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Figure 1. Given prompts with explicit per-class counts, COUNTLOOP (top-left) produces high-instance images whose detected counts
align with targets. Under identical prompts, recent text/layout-based image generation benchmarks often under- or over-generate at high
cardinalities. We further illustrate practical uses of count-specific image generation (right): (a) in object counting [41], for augmenting
datasets; (b) in Al-driven games [34], where accurate object counts (e.g., buildings, cards) are crucial for gameplay design; and (c) in
video foundation model pre-training [20, 50], where synthetic count images can enhance diversity and generalization compared to scarce
real-world counting datasets.

Abstract

Diffusion models excel at photorealistic synthesis but
struggle with precise object counts, especially in high-
density settings. We introduce COUNTLOOP, a training-free
framework that achieves precise instance control using iter-
ative, structured feedback. Our method alternates between
synthesis and evaluation, using a VLM-guided agent as both
a layout planner and a critic. This agent provides explicit
feedback on object counts, spatial arrangements, and at-
tributes to refine the scene layout iteratively. Instance-driven
attention masking and cumulative attention composition fur-
ther prevent semantic leakage, ensuring clear object separa-
tion even in occluded scenes. Evaluations on high-instance
benchmarks show COUNTLOOP achieves up to 2x higher
counting accuracy and significantly improves spatial align-
ment over strong layout-based, gradient-guided, and agentic
approaches, while maintaining photorealism.
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1. Introduction

Digital creators, designers, and artists increasingly use text-
to-image diffusion models like DALL-E 3 [6], SDXL [39],
and FLUX [8] to produce high-quality visuals. However,
these models struggle with scenes containing many distinct
yet related object instances [37], limiting their effectiveness
in applications where cardinality is crucial, such as game
asset generation (e.g., crowds of characters or repeated envi-
ronmental elements) or augmenting object-counting datasets
and even as a pretraining task in video diffusion models [50].
Current image diffusion models typically saturate at around
10 instances per category [7], with precise quantity being
a known long-tail compositional failure [61], yielding se-
mantic drift (mixed attributes), spatial collapse (cluttered or
overlapping objects), or instance duplication. For instance, a
prompt like “140 oranges and 31 birds in Harry Potter theme”
might under/over-produce an incoherent pile of either or-
anges or birds or both (Fig. 1), compromising accuracy and



usability.

Current solutions fall into main three categories: (1)
gradient-guided methods [10, 25]; (2) layout-to-image (L2I)
pipelines [4, 7, 17, 28, 32, 64]; and (3) agentic diffusion
frameworks [51, 55, 59]. However, none scale effectively to
high-instance scenes or fully resolve the failure cases illus-
trated in Fig. 2. Gradient-guided methods inject counting
signals during denoising to improve count accuracy but of-
ten introduce artifacts or worsen semantic leakage, which
is an intrinsic challenge of high-instance generation, espe-
cially as object density increases [14, 15] (see Fig. 2(b)). L2I
pipelines guide diffusion using bounding boxes or masks,
but suffer from autoregressive biases [5, 56] that cause unnat-
ural, grid-like layouts (see Fig. 2(a)), and typically require
detailed annotations or carefully engineered prompts [7], lim-
iting scalability. Agentic diffusion methods use LLM-based
editing but lack explicit scene structure, leading to poor spa-
tial grounding, overcorrection, or object omission. Their
focus on aesthetics over structure makes them unreliable for
dense, count-sensitive generation.

To tackle the ongoing challenge of generating visually
coherent scenes with accurate object counts, we present
COUNTLOOP, a training-free framework that approaches
high-instance image generation as an iterative design pro-
cess rather than a single-pass operation. Inspired by how
human designers progressively refine their compositions,
CouNTLoOOP follows a structured loop: it parses the input
prompt into a planning graph that captures both object at-
tributes and spatial relationships. This graph is then used to
generate a layout, which guides image synthesis under layout
constraints. A vision-language model (VLM) critic offers
structured feedback by evaluating two key aspects: (a) spa-
tial coherence and appearance fidelity, which are assessed
using a pretrained image encoder [52]. For (b) counting
accuracy, the Critic VLM employs an off-the-shelf object
detector [32]. This design choice is essential because re-
cent studies show that VLMs alone struggle with accurate
counting in dense scenes [18]. The structured feedback from
the VLM is then used to update the planning graph and
the prompt, repeating the loop until the output meets target
quality thresholds. Unlike generative models, which may
hallucinate or drift from the intended specification, VLMs
excel as discriminative evaluators [24], making them ideal
critics in our agentic loop. Their multi-modal understanding
enables reliable scoring of both semantic [26, 58] and spatial
alignment [11, 58], guiding precise and targeted corrections.

Our COUNTLOOP also introduces a cumulative atten-
tion mechanism during the denoising process to mitigate
semantic leakage, which is a common issue in high-instance
scenes. Rather than generating all subjects simultaneously,
it provides per-instance grounding by preventing semantic
entanglement and maintaining the identity of individual ob-
jects. By imposing attention locality within instance-specific
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regions, COUNTLOOP encourages independence across ob-
jects and prevents the borrowing of features from nearby
or similar instances. Together, this iterative agent-guided
loop, the use of per-instance cumulative attention compo-
sition, and VLM-based visual feedback form a powerful,
training-free pipeline. Unlike prior methods requiring model
retraining or suffer from grid-like rigidity, COUNTLOOP acts
as a plug-and-play enhancement to standard diffusion back-
bones, scaling up to 100+ objects while ensuring accurate
counts and natural spatial layouts.

We summarize our contributions as follows: (1) We
present COUNTLOOP, a training-free iterative pipeline for
generating high-instance images with precise object counts
and strong aesthetic quality; (2) We introduce a cumulative
attention composition mechanism that sequentially injects
each object in the latent space using instance-specific at-
tention masks. This effectively mitigates semantic leakage,
ensuring clear boundaries and identity preservation even in
densely populated scenes; (3) We leverage a VLM as a struc-
tured critic to evaluate generated images along two axes:
count consistency and appearance fidelity, and provide inter-
pretable feedback to refine the layout and prompt iteratively;
(4) We conduct extensive evaluations on COCO-Count, T2I-
CompBench, and newly introduced high-instance bench-
marks. Results show that COUNTLOOP more than doubles
the counting accuracy and significantly improves visual co-
herence compared to all existing methods.

2. Related Work

Count Control in T2I Generation: Modern text-to-image
diffusion models such as LDM [42], Imagen [43], SDXL
[39], and FLUX [8] achieve remarkable photorealism by
denoising a shared latent representation, but they break
down when prompts demand structured control, such as
“40 red cans on a shelf” or “12 apples in a bowl and 8
on the table”. Beyond 10-15 identical objects, they often
miscount, exhibit attribute leakage, and suffer spatial col-
lapse [7, 10, 14]. These limitations stem from architectural
constraints: cross-attention fails to preserve per-instance
identity, and there is no global mechanism enforcing car-
dinality or spatial coherence. Gradient-guided corrections
[10, 25] offer partial remedies but require retraining and
still fail in dense scenes. In contrast, COUNTLOOP is a
training-free iterative framework that plans, generates, and



critiques images through a vision-grounded loop. By in-
tegrating instance-aware composition and a cumulative at-
tention mechanism to prevent attribute leakage, COUNT-
LoopP achieves high-fidelity, count-accurate generation even
at extreme object densities.

L2I Generation: GLIGEN [28] and LMD [29] condition
diffusion on boxes/masks (or LLM-derived layouts) to con-
trol count and placement, but they do not model rich rela-
tions and have not been shown to scale to very dense (20+
instance) scenes. Scene-graph pipelines such as SG2IM [23]
encode pairwise relations but depend on expensive graph an-
notations. LLM layout planners (e.g., LayoutGPT [17]) can
draft plausible layouts, yet robustness under high-instance
prompts is under-explored. CountGen [7] improves count
control by retrieving and adapting layouts from similar im-
ages, but its effectiveness depends on retrieval coverage and
the downstream generator, with limited evidence at extreme
densities or broad attribute variation. Independent studies
report cross-attention leakage and identity confusion in multi-
object T2I [10, 14], especially as objects crowd together. In
contrast, we use a VLM-driven planning graph with iterative,
instance-aware composition (cumulative attention) to pre-
serve texture and prevent leakage under occlusion, achieving
precise counts without retraining and demonstrating reliable
generation at 100+ instances.

Agentic Diffusion Correction: Recent frameworks use
LLM agents as planners or critics to improve diffusion gen-
eration iteratively. For example, SLD [55] employs an LLM
to detect generation errors and suggest prompt revisions.
However, it treats the image as a black box, lacks layout con-
trol, and often over-corrects, repeating or skipping objects.
GenArtist [51] deploys multiple agents to edit color, style,
and composition, but focuses on aesthetics rather than object
count or spatial precision. RPG-DiffusionMaster [59] uses
role-playing agents to draft and review prompts, improving
narrative clarity and ignoring issues like overlap or count-
ing in dense, occluded scenes. While all three frameworks
improve prompts, they lack an explicit scene representation,
making them unreliable in high-instance settings. In con-
trast, COUNTLOOP introduces a targeted refinement loop
designed for dense instance generation. It builds a structured
planning graph by encoding objects and relations, uses a
VLM guided by an open-vocabulary detector for grounded
critique and an aesthetic scorer for quality estimation, and
applies a parameter-free textual optimizer to update layouts,
achieving accurate, layout-aware, and visually consistent
results without retraining the diffusion backbone.

3. CounTLOOP

Overview: We introduce COUNTLOOP, a training-free,
VLM-guided framework for high-instance image generation,
producing precise object counts, coherent spatial arrange-
ments, and distinct instance-level attributes from a textual

prompt (see Fig. 1). COUNTLOOP operates in three stages.
First, a Design VLM interprets the prompt to produce real-
istic, non-grid layouts (Fig. 2(a)) with natural object place-
ment. Second, these layouts guide style-consistent image
generation via a cumulative attention mechanism that miti-
gates attribute leakage (Fig. 2(b)) and preserves object clarity
under overlap. Finally, a Critic VLM assesses the output
for counting accuracy and aesthetic quality, providing struc-
tured feedback to refine both the layout and prompt. This
iterative loop runs until a target quality score is reached,
enabling complex, high-instance images without retraining
the diffusion model. Fig. 3 shows the full pipeline.

3.1. VLM-Guided Layout Generation

Generating images with precise control over multiple object
instances, especially in dense scenes, remains challenging
for text-to-image models, often causing unrealistic layouts
and object overlaps. While layouts can be extracted from
prompts via an LLM and further grounded for accurate count-
ing [29], limited spatial reasoning [40] and autoregressive
generation lead LLMs to produce rigid, grid-like structures
(see Fig. 2(a)). VLMs offer improved multimodal reason-
ing [53], but still fall short of the desired flexibility. To
overcome this, we introduce spatial reasoning into the VLM
to promote more flexible layout arrangements. Inspired by
scene graphs [12], we propose planning graphs that augment
VLM’s Chain-of-Thought with explicit relational and spa-
tial priors. Building on Qwen3-VL [58], our Design VLM
produces more consistent object placement, attributes, and
relations, reducing grid artifacts and yielding more struc-
tured, realistic compositions.

Prompt Parsing: As a precursor to our process, we break
down the input prompt into its core components, including
object-level quantities, instance-level attributes, and instance-
level quantities. For example, the prompt “two cats and a
bird in the sky” contains two objects, “cat” and “bird”, with
desired quantities of two and one, respectively. The object
“bird” is associated with an instance-level attribute “in the
sky”, which has a desired quantity of one, whereas the object
“cat” is not associated with any instance-level attributes. We
begin by instructing a VLM (Qwen3-VL [58]) to analyze
the prompt and the attribute relations and return it in a JSON
dictionary. We guide the VLM with specific instructions on
how to extract spatial relations from P as shown below.

You are a scene planner. Given a prompt, return a JSON-based object-attribute

relation with:

¢ objects: list of instance nodes with fields—id, category, position
(x,y),depth, color

¢ relations: list of edges with fields—source, target, relation,
distance, angle

e context: background scene type

These object-attribute relations serve as the foundation for
the planning graph that injects spatial reasoning into the
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are met.

VLM’s chain-of-thought reasoning.

Planning Graph Construction

Prompt: "A scene with 2 cats and 1 bird in the sky"
VLM Reasoning (Simplified):

1. Identify objects: 2 cats, 1 bird

2. Assign coarse positions: cats near center, bird above

3. Apply spatial jitter and avoid overlaps

Example: (Prompt: "A scene with 2 cats and 1 bird in
the sky") "objects": [ "id": "cat 1", "pos": [0.3,
0.6], "d": 0.4, "color": "gray", "id": "cat 2",
"pos": [0.6, 0.6], "d": 0.4, "color": "black",
"id": "bird 1", "pos": 0.5, 0,31, YelVg 0.2,
"color": "white" ], "relations": [ "from": "cat
1", "to": ‘'"bird 1", "r": T"below", "dist": 120,
"angle": 90 ], "context": "outdoor, grassy field"
V_

Planning Graph Construction: The graph construction pro-
cess begins by using object-attribute relations parsed from
the input prompt. Specifically, the planning graph is de-
fined as G = (V, E, By,), where V' denotes object-instance
nodes, E represents edges encoding spatial relations, and
B, captures the scene context (e.g., “outdoor environment”).
Each node in V includes attributes like category (e.g., cat,
bird), a unique identifier (e.g., cat_1), normalized position
[z,y] € [0,1]?, depth prior d € [0,1], and color. Edges
in E encode spatial relations via directional operators (e.g.,
“above,” “left-of”’), normalized distances, and angular ori-
entations. G enforces structured spatial reasoning, nodes
specify individual properties while edges ensure relational
consistency (e.g., minimum distances to prevent overlaps),
enabling realistic multi-object scene construction. To inte-
grate this structured representation into VLM reasoning, we
convert the graph into a textual prompt template Pg:

Ps = ¢([Object’]), [ Relation'], [ Context']) (1)

where ¢ denotes a text concatenation operator;
"Object’ IS V, ’'Relation’ € FE, and
"Context’ € By, denotes the textual attributes

from the planning graph. Full prompt details are provided in
the supplementary. The prompt P encodes object positions,
depth, and sizes in text, enabling spatial reasoning within
the VLM. This reasoning is combined with in-context
examples for effective grounding: These examples provide
a structured format that ensures precise object placement
while preserving natural composition. Finally, both the
planning graph prompt Pg and the in-context examples
(denoted by P,) are fed into the Design VLM as follows:

J =VLM(Pg, Pa) 2

where J is the VLM’s output in JSON format. From this, we
extract the object layout coordinates L, the scene description
prompt Py and background prompt . respectively. The
prompt template is detailed in the supplementary.

3.2. Layout Aligned Image Generation

After obtaining the layouts L, the goal is to generate im-
ages that faithfully follow the specified arrangement. How-
ever, layout-grounded diffusion models commonly exhibit
attribute leakage [14, 15], yielding correct counts but de-
graded visual quality (Fig. 2(b)). To address this, we take
inspiration from multi-turn image generation [13] and avoid
generating all instances in a single pass. Instead, we adopt
an iterative strategy that synthesizes one object at a time
while preserving texture by conditioning on the previously
generated content. This sequential process reduces attention
leakage and maintains clear separation between objects, even
under occlusion.

Layout Aligned Attention Masking: Given the object lay-
outs I and prompt description P, we aim to ground the lay-
out with the text to generate images with accurate instance
counts. Since layouts are discrete spatial arrangements, we
project them into a continuous space using a layout encoder.
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Specifically, we use the layout encoder of GLIGEN [28], de-
noted by [E, which encodes each per-instance layout /; € L
into latent embeddings @Q); = E(I;). The full set of embed-
dings is represented as Q = {Q1,...,Qn}. To ground
these layout embeddings with the prompt P, we compute
cross-attention A, Where the queries are layout embed-
dings @, and the keys and values are derived from the text
embedding of P,;. However, directly using A oss for gen-
eration introduces semantic leakage because it attempts to
generate all instances at once. To mitigate this, we indepen-
dently process A5 at the instance level. For each object
instance 4, we apply a binary spatial mask M; € {0, 1}wi*hi
(1 inside the bounding box of [;, 0 elsewhere), derived from
the layout /; € L. The mask is then reshaped into M; us-
ing bilinear interpolation to match the latent dimension of
Across- This mask is further refined via a self-segmentation
algorithm [14] to obtain shape-aware masks. The masked
layout feature is then computed as:

hask = Alross © M; 3)

mask Cross

Here, A% denotes the instance-specific masked attention
feature, which confines the receptive field of attention to the
corresponding object’s region in the spatial domain.
Cumulative Latent Composition: Once instance-level at-
tention maps A° , are computed for each object layout
l; € L, we construct a coherent global latent feature map
[ via cumulative composition in the diffusion latent space.
Starting from a zero-initialized canvas, we iteratively paste
each A% atits designated spatial location, producing inter-
mediate latent maps F; € RHF*WrxD 'ywhere Hr and Wp
are spatial dimensions and D is the feature dimension. The
composition is defined as:

Fi+1(3;‘, y) = ]l(w,y)eli : Blend(Fi(x> y)7 Alinask) 4)

Here, 1 indicates whether pixel (x, y) lies within the bound-
ing box of I;, and Blend(-) denotes feature concatenation.
This iterative process yields a sequence of cumulative latent
feature maps F' = {Fy, Fy, -+, Fx}, where each F; con-
tains an increasing set of composed instances (see Fig. 4).
When these disentangled instance-wise latent features are
used for image generation independently, the cross-attention
mechanism from Eq. 3 ensures per-instance grounding. This
prevents semantic entanglement and maintains the identity
of individual objects.
Appearance Consistency via IP-Adapter: Generating im-
ages independently from disentangled features F' reduces
semantic leakage but often introduces texture inconsistency,
since each latent F; is denoised separately. To counter this,
we condition the diffusion model (e.g., SDXL [39]) on the
foreground texture of the previously generated output using
IP-Adapter [60]. Because leakage occurs when query to-
kens attend to different instances during self-attention [14],
we further preserve the per-instance query representation
(Z,) before its interaction with keys and values, maintaining
instance-level semantics. Formally:

I, 2% q=®(Fi+1,P,0(L)), i=1,...,N-1 (5
where I; is the image generated from Fj, N is the number
of objects, and 6 is IP-Adapter conditioning. The first image
is generated without [P-Adapter due to the absence of prior
texture. Iterating over all F; aligns prompt semantics Py
with accumulated visual cues, reducing hallucinations and
preserving object distinctiveness. After extracting all query
embeddings Z, = {Z],..., Z]'}, we produce a final image
with minimal attribute leakage. To generate the final compo-
sition, we use the last query latent Z2, which encodes all N
objects with consistent appearance. The attention operation
is defined as:

AZN K, V), (6)

q )
where K and V are the keys and values (see Fig. 4) of the
diffusion. Each object-specific feature in Z év attends to a
shared key—value set, enforcing semantic coherence across
foreground instances while keeping the background disen-
tangled. This operates as an implicit variant of self-attention
expansion in video diffusion [2, 54], but the attention is
shared across object instances rather than frames. Since
using only the foreground prompt P; may yield a weak back-
ground, we concatenate a dedicated background prompt 13,
with Py as the textual condition to the model. The result-
ing image I (see Fig. 4) preserves the planned layout with
semantically separated objects and reduced attribute leakage.

3.3. Layout Refinement via Iterative Feedback

After generating a layout-grounded image I, we ensure that
the prompt description Py, B, is accurately reflected in
terms of object count and aesthetics. We therefore run an
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Figure 5. Successive layout refinement using VLM critic. Corre-
sponding layouts in the inset.

iterative refinement loop that (i) evaluates I, (ii) identifies
flaws and extracts structural feedback, and (iii) updates both
the planning graph and prompt until the output meets the
desired quality.

Critic VLM: We employ a VLM agent built on Qwen3-
VL [58], reconfigured to serve as a Critic VLM for ana-
lyzing generated images and suggesting prompt or layout
revisions. LLM behaviour varies sharply with instruction de-
sign [33, 47]; the same model can function as either creator
or critic based on the prompt, integrating creator/critique sig-
nals into its chain-of-thought reasoning. Exploiting this, we
supply a critique-style prompt P to the VLM which evalu-
ates the generated image I on two aspects: (a) object count
fidelity and (b) visual aesthetics, as shown in Fig. 3. Since
VLMs remain unreliable at dense object counting [19], we
compute count accuracy using an open-vocabulary detector
[32] to obtain s.. Likewise, because VLMs tend to provide
overly positive aesthetic judgments [9], we rely on an ex-
ternal aesthetics estimator [52] to evaluate prompt-image
alignment, yielding s,. A composite score S then captures
overall quality:

i
|Cgt0|> =+ /63(1 (7)

S:a-max<0,1—

Sc
with 5% as the prompt-implied count and a=0.6, 3=0.4.
The score S, together with I, P; and P, is passed
to the Critic VLM, which produces textual feedback
such as "cat; overlaps with cats’, 2 birds
detected but target is 1’, or ’'lighting
inconsistent across objects’. This textual
feedback (denoted as Pieq) is then utilized for iterative
layout refinement to improve count fidelity and visual
realism. The prompt Py is provided in the supplementary.
Parameter-Free Refinement: The Critic VLM’s textual
feedback must be translated into concrete edits to the plan-
ning graph to generate an updated image incorporating the
feedback. Instead of fine-tuning model parameters, which is
impractical without large annotated datasets, we employ a
parameter-free textual refinement operator inspired by [63].
We denote this operator as ¥, an LLM-based text-editing
agent that updates the planning graph through structured
natural-language reasoning. Given the current graph G, the
critic feedback Peeq, and an optimization prompt P, the

operator produces an updated graph:
Gl = \I/(G, Pfeed; Popt)-

Mirroring how PyTorch’s AutoGrad [38] performs gradi-
ent updates, ¥(-) interprets the input feedback and esti-
mates a textual analogue of a gradient, using a loss func-
tion which is a pre-defined textual prompt template de-
fined in Py It then applies gradient-like edits to the plan-
ning graph G via textual modifications rather than numer-
ical parameter updates in autograd. Operating entirely on
textual representations, ¥ applies targeted structural edits
to G. For example: ® For feedback such as "cups is
overlapping with cups", it increases spatial sepa-
ration in G. @ For "only 28 cups detected but
target is 30", itinserts the missing object nodes. This
parameter-free refinement is compatible with any frozen
diffusion model and supports precise, semantic-level correc-
tions. After obtaining G’, we obtain the prompt P/ (Eq. 1)
to generate a refined layout IL (Eq. 2), followed by updated
image synthesis I (see Fig. 5). The loop terminates once the
composite score .S exceeds 0.85 and the predicted count s,
matches the ground-truth value s¢, ensuring complete count
fidelity before finalizing the image.

4. Experiments

4.1. Dataset and Evaluation

Datasets: We evaluate on four sets spanning instance count
and compositional difficulty: COCO-Count (MS-COCO
subset [30]); T2I-CompBenchCount (subset of [21]); newly
proposed COUNTLOOP-S (single category, 200 prompts,
30-200 instances); and COUNTLOOP-M (multi-category,
200 prompts, 30-100 instances). Benchmark construction
details and prompt lists are in Sec. 1.4 of the supplementary.
Evaluation Metrics: We evaluate counting accuracy using
F1 and MAE metrics, and assess prompt—image alignment.
For counting, we adopt the state-of-the-art open-vocabulary
detector OWLvV2 [35] inspired by [55], using the number of
detected boxes as the estimated count. Spatial alignment is
measured via CLIP-FlanT5 encoder from VQAScore [27].
Competitors: We compare COUNTLOOP with repre-
sentative 72/ (SDXL [39], FLUX [8], SDXL-Turbo [44],
SD3.5 [46], Counting Guidance [25], GPT-4o0 [57]), Agen-
tic (GenArtist [51], SLD [55], RPG-DiffusionMaster [59]),
and L2 (LMD [29], MIGC [64], CountGen [7]) methods.
Implementation details are provided in the supplementary.

4.2. Main Results

Quantitative Results: Tab. 1 highlights COUNTLOOP’s
state-of-the-art count accuracy, especially as instance num-
bers scale. On standard benchmarks like COCO-Count,
COUNTLOOP (95.06 F1) already surpasses strong competi-
tors like SLD (90.34) and GPT-40 (72.00). The key differ-
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Figure 6. COUNTLOOP maintains precise object counts and natural arrangements in dense scenes, while methods like LMD [29], SLD [55],
Counting Guidance [25], and CountGen [7] exhibit abnormal counts, spatial collapse, and grid artifacts. More visuals in the supplementary.

entiators are the high-instance benchmarks: COUNTLOOP-
S and COUNTLOOP-M, where COUNTLOOP (87.32 F1)
remains robust, while both L2I methods (CountGen: 48.18)
and agentic pipelines (GenArtist: 51.00) suffer a clear per-
formance collapse. Crucially, COUNTLOOP also leads in
spatial quality (0.93 on COUNTLOOP-S), avoiding the count-
quality trade-off that hinders the previous approaches. This
showcases the importance of preventing semantic leakage
and the role of Critic VLM to generate images without com-
promising on count accuracy, even for dense scenes for both
single and multiple instance scenarios.

Qualitative Results: Fig. 6 demonstrates COUNTLOOP’s
consistent precision across diverse instance counts. For “17
vases”, competitors under-generate (LMD: 13, Count Guid-
ance: 9, CountGen: 6), while COUNTLOOP accurately ren-
ders all 17 with natural arrangements. In the “104 hot air
balloons” scene, COUNTLOOP precisely places all balloons
with realistic spacing, unlike Count Guidance (57), Count-
Gen (54), and LMD’s artificial clusters (225 overlapping).
Crucially, COUNTLOOP consistently avoids semantic drift,
grid artifacts, and count inaccuracies that outperforms com-
petitors for high-instance image generation.

4.3. Ablations and Analysis

Key Components: We collectively demonstrate how differ-
ent architectural components contribute to COUNTLOOP’s
performance in distinct ways. The main ablation Tab. 2a
progressively builds the model from a simple baseline to
show how each of our model components provide a sig-
nificant and cumulative boost to counting accuracy. This
study on the COUNTLOOP-S benchmark confirms that while
the initial layout and leakage-prevention mechanisms are
effective, both Cumulative Attention (CA) and Iterative Re-

finement (IR) are critical, with each contributing a similar,
massive boost of +17-18 F1 points over baseline. Note that
we run 3 rounds by default, since Tab 2(a) in Sec. 1.2 of
the supplementary shows that three iterations markedly im-
prove both counting and aesthetics, even though a single
pass already surpasses all its competitors. We further val-
idate our design choices in Sec. 1.2 of the supplementary,
which demonstrate robust performance across various diffu-
sion backbones, VLM models, open-vocabulary detectors,
and aesthetic scorers.

(a) Accuracy vs Number of Objects. (b) Accuracy vs Runtime.

Time (s)

Number of Objects

Figure 7. Left: Counting difficulty rises with instance count. Right:
Runtime curves echo the same ordering.

Runtime Analysis: We evaluate end-to-end runtime on the
CoUNTLOOP-S benchmark by measuring both the anytime
MAE trajectory and the total time required to achieve accu-
rate counts. As shown in Fig. 7b, COUNTLOOP continues
to improve steadily over time, ultimately reaching a substan-
tially lower error floor. Compared to the agentic SLD [55],
COUNTLOOP not only achieves a lower final MAE but also
reaches error thresholds faster, with ~1.2x speedup at 10
instances and up to ~1.4x at 100. This behaviour mirrors
the trends in Fig. 7a, where COUNTLOOP remains robust as
object counts grow, while T2I and L2I methods plateau early
and fail to recover beyond ~10-20 objects.



Table 1. Comparing counting and aesthetic quality across four benchmarks across T2I , L2I ,and Agentic systems. For every
dataset we report Counting — split into F1 (higher is better) and MAE (lower is better) — and Spatial (aesthetic quality).

Single Category

Multi Categories

COCO-Count T21-CompBench CouNTLOOP-S CounNTLOoOP-M
Counting . Counting . Counting . Counting .
Model F1 (%) MAE | Spatial 1 F1 (%) MAE | Spatial 1 F1 (%) MAE | Spatial 1 F1 (%) MAE | Spatial 1
SDXL [39] 74.00 2.37 0.38 76.00 2.72 0.75 65.00 29.96 0.63 55.00 9.89 0.55
FLUX [8] 87.00 1.40 0.53 83.00 1.48 0.78 71.00 17.47 0.65 63.00 9.62 0.58
SD 3.5 [46] 49.00 1.10 0.46 84.00 1.58 0.76 70.00 21.81 0.64 69.00 8.40 0.56
SDXL-Turbo [44] 45.20 2.50 0.23 65.45 3.76 0.53 32.25 51.14 0.39 45.21 9.95 0.37
Counting Guidance [25  67.54 1.68 0.63 71.41 3.90 0.56 36.67 42.49 0.47 64.42 8.43 0.41
GPT-4o [57] 72.00 0.58 0.55 91.00 1.71 0.80 49.45 33.56 0.69 79.10 4.61 0.60
LMD [29] 58.00 3.09 0.24 74.00 5.56 0.73 66.00 16.62 0.66 71.00 6.34 0.64
MIGC [64] 79.00 1.83 0.36 70.00 2.96 0.65 67.00 17.54 0.65 72.00 6.28 0.62
CountGen [7] 58.99 1.88 0.61 63.75 522 0.75 48.18 34.44 0.72 72.00 6.46 0.69
GenArtist [51] 75.40 1.50 0.45 85.33 1.50 0.70 51.00 32.47 0.60 77.87 4.93 0.57
SLD [55] 90.34 1.15 0.70 91.50 1.44 0.77 55.04 29.65 0.75 82.46 3.74 0.65
RPG [59] 84.89 1.28 0.60 91.32 1.47 0.75 51.89 31.85 0.70 80.16 4.34 0.62
COUNTLOOP (ours) 95.06 0.45 0.93 86.76 1.23 0.79 87.32 7.59 0.93 86.58 2.13 0.73

Table 2. Analysis of COUNTLOOP components and user study.
PG: Planning Graph, CA: Cumulative Attention, IR: Iterative Re-
finement, OVD: Open-vocabulary Detector, AS: Aesthetic Scorer.

(a) Ablation of design components. (b) Critic VLM configs.
PG CA IR F1t Spatialf OVD AS F1t  Spatial
g8 & @ X X 5513 067
7 & & @I X v/ 62 070
X voX 6992 0.71 7
v v/ x 751 081 X 8149 0.83

v v 87.32 0.93
v /o /8132 0.93
(¢) User Evaluation (5 best, 0 worst).

Metric CountLoopr LMD FLUX SLD CountGen
Alignment 45 34 3.7 4.0 3.6
Aesthetics 44 33 3.5 39 3.8
Count 4.6 3.7 4.0 4.2 3.4
Overall 4.5 3.5 3.7 4.0 3.6

Critic Composition: Tab. 2b indicates that a VLM-only
critic performs poorly on numeracy. Adding only an aes-
thetic scorer (AS) provides limited improvement. Incor-
porating an open-vocabulary detector (OVD) is decisive,
markedly improving counting and layout. The full setting
achieves the best overall behavior, suggesting OVD grounds
counts while AS stabilizes visual/relational quality.
Human Evaluation: We ran a 30-participant study (20 de-
signers, 10 Al artists) across all the four benchmarks. Each
participant rated 15 blinded set of 5 images(COUNTLOOP,
FLUX [8], LMD [29], SLD [55], and CountGen [7]) on a 5-
point scale for Prompt Alignment, Aesthetic Quality, Count
Accuracy, and Overall Preference. COUNTLOOP was pre-
ferred across all axes (Table 2c), with significant gains over
its competitors. Procedure, demographics, and the survey
interface are detailed in Sec. 1.4 of the supplementary.

5. Conclusion

We presented COUNTLOOP, a training-free, iterative frame-
work that enables high-instance image generation with pre-

TS

A herd of 70 dephants in a dried grassiand

b
A crowd of 170 people in a farmers’ market

Figure 8. Failure cases

cise object counts and strong visual quality. By combining
VLM-based planning graphs, instance-driven attention, and
cumulative latent composition, COUNTLOOP overcomes key
limitations of existing methods, such as count saturation,
semantic leakage, and rigid layouts. A critic-in-the-loop
further refines generation by updating layout and prompts.
Evaluations on COCO-Count, T2I-CompBench, and new
high-instance benchmarks show that COUNTLOOP achieves
over 2 improvement in counting accuracy while preserving
aesthetics and scaling reliably to 100+ instances per image.
Limitations: As a training-free system, COUNTLOOP inher-
its the limitations of its frozen VLM and detector, allowing
their biases to propagate. Dense occlusions, especially in
human scenes, can degrade attention quality and spatial con-
sistency. Without explicit 3D priors, COUNTLOOP struggles
with generating objects in different poses and complex per-
spectives. Count fidelity also depends on the diffusion latent
dimension, object scale, and canvas resolution; larger objects
may merge, limiting achievable counts. Moreover, strong
layout guidance can reduce intra-class diversity by biasing
toward canonical poses or textures for count accuracy. Some
of these limitations are shown in Fig. 8.

Future Work: It would be interesting to extend COUNT-
LoopP to layout-free generation with weak spatial priors,
improve human modeling in dense scenes, and support high
object counts through controllable upscaling or multi-canvas
fusion. Integrating this approach with ViT-based T2I models
may yield valuable insights.



6. Supplementary Material

6.1. Implementation Details

All experiments were conducted on a single NVIDIA A100
GPU (80GB) running Ubuntu 22.04, with Python 3.10, Py-
Torch 2.1, and CUDA 12.2. For all competitors (LMD [29],
SLD [55], CountGen [7], MIGC [64], GenArtist [51], RPG-
DiffusionMaster [59], etc.), we used the authors’ officially
released code and pre-trained checkpoints, following their
recommended hyperparameter settings. No modifications
were made that would disadvantage the baselines.

Backbone and resolution: Unless otherwise stated, we used
Stable Diffusion XL (sdx1-base—1.0) as the backbone
diffusion model for COUNTLOOP, configured with 50 de-
noising steps and default classifier-free guidance from the
original checkpoint. Layout conditioning was implemented
via the GLIGEN [28] layout encoder (box+text mode), and
cross-instance texture consistency was enforced using the
IP-Adapter (public checkpoint from [60]). Images were gen-
erated at a resolution of 1024 x 1024 for all methods that
support this resolution; for baselines whose official code
operates at 512 x 512, we used their native resolution and
then bilinearly upsampled to 1024 x 1024 only for visualiza-
tion, while all quantitative metrics (F1/MAE/Spatial) were
computed at the original resolution to avoid any bias.

L2I baselines: For LMD [29], we keep the authors’ full
two-stage pipeline: the LLM layout generator and the layout-
conditioned diffusion model. All system prompts, lay-
out templates, and scene-decomposition instructions used
by their LLM are preserved exactly; only the user-visible
prompt (the benchmark prompt) is substituted. MIGC [64]
and CountGen [7] are run with their released code, pre-
trained diffusion backbones, and unmodified layout encoders.
Across all L2I baselines, we preserve the authors’ layout for-
mats, conditioning methods, and refinement logic without
any tuning.

Agentic baselines: For SLD [55], we use the authors’
publicly released self-correction pipeline exactly as imple-
mented: the internal critique prompts, refinement checklists,
and corrective rules are kept unchanged. The only substitu-
tion is the initial task prompt (our benchmark prompt), while
all system- and meta-prompts remain the same. We use the
default SD-based backbone, the recommended number of re-
finement rounds, and the authors’ original hyperparameters.
For GenArtist [51], we run the official generation pipeline
(not the editing pipeline), preserve the original agent roles
and inter-agent communication templates, and use the default
diffusion backbone. We replace only the user-facing text
prompt; all role prompts, decision logic, and the multi-agent
controller remain intact. For RPG-DiffusionMaster [59],we
use the official role-playing workflow with its recaption-
plan-generate sequence, preserving the authors’ default re-
finement schedule, guidance scales, and VLM configuration.

No internal prompts or model weights are modified; the only
change is substituting the initial prompt with our benchmark
prompt. Across all baselines, we avoid tuning hyperparame-
ters or increasing the number of refinement rounds, ensuring
a fair comparison with COUNTLOOP .

T2I baselines: For FLUX [8], we use the publicly released
FLUX.1-dev checkpoint (not FLUX-schnell or FLUX-pro),
with the authors’ default VAE and classifier-free guidance
schedule. For GPT-40 [22], we use the standard image-
generation endpoint at a fixed resolution of 1024 x 1024,
with high-detail mode disabled and no multi-image condi-
tioning. SDXL [39], SD 3.5 [46], and SDXL-Turbo [48] are
all run using their official pipelines with default guidance
scales, VAE settings, and sampling schedules. Across all T2I
baselines, only the text prompt is changed; all model-specific
system prompts and hyperparameters remain untouched.
CoUNTLOOP configuration: Both the Design and Critic
VLMs in COUNTLOOP were instantiated from the Qwen3-
8B [58] VLM variant. We used the base variant of Ground-
ingDINO [32] as the detector guide for the Critic and the
pretrained image encoder Q-Align [52] as the aesthetic guide.
The composite score weights were set to o = 0.6 for count
accuracy and 8 = 0.4 for aesthetic quality, with a Ground-
ingDINO confidence threshold of 0.3, and the loop termi-
nated when the composite score S > 0.85 or after three
refinement rounds, whichever came first. A fixed random
seed of 42 was used for all runs, and all third-party models
and detectors were loaded from publicly released check-
points. The overall workflow of COUNTLOOP is provided
in Algorithm 1. Note that for clarity, the prompt examples
in the main paper (Sec. 3.1) are simplified snippets; the
full, executable system prompts used in our experiments are
provided in Fig. 15 (Design VLM) and Fig. 16 (Critic VLM).

6.2. Additional Analyses

Performance with different Design-Critic variants: We
evaluate the impact of various Design—Critic configurations
on COUNTLOOP-S, pairing three open-source Design VLMs

with three Critic VLMs. Results are in Tab. 3.

Table 3. Designer—Critic on COUNTLOOP-S. Counting uses a
fixed detector; alignment is the Critic’s score. Best per Designer is
underlined; overall best is bold.

Designer (VLM)  Critic (VLM) F1(%)T Spatial? Iters]
Qwen3-VL [58] Qwen3-VL 87.32 0.93 3
Qwen3-VL [58] LLaVA 1.5B 78.0 0.70 5
Qwen3-VL [58] Pixtral 79.2 0.72 4
LLaVA 1.5B [31] Qwen3-VL 80.3 0.74 4
LLaVA 1.5B [31] LLaVA 1.5B 82.1 0.73 4
LLaVA 1.5B [31]  Pixtral 83.0 0.75 3
Pixtral [1] Qwen3-VL 83.5 0.76 3
Pixtral [1] LLaVA 1.5B 81.1 0.72 4
Pixtral [1] Pixtral 82.0 0.73 3

Performance across different T2I backbones: To assess



Ours

Prompt: "4 Oranges below the table
Figure 9. Spatial reasoning in image generation. Vanilla LLM
(LMD [29]) fails to identify directions.

the generality of COUNTLOOP across diffusion backbones,
we replaced the default SDXL model with two additional
Stable Diffusion checkpoints: SD vI.5 and SD 3.5. We
kept all other components (planning graph, cumulative atten-
tion, IP-Adapter, critic loop) and hyperparameters identical.
Tab. 4b reports counting F1, MAE, and spatial scores on the
COUNTLOOP-S benchmark. While all backbones benefit
substantially from COUNTLOOP’s structured refinement, we
observe that higher-capacity models yield marginally bet-
ter spatial coherence, with SDXL at the top. Importantly,
counting performance remains robust (F1 > 85%) across
backbones, indicating that COUNTLOOP’s instance-control
mechanism is largely model-agnostic.

Choice of OV-Detector: In all experiments, we use the base
GroundingDINO [32] checkpoint as the open-vocabulary
detector for the Critic VLM. We found that modest changes
to the confidence threshold mainly trade off between strict
count enforcement and tolerance to small-scale or partially
occluded instances, but do not qualitatively change the over-
all trend of COUNTLOOP’s gains. For clarity and repro-
ducibility, we therefore fix the detector to this configuration
and leave a broader detector sweep to future work.

Choice of Aesthetic Scorer: For aesthetic guidance, we
use Q-Align [52] as a frozen image encoder, mapping each
generated image to a scalar aesthetic score s, € [0, 1] that is
combined with the count term. We experimented with replac-
ing Q-Align with purely VLM-based aesthetic judgments
and observed higher variance and occasional misalignment
with human preferences, consistent with recent findings on
VLM aesthetics [9]. Since our qualitative and user-study
results already capture aesthetic effects, we keep Q-Align as
the sole aesthetic scorer in all reported quantitative experi-
ments.
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Table 4

(a) Number of iterations. (b) Backbone swap.
Iters F1(1) MAE(]) Spatial (1) Backbone F1(f) MAE(]) Spatial
Lo Tar e 076 D35 wel 741 090
2 7847 9.72 0.88 : ‘ ‘ d
3 87.32 7.59 0.93 SDXL 87.32 7.59 0.93

6.3. Textual Refinement Operator ¥

The main paper introduces a parameter-free textual refine-
ment operator ¥ (Sec. 3.3) that updates the planning graph
using feedback from the Critic VLM. Here we spell out its
behavior in more detail, without introducing any additional
trainable components.

Input and output: At iteration ¢, ¥ operates on the cur-
rent planning graph G, the critic feedback Preq, and the
optimization prompt Pop:

Gt+l = \Il(Gta Pfeed> Popl)-

The graph G, is represented as JSON (nodes with categories,
positions, depth, size, color; edges with relations). Peeq 1S
the natural-language feedback produced by the Critic VLM
(e.g., “cup_7 overlaps with cup_37). Py is the
system prompt that defines the allowable edit operations and
constrains the VLM’s output format.

Objective signal: The Critic VLM is guided by the compos-
ite score

_ g9t
'58;'> + s ®

c

S = a-max(O, 1-—

where s, is the predicted count from the open-vocabulary

detector, s9¢ is the target count in the prompt, and s, €

[0,1] is the aesthetic score. The weights («, ) and stopping

threshold 0.85 are as in the main paper. The role of ¥ is to

edit G in a way that is expected to increase .S and move s,

toward s9°.

Edit space (F,p; definition): The optimization prompt Py

restricts ¥ to a small vocabulary of graph edits expressed in

text/JSON, such as:

* Local position updates: nudging a node to reduce over-
laps or break grid patterns (small Az, Ay in normalized
coordinates).

e Count corrections: adding a few new nodes when s, < s7'
in free regions, or slightly shrinking/moving nodes when
heavy overlap causes under-detection.

* Mild attribute adjustments: adjusting depth, size, or color
when the critic explicitly flags unrealistic layering or in-
consistent appearance.

All edits are constrained so that positions remain in [0, 1]%,

displacements per iteration are small, and the overall graph

structure (object identities, background context) is preserved.

LLM-based implementation: We instantiate ¥ as an LLM-

based text-editing agent. Given (G}, Preq) and the instruc-

tions in Py, it is prompted to (i) summarize the main failure
modes (count error, overlap, grid artefacts), and (ii) emit an



updated JSON graph G, that fixes those issues. Crucially,
W does not change any diffusion or VLM weights; it only
rewrites the textual/JSON representation of the scene. This
makes the refinement procedure compatible with any frozen
backbone and keeps COUNTLOOP fully training-free.
Termination: At each iteration, we recompute (S, Sq,5)
from the new image. The loop stops once s. = st and S >
0.85. In practice, we find that 3 iterations are sufficient to
reach high count fidelity and spatial quality on COUNTLOOP-
S and COUNTLOOP-M, as reported in the main paper and
in Sec. 6.2.

6.4. Benchmarks and Evaluation Details

Here we provide the details of the evaluation metric and
the benchmark dataset used to judge the performance of our
COUNTLOOP model.

CoUNTLOOP-S & COUNTLOOP-M Benchmarks: Exist-

ing text-to-image (T2I) counting benchmarks, including T2I-

Compbench [21] and COCO-Count [7], suffer from several

key limitations: (i) Limited class diversity: COCO-Count,

for example, samples only 20 classes from MS-COCO, ex-
cluding many real-world object types; (ii) Restricted count
range: Most benchmarks evaluate generation only for low-
count scenes (typically <10 objects), failing to challenge

models on dense or high-instance compositions; and (iii)

Lack of complex multi-category prompts: Existing datasets

rarely assess the ability to control multiple object types and

their relationships within a scene. These constraints make it
difficult to assess compositional and numeracy capabilities
in state-of-the-art T2I systems rigorously.

To address these gaps, we introduce 2 new bench-
marks: COUNTLOOP-S and COUNTLOOP-M. Both are
constructed from 92 diverse classes curated from the
OmniCount-191 dataset [36]. COUNTLOOP-S is designed
for single-category, high-count evaluation (e.g., “A photo
of 127 watches”), while COUNTLOOP-M targets multi-
category control (e.g., “A photo of 148 birds and 6 dogs”),
enabling assessment of compositional fidelity at scale. Rep-
resentative generations are shown in Fig. 13; further qualita-
tive examples are provided below.

Key Features:

* High class diversity: 92 categories, including airplanes,
apples, balloons, bananas, bears, birds, bowls, buttons,
butterflies, cars, cats, dogs, donuts, elephants, fish, hot
air balloons, laptops, monkeys, oranges, pineapples, rab-
bits, roses, sheep, suitcases, swans, teacups, tigers, trucks,
turtles, vases, watches, wine glasses, and more.

* Broad count range: Instance counts from 1 up to 100 and
select very large counts (e.g., 107, 140, 148), supporting
rigorous evaluation in both sparse and dense settings.

¢ Diverse backgrounds: Prompts encompass a wide array
of real-world contexts, such as in a kitchen cabinet, on
a picnic table, on a pantry shelf, on a couch armrest, in
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ALGORITHM 1: CounTLOOP: High-level agentic loop
for count-faithful high-instance generation

Input : Prompt p (class c, target count s2°); Design
VLM Viesign; Critic VLM Vey; frozen T21
backbone G; layout encoder E; IP-Adapter 6;
open-vocabulary detector (OVD); aesthetic scorer
(AS); weights (a, 3) and threshold 0.85.

Output : Image I* with count s¢* and score S > 0.85.

1 Plan (Design VLM — Planning Graph).

2 Parse p into objects and relations; build planning prompt
Pg with in-context examples Pi.

3 J<_ ‘/;iesign(PG‘,Rcl) // JSON:
relations, context

4 Extract layouts I and prompts Py, Pp; build planning
graph Gy = (V, E, By,) with basic spatial constraints
and a fixed instance order.

5 Set G < Go.

Iterative Synthesize—Critique—Refine.

repeat

Synthesize (cumulative, instance-aware generation).

Encode per-instance layouts I; € I with [E to obtain
Q; and cumulative features F;.

10 Generate instances with IP-Adapter using:

Iiv1, ZiH = ®(Fiq1, Pa, 0(1;)); compose the final

image I with background inpainting using Py.

objects,

e e N

11 Critique (count and aesthetics).

12 Run OVD on [ to obtain count s.; compute
sa = AS(I).

13 Compute composite score

S:a-max((),l—ls“s_igfgt‘)—l—ﬂsa

14 Obtain textual feedback

Pfeed - ‘/crit(Iy Pd7 Pcrit, Sy Scy 5a)~

15 Refine (textual operator ¥V on the planning graph).
16 Update the planning graph with the parameter-free
refinement operator:

Gl = \IJ(G, Pfeedy Popl)-

Rebuild Pg and layouts L from G’; set G < G’.
17 until s, = s¢* and S > 0.85

18 Return. I* « I.

the sky, in the water, over a valley, on a refrigerator, on a
lunch tray, etc.

» Composite categories: Multi-category prompts combine
classes (e.g., cats and dogs, balloons and pineapples, bears
and mice, cats and suitcases, candles and donuts, cars and
helicopters), enabling compositional reasoning beyond
single-object scenes.

A brief statistics of our benchmark is shown in Fig. 10.

Details on Human Evaluation Setup: We designed our
human evaluation survey using Google Forms. Raters were
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Figure 10. Statistics (instance per image vs category) for the
COUNTLOOP-S benchmark.

asked to evaluate five images per set in terms of prompt
alignment, aesthetic quality, count accuracy, and overall pref-
erence. A total of 15 image sets were selected across all four
benchmarks, covering diverse prompts, object categories,
and scene complexities, to ensure representative assessment.
All images were blinded to method identity and random-
ized per rater. Participants (N=30) had an average age of 31
(range 22-45), and came from professional backgrounds in
graphic design (20), Al art and research (10). Approximately
10 participants had prior experience or domain expertise in
tasks requiring precise object counting (e.g., data annotation,
inventory management, or computer vision evaluation).

6.5. Potential Usecases

CouNTLOOP allows for high-instance, count-faithful scene
generation while adhering to explicit numeric constraints.
This feature is particularly valuable in modern interactive
systems, ranging from warehouse manipulation simulators to
survival and defense games, which often require scenes pop-
ulated with a large number of distinct entities (e.g., “spawn
120 crates and 6 forklifts in zone A” or “spawn 45 hos-
tile drones and 10 civilian robots”). Manually authoring
these scenes is time-consuming, and unconstrained genera-
tive models generally overlook exact cardinality, producing
either too few instances or visually collapsed duplicates
when the requested count exceeds approximately 10-15 in-
stances. This mismatch can be problematic, as many down-
stream controllers rely on the assumption that the world state
(such as inventory or enemy wave size) accurately reflects
the specifications. We will highlight three representative use
cases. Representative figures are in Fig. 1 of the main paper.
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Data Augmentation for object counting models: Object
counting [16, 36, 41, 62] supports applications from crowd
monitoring to ecological surveying, yet fully supervised
pipelines remain expensive because they require dense point
or box annotations. Unsupervised methods remove the label-
ing cost but are fragile to train and still trail strong supervised
baselines [36, 45]. A natural alternative is to use text-to-
image generators to create photorealistic, self-labeled data
by embedding the category and the desired cardinality in the
prompt. In practice, however, diffusion backbones such as
SDXL or FLUX drift once the requested count becomes mod-
erately large: instances collapse, merge, or vanish, causing
the “self-labels” to no longer match the generated content.

COUNTLOOP circumvents this failure mode. Its layout-
driven, agent-guided loop produces count-faithful high-
instance scenes with realistic spacing, non-grid layouts, and
controlled occlusion. This makes the synthetic data not only
visually diverse but also numerically reliable. To quantify
downstream impact, we augment the FSC-147 [41] train-
ing set with COUNTLOOP images covering 1-150 instances
per class. Each image comes with exact instance counts,
planning-graph boxes/points, and 1-3 exemplar crops. Train-
ing follows a simple low—high-count curriculum using
mixed real and synthetic batches.

We fine-tune CountGD [3], an open-world counting
model that leverages an open-vocabulary detector and sup-
ports both fext and exemplar prompts, starting from the
authors’ FSC-147 checkpoint. We keep the original loss,
evaluation protocol, and metrics (MAE/RMSE), and further
report performance across count bins (1-5, 6-20, 21-50,
51-150). While SDXL or FLUX-based synthetic augmen-
tation yields only modest gains, COUNTLOOP substantially
reduces both MAE and RMSE and collapses the high-count
error tail. These results highlight that count-faithful syn-
thesis, not generic T2I augmentation, is the key driver of
improved counting performance in real-world benchmarks.
Wave composition for games: Wave-based survival modes
and large-scale battle games like Call of Duty™ often script
difficulty via explicit per-class spawn counts: for example,
“spawn 20 light vehicles, 10 heavy tanks, and 5 elite units” in
a combat arena, or “spawn 30 cavalry, 10 chariots, and 5 war
elephants” in a medieval battle wave. Players are scored on
clearing these entities, and designers tune game balance by
altering those counts. COUNTLOOP can generate high-entity
battlefields that satisfy those numeric quotas across multiple
classes, while still varying appearance within each class
(e.g., tanks with different turret orientations, horses with
varying colors of coat). This is useful both for rapid wave
prototyping and for producing training/evaluation frames for
Al agents that must estimate threat level from the current
mix of enemy types on screen.

Count-supervised synthetic data for T2V models: Recent
controllable video generators improve numerosity by curat-



Image Evaluation Study Aesthetic Quality: Rate the aesthetic quality of each image (1= *

Welcome to this image evaluation study! Your task is to review sets of images and -
providefeecback on three ey sspects poor, 5 = excellent).
«» Prompt Alignment: How well does the image match the description in the
prompt?
» Aesthetic Quality: How visually appealing is the image? 1 2 3 4 5

« Count Accuracy: Does the number of objects match the one in the prompt?

For each prompt, you will see five images labeled A, B, C, D, and E. Please

answer the tions for each set and indicate your overal preference.
A Yo erertee Image A

Prompt Alignment is a measure of how accurately a generated image reflects the

description in the prompt. It ensures the correct number of objects (e.g.. 5 apples),

the accurate depiction of the setting and arrangement (e.g., apples on a wooden

table), and the inclusion of any additional details. When rating, evaluate both

objective elements, like object count, and subjective aspects, like setting, on a Image B

scale from 1 (Poor aignment) to 5 (Excellent alignment)

Aesthetic Quality assesses the visual appeal of the image, considering factors
such as composition, clarity, color balance, and overall harmony. A high-quality

o O O O
o O O O
o O O O
o O O O

image is clear, well-composed, and pleasing to the eye, with vibrant or appropriate lmage C
colors and no noticeable distortions, When rating, consider how the image's visual

elements come together on a scale from 1 (Poor quality, e.g., blurry or unbalanced)

1o 5 (Excellent quality, 0.9., sharp and visually striking).

Count Accuracy evaluates whether the number of objects in each image from Image D

each category maiches the one given in the prompt. When rating, rate the worst
matching image with 1 and the best matched one 5.

Your feedback is anonymous and greatly appreciated.

O
O
O
O
O

Image E @) @) O O

A photo of 14 pink donuts arranged in L-shape Count Accuracy: Rate the count accuracy of each image (1 =
poor, 5 = excellent).

1 2 3 4 5
Prompt Alignment: Rate how well each image aligns with the Image S O O O O O
prompt (1 = Poor alig 5= ig )
1 2 3 ] 5 s S O O O O O
Image A (o) O (@] 0] o
Image C @) @) @) @) O
Image B O O (@] O o
image o o o o) o) Image D @) O @) O O
Image D (o) O (@] O (@]
mee O O O O O Image E O O O O O

Overall Preference: Which image do you prefer overall,
considering both prompt alignment and aesthetic quality?

O Image A

(O ImageB

(O ImageC

(O Image D

(O ImageE

Figure 11. Human evaluation platform interface

ing web images: they mine captions like “three dogs” or count.[50] This yields approximate number awareness but
“ten cars,” then filter those images using an open-vocabulary still depends on finding scenes that already satisfy the re-
detector so that the captioned count matches the detected quested cardinality. COUNTLOOP inverts that pipeline. In-
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Table 5. FSC-147 comparison (MAE/RMSE |). Baselines from CountGD; augmentation rows add synthetic training splits.

Method Prompt Augmentation Val MAE Val RMSE Test MAE Test RMSE MAE@51-150
GroundingDINO [32] Text None 54.45 137.12 54.16 157.87 -
LOCA [49] Exemplar None 10.24 32.56 10.79 56.97 -
CountGD [3] Text + Exemplar  None (baseline) 7.10 26.08 5.74 24.09 18.3
CountGD Text + Exemplar SDXL 6.45 23.90 5.32 21.85 15.6
CountGD Text + Exemplar FLUX 6.28 23.10 5.21 21.40 14.8
CountGD Text + Exemplar COUNTLOOP (ours) 5.62 21.05 4.68 19.72 12.1

Augmentation protocol. SDXL/FLUX rows use the same prompt set and instance ranges as COUNTLOOP for controlled comparison. All models start from the
official FSC-147 checkpoint and are fine-tuned with mixed real + synthetic batches using a low—high-count curriculum.

stead of searching for a scene with exactly IV instances, it
constructs one: given a specification (e.g., “100 boxes on
shelf A, 20 boxes on shelf B”’), COUNTLOOP generates the
scene, verifies it with an open-vocabulary detector, and itera-
tively corrects it until the per-class counts match exactly. The
result is both a high-density image and a machine-readable
instance list whose counts are guaranteed by construction.
This allows data engines to request arbitrary cardinality
mixes (e.g., “5 boss units and 40 grunt units”’) and obtain
perfectly count-labeled supervision pairs on demand.

6.6. Additional Qualitative Results

Here we provide some additional results of the VLM and
the Image generation pipeline, along with an application of
CouNTLOOP.

Qualitative Comparison Analysis: In addition to the qual-
itative results presented in the main paper, we have also
provided a qualitative comparison (Fig. 12) and a genera-
tion gallery (Fig. 13). The visual results provide compelling
evidence of COUNTLOOP’s effectiveness in high-instance
generation against SOTA models, under both single and mul-
tiple category scenarios.

6.7. Style-Aligned Image Generation

A pretrained diffusion U-Net model fine-tuned with LoRA
(Low-Rank Adaptation) can produce vastly different visual
styles from the same base concept. For example, the “13
cats” in Fig. 14 maintain the subject’s constant while each
panel applies a distinct style (photorealistic, semi-realistic
3D, anime, oil painting, sci-fi concept art, and storybook
illustration), altering the lighting and rendering approach
without altering the core content. Under the hood, LoRA
fine-tuning freezes the original diffusion model’s weights
and inserts a small set of trainable low-rank matrices into
the network. These low-rank weight updates capture the
new style’s visual patterns (e.g., realistic fur vs. flat car-
toon shading) without having to modify all of the model’s
parameters. This parameter-efficient approach enables fast,
memory-light adaptation to each style, essentially a learned
style transfer inside the diffusion process, while preserving
the model’s base knowledge (how to depict cats). Crucially,
only a few additional parameters (on the order of megabytes)

14

are required for each style, allowing each stylistic variation
to be achieved without retraining or duplicating the entire
multi-gigabyte models.



Figure 12. Comparison with SoTA
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Figure 13. Visuals from our COUNTLOOP-M & COUNTLOOP-S benchmarks using COUNTLOOP .
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i ’ s A
13 cats on a wooden shelf, photorealistic, 13 cats in a clean studio, semi-realistic 3D 13 cartoon cats with big eyes under a starry
natural lighting, detailed fur, indoor setting render, soft lighting, stylized but natural sky, anime-style, flat shading, outlined

- Tidadkel e
13 cats portrait in classical oil painting 13 futuristic cats with robot armor, sci-fi concept 13 whimsical group of cats on bookshelves,
style, warm tones, visible brushstrokes art, cyberpunk lighting, metallic details soft colors, storybook illustration style

Figure 14. COUNTLOOP’s style control capability
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Design VLM Prompt (Planning Graph + Anti-Grid)

SYSTEM
You are the Design VLM for a high-instance T2I pipeline.
Given a text prompt P, produce:
(a) a planning graph with object instances + relations, and
(b) foreground/background prompts Pd and Pbg.
Return ONLY valid JSON. No prose.

GOALS

- Natural, non-grid layouts (no rigid rows/columns) .

— Enforce minimum separation between instances.

- Provide instance attributes and global scene context.

CONSTRAINTS

- Positions [x,y] and sizes [w,h] normalized to [0,1].

— Minimum L2 distance >= 0.03 of image diagonal.

- Avoid straight rows/columns of length >= 6.

- Use light jitter in position/orientation to break grids.

SCHEMA
{
"objects": [
{
"id": "string",
"category": "string",
"pos": [x, yl,
"d": float, // depth in [0,1], larger = closer
"size": [w, h],
"color": "string",
"attrs": ["optional attributes"]
}
1,
"relations": [
{
"from": "id",
"to": "id",
"relation": "above|below|left-of|right-of|near",

"dist": float,
"angle": float
}
1,

"context": "background description",

"prompts": {
"Pd": "foreground description for text-to-image",
"Pbg": "background description for inpainting"

}
}

EXAMPLE (abbreviated)

PROMPT: "20 oranges in a wooden crate"
{
"objects": [
{"id":"orange_01", "category":"orange", "pos":[0.32,0.58],

"d":0.60,"size":[0.08,0.08],"color":"orange",
"attrs":["on top layer"]},

{"id":"orange_02", "category":"orange", "pos":[0.47,0.59],
"d":0.62,"size":[0.08,0.08],"color":"orange",
"attrs":["slightly shadowed"]}

// ... remaining oranges, respecting anti-grid rules

1,

"relations": [
{"from":"orange_01", "to":"orange_02", "relation":"left-of","dist":0.12, "angle":0.0}
// ... a sparse set of relations to anchor local structure

1,

"context": "wooden fruit crate on a rustic table, soft daylight",

"prompts": {
"Pd": "a crate filled with many ripe oranges on a rustic table, soft daylight",
"Pbg": "wooden table and crate background, soft daylight, no extra objects"

}
}

CURRENT PROMPT: "<P>"
OUTPUT: JSON exactly following SCHEMA only.
~ 7

Figure 15. Full executable Design VLM prompt. This detailed JSON schema replaces the simplified summary shown in the main paper. The
Design VLM converts a text prompt into a planning graph and foreground/background prompts with anti-grid spatial constraints.
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tual Refinement Signal V)

SYSTEM
You are the Critic VLM. You receive:
- foreground prompt Pd,
- generated image I,
- target count N for the main object class,
— predicted count s_c from a detector,
— aesthetic score s_a in [0,1] from an external scorer,
- current planning graph G (objects + relations).

Your job:
1) report updated scores and composite scalar S,
2) decide whether to stop or continue refinement,
3) provide structured, local suggestions that the
textual refinement operator Psi will use to update G.

SCORING
- Count term: C_acc = max(0, 1 - |s_c - N| / max(1,
— Composite: S = alpha * C_acc + beta * s_a

with fixed alpha = 0.6, beta = 0.4.

N)) .

OUTPUT FORMAT (JSON only)
{
"scores": {
g @Wg dmiE,
"N": int,
"s_a": float,
"C_acc": float,
"S": float,
"alpha": 0.6,
"beta": 0.4
by
"decision": {
"continue": boolean,
"reason": "short explanation"
I
"feedback": {
"summary": "1-2 sentences about layout and style",
"1-2 sentences about count and visibility",

"count":
"edits": [
{
"type": "move|add|remove|resize|degrid",
"targets": ["object_id_ 1", "object_id_2"],
"hint": "concise instruction describing the change"

}
// at most 10 items
]
}
}

GUIDELINES
- Prefer small, local edits to G: move a few instances,

add or remove a few, or gently break grids.
- Do not propose major scene changes (no "redesign scene").
— Hints must be specific enough that Psi can apply them,
but remain short and unambiguous.

CURRENT STATE:
Pd = "<Pd>", N = <N>, s_c = <s_c>, s_a = <s_a>, G = <G>.

OUTPUT: JSON exactly following OUTPUT FORMAT.
7

.

Figure 16. Full executable Critic VLM prompt. This detailed scoring rubric replaces the simplified summary shown in the main paper.
The Critic VLM consumes the generated image, detector/aesthetic scores, and the current planning graph, and outputs a scalar score and
structured textual feedback that the textual refinement operator W uses to update the planning graph.
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