master prompt; the HR stream denoises overlapping
windows and adds local detail. At every step, the LR stream’s clean estimate &; is
decoded, upsampled, and re-encoded into a reference latent 7: whose aligned crops
F;(7¢) condition the HR stream. The updated HR canvas is randomly subsampled and
blended into the LR update with weight o before the next step.

3 Method

JoLT couples a global LR denoising trajectory with a tiled HR trajectory, as seen
in Fig. 2. Our method uses LR and HR branches: the former maintains coherent
scene composition, while the latter synthesizes local detail. Importantly, these
two branches do not operate separately. Instead, they exchange information to
synchronize high- and low-level image semantics.

3.1 Preliminaries

In-context Flow-Matching Sampling. Modern T2I generators use the flow match-
ing formulation to iteratively generate an image. Let vy be the T2I model and



6 M. Koroglu et al.

zo ~ N(0,1) € REXHXW the starting image latent, where C', H, and W denote
its number of channels, height, and width. Let ¢ be the current timestep, At the
timestep size, and ¢ the text prompt. Sampling follows:

Teyar = T + At - vg(x4, 1, ), (1)
until £ = 1. We can also compute a one-shot estimate of the clean latents with:
jjl(xhtac) :It+(17t)'1)9(117t,t70). (2)

The formulation in Eq. (2) is equivalent to Eq. (1) by choosing At = 1 — ¢.
Let D and E be the decoder and encoder of a variational autoencoder (VAE).
When ¢ =1 (or #; is created), the image is decoded into pixel space with D(x1).
Optionally, vg can also take a reference image r (encoded with E), i.e., vy takes
as input (zy,t,c) or (x4, t,c,r).

MultiDiffusion. MultiDiffusion [2]| synthesizes spatially larger latents than the
native denoising field by running the base model on overlapping spatial windows
and reconciling their local flow predictions. We refer to this higher-resolution
latent as a canvas. Formally, suppose that we have a noised latent canvas z; €
REXHXW at timestep ¢, with H > H and W > W as its height and width. Let
F;(-) be a cropping operation and F,' () a zero-padding function, both operating
in the i*" window (out of N). MultiDiffusion combines the outputs of all N
windows as follows:

SN ET (w o v (Fi(),tc))
Y E (w)

where w € RE*W are cosine border-ramp weights that smooth transitions be-
tween regions to avoid any visible seams. For the rest of the paper, a bar ()
denotes an HR variable.

7 (3)

@MD (:Eta t7 C) =

3.2 Joint LR and HR trajectories

We propose a two-stream approach: each stream transfers information to the
other at every iteration. Adopting the variables from the previous section, let
x¢ and Z; be the LR and HR latents, and let ¢ and ¢ be the master and detail
prompts. The former describes the overall content of the scene, while the latter
describes the details to add. Each iteration begins by computing the LR velocity
vg(xy,t,¢) and updating z; using Eq. (1); the resulting global estimate then
conditions the HR branch as described below.

LR— HR conditioning.” We produce a one-shot approximation #; using Eq. (2).

Using D, we decode the LR one-shot latents to pixel space, upsample them, and
then encode them back to latent space using F, that is

T = E(upsample(D(fcl))) . (4)

* These colors match the color coding used in the method overview (Fig. 2).
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We call 7; our joint prior. We deliberately resize in pixel space because con-
ventional latent-space upsampling cannot simultaneously preserve the marginal
distribution [8]. The joint prior thus captures a coarse representation of the
content in x;.

To update the canvas z; with 7, we adapt MultiDiffusion’s tiled-denoising
strategy to leverage in-context T2I conditioning using 7;. For each window 7, we
crop the reference image, F;(7;), and forward it alongside the canvas crop F;(Z:).
Consequently, we modify Eq. (3) to include 7; as follows:

Zi]\il FiT (U) © UG(Fi(‘(Et)v t7 Ev Fi(ft)))
< )
Dic1 Fz‘T(w)
Finally, we update T; with vg(Z4,t,¢,7;) using the standard update schedule

(Eq. (1)). This sequence produces a consistent trajectory and prevents divergence
among the different windows.

(5)

/179(@157 t? éa /Ft) =

HR— LR conditioning.” In the reverse direction, we update the LR branch to
reflect the details already generated in the HR branch. Once both branches
have taken their step, we randomly subsample the canvas Z;; ¢ to preserve
its marginal latent distribution and inject it into x4 a¢. More specifically, we
linearly mix both branches and then correct the variance to match that of the
LR latents using

2P = (1 — a) 2y + @ S(Tesnr)

M( temp __ M(Itemp))7 (6)

Tt At <;:U’(‘rﬂ-ﬂt) + O.(l.temp>

where S is a subsampling mechanism, « € [0,1] is the HR—LR conditioning
strength, and p and o denote per-channel spatial mean and standard deviation,
broadcast back to the latent grid. To initialize the two latents zg and Zg, we
do not sample them independently. Instead, we sample Ty and use S to create
xg = S(Zp). The additional LR trajectory requires one model evaluation for every
N HR window evaluations, yielding a relative overhead of 1/N that becomes
negligible for large images.

4 Experiments

4.1 Implementation Details and Baselines

We use a four-step-distilled FLUX.2 Klein-9B backbone [5]. Unless stated other-
wise, we generate a 40962 px canvas using 10242 px HR windows with a 512 px
stride in both dimensions, i.e., 50% overlap. The LR stream operates at 10242 px,
corresponding to a downsampling factor s = 4. Every run uses a single constant
« throughout the four sampling steps; unless stated otherwise, o = 0.25.

Our full method recomputes the LR-derived in-context prior at every denois-
ing step (joint-prior conditioning), uses o = 0.25 for HR—LR conditioning, and
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applies MultiDiffusion (MD) aggregation in the HR stream, producing 40962
px images. We choose the most representative approaches from the literature as
our baselines: DemoFusion [12], SEGA [36], and ResDIiT [31]. For fairness, we re-
implement every baseline with the same FLUX.2 Klein-9B four-step backbone,
isolating the HR strategy from the base model.

Evaluation Dataset We use GPT-5.6 Sol-high to generate 200 semantically
dense evaluation prompts. Each prompt is 30 to 80 words long (36.3 on aver-
age) and combines at least four otherwise disparate objects, activities, or set-
tings through explicit spatial, functional, or visual relationships. We release the
prompt set in the project repository.

Metrics We assess three complementary axes:

Complezity metrics measure the degree of image detail according to our defi-
nition. We report 1C9600 [14], Discrete Cosine Transform energy (DCT) [1], and
JPEG ratio [42]; higher values indicate greater complexity rather than univer-
sally better quality. DCT and JPEG ratio are frequency- and compression-based
complexity proxies, respectively; additional measures are reported in Sec. C.2.

Text alignment metrics assess correspondence between the generated image
and its prompt. We use LMM4LMM-Correspondence [45] (LMM corr.): it is
well suited to detailed correspondence judgments on our long prompts, and it is
the alignment judge that agrees best with the human prompt-match preferences
of our user study (Sec. 4.4). Additional alignment metrics and their agreement
analysis appear in Secs. C.3 and C.4.

Finally, aesthetics and quality metrics assess visual appeal, composition, and
the absence of artifacts. We report LMM4LMM-Perception (LMM percept.) and
the Qwen-Image-Bench (QIB) Quality score [27], which aggregates its three level-
2 dimensions: Realism, Detail, and Resolution. All reported metrics are higher-
is-better (or higher-is-more-complex). Metrics excluded from our primary claims
because of resolution or context limitations are reported in Sec. C.6. We comple-
ment these axes with a global-local coherence comparison; full protocol details
are reported in Sec. C.1.

As an additional evaluation, we conduct a user study, described in Sec. 4.4.

4.2 Quantitative Comparison

As shown in Tab. 1, several points are evident. (i) Our full method outperforms
all baselines on the three complexity metrics shown, with particularly large gains
in DCT and JPEG ratio. (ii) Its LMM4LMM correspondence score remains com-
petitive at 0.367, only 0.004 below SEGA, and this difference is not significant af-
ter metric-family correction. The detail prompt deliberately introduces plausible
content beyond the master prompt, which can be penalized by strict correspon-
dence judgments even when it increases local visual complexity. (iii) JoLT has
the highest mean QIB Quality and LMM4LMM Perception scores, although nei-
ther top-two difference is significant after correction. Thus, its added complexity
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creates a distinct aesthetic without measured quality degradation. Section C.5
summarizes the metric families.

Table 1: Quantitative comparison on 200 prompts. Our full method leads all
three displayed complexity metrics. Compared with the strongest baseline, the gains
are 5% on 1C9600, 50% on DCT energy, and 26% on JPEG ratio. It also has the highest
means on LMMA4LMM perception and QIB Quality. Its LMM4LMM correspondence
is within 0.004 of the leading baseline. Entries are mean + sample standard deviation.
Boldface and underlining mark the best and second-best means only when their paired
difference is significant after metric-family correction (paqj < .05, two-sided Wilcoxon).
Latency reports seconds per image on one H100 80 GB

Complexity Text alignment Aesthetics & quality Latency
Method 1C9600 (1) DCT (1) JPEG () LMM corr. (1) LMM percept. (1) QIB Quality (1) Time (s) (J)
SEGA 0.615+0.070 4834236 0.0964+0.022  0.371+0.038 0.423+0.160 47.2+10.4 75+9
ResDiT 0.714+0.073  490+£206 0.095+0.019  0.36040.043 0.448+0.152 47.3£10.0 86+22
DemoFusion 0.689+0.068 6134219 0.104+0.017  0.3564+0.044 0.411+0.167 50.24+9.2 125410
Ours 0.753+0.055 920+140 0.1314+0.011 0.367£0.047 0.462+0.164 50.9+9.4 127+15

To assess whether added detail belongs to the surrounding scene, Qwen3.6-
27B [34] compares each full image and four corresponding crops without seeing
the generation prompt or method names. Table 2 shows that the judge rates
JoLT in the same range as DemoFusion and significantly prefers it to SEGA and
ResDiT (pHolm < 001)

Table 2: Global-local coherence comparison on 200 paired prompts per baseline.
Order agreement is the percentage of pairs for which the decision is unchanged after
reversing the A/B presentation order. Intervals are 95% percentile-bootstrap Cls and
PHolm Corrects exact sign tests. More details are provided in Sec. C.1.

Baseline Preference [95% CI| Order agree. prolm Outcome
DemoFusion 458 [.398,.520] 79.5% .204 Same range
SEGA .748 [.693, .800] 83.5% < .001 JoLT preferred
ResDiT .940 [.910, .965] 93.0% < .001 JoLT preferred

4.3 Qualitative Comparison

Next, we qualitatively compare JoLT with the baselines in Fig. 3; additional
examples are provided in Fig. 8. The full-frame views show global composition,
while the center crops highlight local detail. Across these examples, ResDiT
tends toward a darker ambience, SEGA often exhibits repetitive textures, and
DemoFusion uses simpler layouts. In contrast, JoLT produces denser and more
varied local structure while retaining a coherent global composition.
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JoLT (ours) DemoFusion ResDiT SEGA

=3

A flooded hotel atrium contains a functioning print shop with reed boats, mechanical
clocks, stained-glass fish, and citrus trees [...].

Fig. 3: Qualitative comparison with high-resolution generation baselines.
Our result is shown in the leftmost panel. All methods use the same backbone and
output resolution. Each lower-right inset magnifies the square center crop spanning
one eighth of the source image width and height. Among the compared outputs, ours
presents the densest and most varied fine-grained detail in both the full-frame view
and the magnified inset.

Overall, JoLT produces striking visuals with substantially greater detail and
visual complexity than the compared state-of-the-art methods. Its denser local
structure and richer compositions introduce a distinct aesthetic while preserving
coherent layouts and strong visual quality.

4.4 Human Preference

Following standard practice in text-to-image generation, we conducted a user
study on Amazon Mechanical Turk (AMT) to quantify user preferences against
the baselines.* For each prompt, a participant evaluated a randomized left /right
pair containing our output alongside one of the baselines: DemoFusion, SEGA,
or ResDiT. Participants answered three independent questions evaluating which
image was (i) more detailed and visually complex, (ii) a better match to the
prompt, and (iii) more artistically appealing. In total, the study collected 2,700
pairwise preference judgments across a diverse set of 120 prompts.

Table 3 summarizes the results, with light-green cells marking significant
preferences. (i) Users prefer JoLT for detail and complexity against every base-
line. (ii) For prompt adherence, JoLT is preferred over SEGA and ResDiT, with
no significant preference against DemoFusion, consistent with our focus on com-
plexity rather than maximal prompt adherence. (iii) Artistic appeal follows the
same pattern. As seen in Fig. 3, JoLT nevertheless produces striking visuals
with denser detail and more complex structure than DemoFusion. Together with
Tab. 1, these results indicate a distinct aesthetic and added complexity with-
out measured quality degradation, rather than universal aesthetic superiority.
Complementary automatic preference results are provided in Sec. B.

4 We restricted participation to AMT workers with the Master qualification and ap-
proval rates above 95%.
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Table 3: Two-alternative forced-choice user study. Entries report the percentage
of trials preferring our method as the mean + the 95% confidence-interval half-width.
A light-green background marks a preference significantly above the 50% chance level
(95% confidence interval entirely above 50%).

More detailed /  Better prompt  More artistically
Baseline complex (95% CI) match (95% CI) appealing (95% CI)

SEGA 77.3% £ 5.1% 69.0% £+ 5.4% 68.0% £ 5.5%
DemoFusion  76.3% £ 5.1% 48.5% £ 5.6% 46.3% £ 5.7%
ResDiT 76.0% £ 5.1% 68.3% £ 5.5% 71.0% £+ 5.4%

4.5 Ablation Studies

We ablate the contribution of each component. First, we vary the constant
HR—LR conditioning strength « between runs. Next, we compare static and
jointly denoised LR-derived priors and isolate the effect of MD aggregation. Fi-
nally, we vary the detail prompt ¢ to demonstrate controls beyond increasing
complexity. The o sweep uses a matched subset of 25 prompts, while the com-
ponent ablation uses all 200 evaluation prompts.

HR—LR Conditioning Strength We evaluate the effect of varying the con-
stant a between runs (Eq. (6)). When « = 0, the HR stream still receives infor-
mation from the LR stream, while the LR stream remains independent of the
HR stream. Across the full sweep in Fig. 4, IC9600 increases by 5.5% and DCT
by 10.2%. Both metrics remain near their initial levels through o = 0.5 before
increasing more strongly at @ = 0.75 and o = 1. We omit the text-alignment
curve because LMMA4LMM correspondence varies by less than one percentage
point across the sweep. We retain a = 0.25 as a conservative default while leav-
ing headroom for users who prefer more aggressive detail. The matched examples
in Fig. 5 likewise show that increasing a produces progressively more complex
images, confirming its role as a controllable complexity parameter.

Component Ablation We evaluate four configurations to separate joint LR—
HR denoising from the effect of MD aggregation. The prior-only variant is the
base T2I model, without either component. The static-prior variant first gener-
ates an LR image and then keeps that image fixed as the in-context reference
throughout MD sampling. The joint-prior variant jointly denoises a 10242 px LR
prior and a single 20482 px HR window, updating the LR-derived in-context ref-
erence at every step but without MD. Finally, the full JoLT combines joint-prior
conditioning with MD to produce a 40962 px canvas.

These four configurations are summarized in Fig. 6. Between the two con-
figurations using MD at the same resolution, replacing the static prior with
joint-prior conditioning increases IC9600 by 5.7%, LMMA4LMM correspondence
by 2.9%, and QIB Quality by 3.7%. Relative to joint-prior conditioning in the
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Fig. 4: Complexity response to HR—LR conditioning strength o« (n = 25
matched prompts, tiled denoising at 40962 px final image). Both IC9600 and DCT
energy metrics increase most strongly above a = 0.5, confirming that HR—LR condi-
tioning provides controllable complexity.

single-window setting, adding MD increases 1C9600 by 5.1%, LMM4LMM cor-
respondence by 3.1%, and QIB Quality by 3.2%. Because one window is limited
to 20482 px, evaluation at 40962 px requires MD.

a=20 a = 0.25 a = 0.50 a = 0.75 a=1.0

A narrow apartment corridor becomes a choreographed scene for bagpipes, laboratory
mice, hanging laundry, and miniature suspension bridges [...].

Fig. 5: Qualitative ablation of HR—LR conditioning strength «. Across both
examples, increasing a produces a clear increase in the number and richness of visible
details, especially in the magnified regions shown in the lower-right insets.
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Complexity Alignment Quality
1C9600 (1) LMM corr. (1) QIB Quality (1)
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Fig. 6: Component ablation. Left: the four configurations and their native output
resolutions; colors match the bars. Right: mean 1C9600, LMM4LMM correspondence,
and QIB Quality over 200 prompts; error bars show one standard deviation. Since one
window is limited to 20482 px, 40962 px generation requires MD.

Detail-Prompt Ablation We test the detail prompt as a lightweight editing
instruction while holding the master prompt and seed fixed. Figure 7 shows that
the resulting image follows each requested detail or appearance treatment while
preserving the same overall scene. This separation lets artists iterate on rendering
style, surface texture, and lighting without rewriting the scene description or
disrupting its composition. The detail prompt therefore serves as a compact
cpeativg—control channel for producing controlled variants of a shared layout.

% S X 4 : g4 «‘é‘;{ NESiive

%

‘Enhance the “Intricate grotesque

imagery”

image, add lots of “pointillist style” caustic light
details” reflections”

Fig. 7: Qualitative detail-prompt ablation. We hold the master prompt and seed
fixed and vary the detail prompt shown below each image. The master prompt is
“A flooded hotel atrium contains a functioning print shop with reed boats, mechanical
clocks, stained-glass fish, and citrus trees [...].” All results are generated at 40962 px.
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5 Limitations and Conclusion

Limitations. Our method relies on the potentially noisy one-shot estimate
Z1. We therefore evaluate it on a four-step model, whose estimate is already
visually informative after one step. We also tested our method with longer sam-
pling schedules, but these require an alternate clean-estimation approach, such
as PiD [30], as well as substantially more compute. Our evaluation is also lim-
ited by the weak-to-moderate agreement among text-alignment metrics: across
the nine metrics in Sec. C.4, their mean pairwise Spearman correlation is only
p ~ 0.25, so no single score is a definitive proxy for text—image alignment and
metric-specific gains should be read cautiously, ideally corroborated across met-
rics or with human judgment. We further hypothesize that the sheer density
of detail JoLT introduces can itself reduce the readability of the full scene: be-
yond a certain point, additional local content crowds the global composition and
makes the whole image harder to parse. We believe this effect partly underlies
the modest text-alignment gap we observe alongside our large complexity gains.
Future work should also evaluate on larger standardized benchmarks, such as
the graph-based DPG-Bench [19] and art-focused GenAI-Bench [26].

Conclusion. We introduced JoLT, a two-stream generator that jointly denoises
an LR layout trajectory and an HR detail trajectory, coupling them at every step
instead of cascading from LR to HR. A global master prompt governs the overall
composition while a detail prompt and a step-wise in-context prior drive local
synthesis, and a single feedback strength « turns image complexity into a di-
rectly controllable parameter. On a distilled four-step FLUX.2 backbone with
MultiDiffusion aggregation, JoLT generates images at 40962 px and above with
substantially higher measured complexity than strong high-resolution baselines
while remaining competitive in text alignment, aesthetics, and quality, and hu-
man evaluators consistently prefer it for visual detail. More broadly, our results
suggest that treating high-resolution synthesis as two coupled trajectories, rather
than a low-to-high cascade, is an effective route to dense, high-fidelity imagery.
For artistic practice, this turns choices that vanilla T2I models fix implicitly
into explicit controls: v acts as a dial over visual density, and the detail prompt
restyles a fixed composition through language alone. At resolutions that with-
stand the close inspection a print invites, JoLT becomes a practical instrument
for large-format artistic creation.
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