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Abstract

Text-to-image diffusion models achieve high visual fidelity
but surprisingly exhibit systematic failures in numerical con-
trol when prompts specify explicit object counts. To address
this limitation, we introduce ATHENA, a model-agnostic,
test-time adaptive steering framework that improves object
count fidelity without modifying model architectures or re-
quiring retraining. ATHENA leverages intermediate repre-
sentations during sampling to estimate object counts and
applies count-aware noise corrections early in the denois-
ing process, steering the generation trajectory before struc-
tural errors become difficult to revise. We present three
progressively more advanced variants of ATHENA that trade
additional computation for improved numerical accuracy,
ranging from static prompt-based steering to dynamically
adjusted count-aware control. Experiments on established
benchmarks and a new visually and semantically complex
dataset show that ATHENA consistently improves count fi-
delity, particularly at higher target counts, while maintain-
ing favorable accuracy–runtime trade-offs across multiple
diffusion backbones. Our code and data are publicly avail-
able at https://github.com/MShahabSepehri/
ATHENA.

1. Introduction
Text-to-image (T2I) diffusion models have gained huge pop-
ularity and become the dominant paradigm for high-quality
image generation, driven by their ability to synthesize images
from natural language prompts with strong visual realism,
semantic alignment, and compositional expressiveness [33].

Despite their strong generative capabilities, diffusion
models continue to exhibit systematic failures in numerical
control when prompts specify explicit object counts. Even
for visually simple and well-defined categories, prompts

*Equal contribution.

Figure 1. Count fidelity failures in T2I generative models.

such as “a photo of eight cows in a field” or “ten apples
on a table” often produce images with missing instances,
duplicated objects, or ambiguous merges that obscure in-
stance boundaries. While prompt sensitivity can influence
generation outcomes and has motivated prompt optimization
strategies [8], such interventions remain insufficient for reli-
ably enforcing quantitative constraints [32]. As illustrated
in Figure 1, these counting errors persist across multiple
state-of-the-art T2I models, indicating a general limitation
rather than a model-specific shortcoming.

Accurate object counting is important beyond visual plau-
sibility. Downstream applications such as synthetic data
generation for object detection and segmentation [29, 39]
and simulation environments for robotics and embodied
agents [28] rely on faithful instance-level control. In these
settings, counting errors can propagate to downstream per-
ception and decision-making, reducing the reliability of
diffusion-based generation.

From a modeling perspective, object counting poses a
natural challenge for diffusion-based generation. Diffu-
sion models rely on a continuous denoising process with-
out explicit mechanisms for enforcing discrete numerical
constraints [13, 14]. Early stochastic decisions in the sam-
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pling trajectory largely determine object multiplicity and
spatial structure, while later steps primarily refine local ap-
pearance [10, 23, 27, 30, 38]. As a result, counting errors
become difficult to correct once they emerge, motivating
intervention mechanisms that act before structural decisions
become effectively irreversible [20].

Several recent works have explored mechanisms for im-
proving counting fidelity in diffusion models, including
guidance-based and iterative refinement approaches [2, 42].
While these methods improve counting performance under
controlled settings, they often rely on model-specific assump-
tions or lack adaptive mechanisms to correct errors once the
sampling trajectory deviates from the target count. As a
result, reliable and efficient count control across diffusion
backbones and realistic prompt distributions remains an open
challenge.

In this work, we introduce ATHENA (Adaptive Trajec-
tory Harmonization via Early Numerical Assessment), a
test-time adaptive steering framework for improving object
count fidelity in T2I diffusion models. ATHENA estimates
object count from intermediate representations and uses this
signal to modify the sampling trajectory before structural
layouts become effectively fixed [5, 16]. The framework
is model-agnostic, requires no retraining or architectural
modifications, and generalizes across diverse diffusion back-
bones.

We instantiate ATHENA through three progressively
adaptive steering variants that isolate the contribution of
each control component. ATHENA-Static applies fixed steer-
ing, ATHENA-Feedback introduces count-aware conditional
steering based on intermediate estimates, and ATHENA-
Adaptive further adjusts steering strength online in response
to persistent count errors. We evaluate these variants on
CoCoCount [2], a balanced extension with a uniform count
distribution (CoCoCount-E), and a newly constructed chal-
lenging benchmark (ATHENA dataset). Across datasets
and diffusion backbones, ATHENA improves count fidelity
while maintaining favorable accuracy–runtime trade-offs.

Contributions. Our main contributions are as follows:
• We propose ATHENA, a model-agnostic steering frame-

work for improving object-count fidelity in T2I diffusion
models that requires no architectural changes or retrain-
ing. ATHENA can be applied to arbitrary T2I models via
lightweight test-time interventions and yields immediate
improvements in numerical fidelity.

• We introduce the ATHENA dataset, a new evaluation
benchmark that complements existing counting datasets
by targeting challenging object categories (e.g., accordion)
and compositional prompt structures with relational con-
straints (e.g., next to a river) and object-level distractions
(e.g., with a person).

• Through extensive experiments on three datasets, we

demonstrate that ATHENA improves count fidelity of the
base diffusion models by up to 22% and outperforms base-
lines, while reducing memory usage by approximately 4×
and achieving up to 2:5× faster image generation relative
to the baselines.

2. Related Work

Prior work on T2I diffusion models has identified object
counting as a challenge when prompts specify explicit car-
dinalities [8, 41]. Make It Count [2] improves counting
through an auxiliary layout-modification model built on
SDXL-specific internal features, limiting generality across
diffusion backbones. CountCluster [20] instead enforces
quantity control through early cross-attention clustering, but
relies on spatial separation assumptions that become less
reliable in cluttered scenes.

Several methods regulate object counts through gradient-
based guidance or optimization during diffusion sampling.
Counting Guidance [15] enforces target counts using gradi-
ents from a trained counting network, increasing inference
cost and potentially disrupting global structure under large
corrections. YOLO-Count [43] similarly applies guidance
from dense cardinality predictions produced by a specialized
counting model, but requires additional training and lacks
adaptive error correction during sampling. Detection-Driven
Object Count Optimization [42] instead performs iterative
test-time refinement using detector feedback, resulting in
slower inference and limited correction once early structural
decisions become fixed.

Training-free and pipeline-based alternatives have also
been explored for addressing counting errors. CountDif-
fusion [24] modifies attention maps using external count
estimates from intermediate generations, but relies on task-
specific auxiliary counters rather than adaptive steering. Be-
yond diffusion-level intervention, decomposition- or agent-
based pipelines such as MuLan [22] generate objects sequen-
tially or through sub-task planning, introducing additional
computational overhead and deviating from standard diffu-
sion sampling.

More broadly, guidance and steering techniques have
been widely studied in diffusion models to improve con-
ditional alignment. Attention-based interventions manipu-
late cross-attention to enhance semantic or spatial consis-
tency [3, 10], while reward-based approaches refine image–
text alignment using external signals [1]. However, these
methods primarily target semantic fidelity or attribute bind-
ing rather than discrete global constraints such as exact ob-
ject counts, particularly at higher cardinalities where early
stochastic decisions dominate.



Figure 2. Count estimation across diffusion steps. Early decoded latents are too noisy for reliable counting, while later steps improve count
estimation at higher inference cost. ATHENA performs count estimation at an intermediate diffusion step to balance reliability and efficiency.

3. Method
3.1. Problem Setup and Design Goals
We study test-time control of object count fidelity in
diffusion-based T2I models. Let G� denote a pretrained
generator that produces an image through an iterative sam-
pling process, yielding a sequence of latent representations
{zt}Tt=0 conditioned on a text prompt p specifying a target
object count k for a particular object category. Our objective
is to improve the accuracy with which the final generated
image satisfies this target count. We assume access to inter-
mediate latent or decoded representations during sampling,
and all interventions are performed at test time without re-
training or modifying the generator parameters. Additional
diffusion preliminaries are provided in Sec. A.

ATHENA frames object counting as a discrete control
problem over the diffusion sampling trajectory. It operates
by monitoring intermediate generation signals and applying
lightweight, test-time adjustments that influence the trajec-
tory. These design goals define the class of adaptive, test-
time interventions considered in the following sections.

3.2. Count Estimation Across Diffusion Steps
Diffusion-based T2I generation proceeds through a sequence
of intermediate latent representations that transition from
noise to a coherent image. At early sampling steps, object
structure is insufficiently formed and decoded images are
too noisy for reliable automated count estimation. At later
steps, object instances are fully formed and count estimation
becomes reliable, but this requires additional diffusion steps,
increasing inference time. As illustrated in Figure 2, this
tradeoff yields an intermediate regime in which object count
can be estimated reliably without incurring the cost of late-
stage sampling. Motivated by this observation, ATHENA
performs count estimation at a fixed intermediate diffusion
step test, decoding the corresponding clean latent estimate

ẑ
(test)
0 to balance estimation reliability and inference cost.

3.3. ATHENA: Test-Time Steering Framework
ATHENA is a test-time steering framework for improving
object count fidelity in diffusion-based T2I generation, with-
out modifying model parameters or requiring retraining. The
framework estimates object count at an intermediate diffu-
sion step and uses this signal to steer the sampling trajectory
via prompt-based control, enabling corrective intervention
before structural errors form. All components operate at
inference time and are compatible with both deterministic
and stochastic diffusion samplers.

3.3.1. Prompt-Based Steering Mechanism
At the core of ATHENA is a lightweight, training-free steer-
ing mechanism that modifies the denoising trajectory via
prompt conditioning. At diffusion step t, the denoiser is
evaluated twice on the current latent zt: once with the orig-
inal prompt p, producing �t , ��(t; zt; p), and once with a
control prompt p̂, producing �̂t , ��(t; zt; p̂) (see Figure 3).
These two predictions are combined to form a steered noise
estimate

~�t = �t + 
 (�t − �̂t); (1)

where 
 ≥ 0 controls the steering strength. The sampler
update (Equation (2)) is then applied using ~�t in place of
�t to obtain zt�1. We normalize ~�t to match the norm of
�t, ensuring the steered latent remains within the denoiser’s
expected scale and preserves stable, in-distribution sampling.

The steering operation in (1) modifies the denoiser pre-
diction using the difference term (�t − �̂t), which captures
the change induced by replacing the original prompt p with
the control prompt p̂. By adding a scaled version of this
difference to �t, ATHENA biases the sampling trajectory
toward the target count while preserving semantic structure.
Unlike classifier- or loss-based guidance, the steering term
is computed entirely through forward denoiser evaluations



Figure 3. ATHENA steering block. The denoiser is evaluated with
the original and control prompts to obtain �t and �̂t, which are
combined to obtain the latent state zt�1 for test-time count control.

without backpropagation, making the framework computa-
tionally efficient and compatible with any architecture. The
scalar 
 controls the steering strength, interpolating between
unsteered sampling (
 = 0) and stronger corrective influ-
ence.

3.3.2. Control Prompt Construction
ATHENA induces steering by evaluating the denoiser under
two textual conditionings: the original prompt p and a modi-
fied control prompt p̂, whose effect on the denoiser output is
formalized in Equation (1). The control prompt provides an
alternative conditioning signal that encodes corrective intent
purely at the prompt level, while remaining fully compatible
with the pretrained generator.

The framework imposes minimal assumptions on the
form of p̂. In practice, p̂ is constructed by modifying only
the object-count specification in the original prompt p, while
keeping all other semantic content unchanged. We consider
two forms of control prompts: (i) a count-agnostic prompt
obtained by removing explicit cardinality constraints, and
(ii) a feedback-based prompt in which the target count is
replaced by an estimated count from an intermediate de-
coded generation. In all cases, p̂ is treated identically to p by
the underlying model and requires no architectural changes,
auxiliary networks, or gradient-based optimization.

By separating control prompt construction from the steer-
ing mechanism, ATHENA decouples how corrective infor-
mation is encoded from how it influences the sampling tra-
jectory. Different choices of p̂ yield distinct instantiations of
the framework, while sharing the same denoiser evaluations
and sampler interaction. We describe these instantiations in
the following subsection.

3.3.3. ATHENA Control Strategies
We present three instantiations of ATHENA that progres-
sively increase adaptivity while preserving the same test-
time, training-free steering mechanism. All strategies rely on
the prompt-based steering operation described in Sec. 3.3.1
and differ in whether and how intermediate generation sig-
nals are used to select the control prompt and steering

Figure 4. ATHENA-Adaptive pipeline. The method estimates
object count at an intermediate diffusion step, applies early-stage
prompt-based steering, adaptively adjusts the steering strength once
based on the observed error direction, and completes generation
using standard diffusion.

strength. This progression moves from fixed, count-agnostic
control to feedback-informed and adaptive steering, enabling
increasingly targeted correction of counting errors while
maintaining a lightweight, model-agnostic design.

ATHENA-Static. ATHENA-Static applies prompt-based
steering using a fixed, count-agnostic control prompt. Given
an original prompt p specifying a target count k, the control
prompt p̂ is constructed by removing the explicit cardinality
constraint while preserving all other semantic content. No
intermediate count estimation is performed, and steering is
applied once from the initial diffusion step to a cutoff tsteer,
after which standard diffusion proceeds unmodified.

This variant isolates the effect of prompt-level steering
without feedback or adaptive adjustment. It incurs minimal
computational overhead and serves as a baseline demonstrat-
ing that count fidelity can be influenced through prompt-
based steering. Details are provided in Sec. B.1.

ATHENA-Feedback. While static steering can improve
count fidelity, its effectiveness depends on how well a
fixed control prompt aligns with the trajectory. ATHENA-
Feedback addresses this limitation by incorporating a single
intermediate count estimate to inform the control prompt.

Specifically, diffusion is first run without steering until
an intermediate step test, where the partially denoised latent
is decoded and the object count is estimated. If the esti-
mated count differs from the target, generation is restarted
from the same initial noise using a feedback control prompt
constructed by replacing the original count in p with the



Table 1. Structure of the ATHENA dataset with four levels of increasing prompt complexity.

Level Description Example Prompt

L1 Hard object categories “nine microphones”
L2 + Scene context “eight sneakers at the edge of a pond”
L3 + Distractor objects “five jars beside a river with a person”
L4 + Relational constraints “seven dumbbells lined up along a sidewalk”

observed count. Prompt-based steering is then applied once
during early diffusion steps down to a cutoff tsteer, after
which diffusion proceeds unmodified to completion. No
additional count checks or parameter updates are performed.

By correcting the semantic mismatch between the prompt
and the emerging structure, ATHENA-Feedback improves
robustness over static steering while remaining simple and
efficient. Algorithmic details are provided in Sec. B.2.

ATHENA-Adaptive. Although feedback steering makes
the control prompt feedback-informed, its success depends
on the steering strength 
. If 
 is too small, steering may re-
duce the counting error without reaching the target; if 
 is too
large, it can overshoot the target and flip the error direction,
often at the expense of structural quality. ATHENA-Adaptive
resolves this sensitivity through a single, direction-aware ad-
justment of 
 based on intermediate feedback.

As illustrated in Figure 4, the method first estimates the
baseline count at test without steering. If the estimate devi-
ates from the target, prompt-based steering is applied once
using the initial 
. If the resulting count still deviates from
the target, the observed change indicates whether steering
moved the generation toward or away from the target. When
the error direction remains unchanged, 
 is doubled; when
it flips, 
 is halved. A final steered generation is then per-
formed using the adjusted 
, after which diffusion proceeds
unmodified to completion.

Importantly, ATHENA-Adaptive does not perform iter-
ative optimization or repeated parameter tuning. The error
direction observed after a single feedback step provides a sig-
nal for adjusting the steering magnitude, striking a balance
between corrective strength and structural stability. Further
adjustment is unnecessary in practice, as additional itera-
tions increase computational cost with diminishing returns.
As a result, the method requires at most two steered trajec-
tories, introduces no additional learned components, and
improves robustness while preserving favorable accuracy–
runtime trade-offs. Pseudocode is provided in Sec. B.3.

4. Experiments
We evaluate ATHENA across multiple T2I diffusion back-
bones and counting benchmarks to assess effectiveness, ro-
bustness, and computational trade-offs. Our experiments
span three datasets of increasing complexity, including a

newly introduced ATHENA dataset, and compare static,
feedback, and adaptive steering against existing baselines.
We report quantitative accuracy, analyze performance as
a function of target count, and examine accuracy–runtime
trade-offs alongside qualitative examples illustrating the im-
pact of adaptive test-time steering.

4.1. Experimental Setup
Models. We evaluate ATHENA on three representative
T2I diffusion backbones spanning different architectures and
training regimes: SDXL [31, 36], SD 3.5 Large [7, 37],
and FLUX.1-dev [18, 19]. All models are used as released,
without modification or retraining.

Datasets. We conduct experiments on three counting
benchmarks of increasing complexity. CoCoCount [2] con-
sists of simple prompts with explicit numerical constraints
and minimal scene context. To enable systematic analysis
across target cardinalities, we construct CoCoCount-E, a
balanced extension spanning target counts from 2 to 10 with
consistent prompt structure.

We further introduce the ATHENA dataset, a new bench-
mark designed to evaluate object counting under progres-
sively challenging prompt conditions. The dataset consists
of 360 prompts organized into four levels of increasing com-
plexity, with target counts ranging from 2 to 10 (see Tab. 1).
Prompts are generated using a large language model to sys-
tematically combine multiple constraints within a single
instruction. The first level focuses on hard object categories
(e.g., “accordion”, “dumbbells”), while subsequent levels
introduce additional challenges including scene context, dis-
tractor objects, and relational constraints. Additional con-
struction details and statistics are provided in Sec. C.

Baselines. We compare ATHENA against unsteered diffu-
sion sampling and representative prior methods for count-
controlled image generation: CountGen [2] and Counting
Guidance [15].

CountGen is specifically designed for SDXL and relies
on model-specific components tied to that backbone. Ac-
cordingly, we evaluate CountGen on SDXL using the offi-
cial implementation. Counting Guidance is not backbone-
dependent, and its guidance formulation can be adapted to ad-
ditional diffusion backbones with separate implementations.



Table 2. Quantitative counting performance across diffusion backbones and datasets. Accuracy (%) is reported as exact-match count
accuracy, with the best result for each model–dataset pair shown in bold. MAE and RMSE measure counting error, and Time denotes mean
generation time per sample (seconds).

Model Method
CoCoCount CoCoCount-E ATHENA Dataset

Acc (") MAE (#) RMSE (#) Time (#) Acc (") MAE (#) RMSE (#) Time (#) Acc (") MAE (#) RMSE (#) Time (#)

FLUX.1-dev

Unsteered 58.4 0.98 1.96 45.8 46.5 1.12 1.93 22.6 39.4 1.78 2.96 45.5
Counting Guidance 58.4 0.70 1.45 150.6 47.2 1.08 1.90 81.7 39.4 1.63 2.73 150.5
ATHENA-Static 73.3 0.56 1.35 54.8 58.5 0.84 1.73 27.4 48.9 1.31 2.44 54.7
ATHENA-Feedback 71.4 0.67 1.72 56.0 58.3 0.98 2.00 29.8 52.2 1.38 2.60 60.8
ATHENA-Adaptive 70.2 0.65 1.63 64.8 62.2 0.85 1.90 35.1 53.6 1.40 2.72 72.5

SD 3.5 Large

Unsteered 58.4 0.78 1.50 43.9 44.8 0.98 1.56 24.1 38.9 1.55 2.54 43.8
Counting Guidance 59.6 0.70 1.56 138.9 47.4 0.92 1.52 81.8 40.6 1.34 2.18 139.1
ATHENA-Static 68.3 0.70 1.57 53.4 52.9 0.97 1.78 29.5 46.7 1.40 2.52 52.7
ATHENA-Feedback 71.4 0.63 1.51 54.9 59.1 0.80 1.77 32.3 51.1 1.31 2.44 58.7
ATHENA-Adaptive 78.3 0.41 1.05 62.0 65.6 0.73 1.60 38.1 56.1 1.16 2.32 70.4

SDXL

Unsteered 31.7 2.47 4.92 9.4 26.5 3.09 5.85 5.3 19.7 4.02 7.94 9.4
CountGen 50.3 1.90 4.60 44.1 41.7 2.04 4.68 29.2 29.4 2.70 5.45 55.7
ATHENA-Static 39.8 1.98 3.85 11.2 31.8 2.40 4.19 6.3 27.5 2.61 4.62 11.2
ATHENA-Feedback 46.6 1.67 3.59 15.0 36.4 2.24 4.93 8.8 27.2 2.71 4.96 15.8
ATHENA-Adaptive 54.0 1.50 3.47 19.4 45.5 1.93 4.52 11.6 34.7 2.34 3.90 21.2

SD 1.4 Counting Guidance 28.6 2.19 3.62 19.9 19.4 2.80 4.27 11.1 10.8 3.69 4.85 19.6

The publicly released implementation is based on SD 1.4;
to provide broader comparisons across modern diffusion
backbones, we additionally implement Counting Guidance
for FLUX.1-dev and SD 3.5 Large. We retain the origi-
nal SD 1.4 implementation as an additional reference point,
since its inference-time overhead is comparable to ATHENA-
Adaptive on SDXL, enabling meaningful accuracy–runtime
comparisons.

Although these baselines are not uniformly available
across all backbones, they provide complementary compar-
isons for count-controlled generation across different models
and guidance strategies.

Count Estimation. We estimate object counts using the
pretrained open-vocabulary detector GroundingDINO [26].
The detector is used at test time both for intermediate count
estimation (to guide feedback and adaptive steering) and for
�nal evaluation of generated samples (see Sec. 4.2). It is
neither �ne-tuned nor integrated into the generative mod-
els. The same con�guration is used across all methods and
datasets, using the default hyperparameters provided by the
model.

Our framework is agnostic to the choice of counting mod-
ule: any estimator capable of providing intermediate count
feedback (e.g., alternative detectors [4, 21, 25] or even hu-
man annotation) can be used in place of GroundingDINO.
We use GroundingDINO as a representative open-source
detector due to its strong accuracy and low computational
overhead, with inference time negligible compared to the
diffusion process. We further validate this design by re-
placing GroundingDINO with a large language model for
intermediate estimation, as detailed in Sec. D.

Hyperparameter Selection. All ATHENA hyperparam-
eters, including the estimation steptest , steering horizon
tsteer , and steering strength
 , are tuned exclusively on the
CoCoCount dataset. Hyperparameter tuning is conducted
separately for each diffusion backbone. Once selected, the
parameters are �xed and reused without modi�cation for
CoCoCount-E and the ATHENA dataset.

We further evaluate the sensitivity of the adaptive update
rule to the choice of multiplicative scaling factor (e.g., 1.5, 2,
4) used to increase or decrease
 , while all main results use
a factor of 2. We observe that performance remains stable
across the tested scaling factors, indicating that the adaptive
mechanism is not sensitive to the exact update magnitude.
Exact hyperparameter values and detailed sensitivity results
are provided in Sec. E.

Computational Setup. All experiments are conducted us-
ing NVIDIA GPUs. We use NVIDIA RTX A6000 GPUs
(48 GB) for CoCoCount and the ATHENA dataset, and
NVIDIA A100 SXM4 GPUs (40 GB) for CoCoCount-E.
For each dataset, the same GPU type is used across all mod-
els and methods to ensure fair runtime comparisons. Unless
otherwise speci�ed, all reported results use a �xed random
seed. Absolute generation times may vary across datasets
due to hardware differences; accordingly, we focus on rela-
tive accuracy–runtime trade-offs under �xed hardware.

4.2. Quantitative Results

Overall Counting Performance. Table 2 summarizes
counting performance across diffusion backbones and
datasets. ATHENA-Adaptive consistently improves exact-
count accuracy over unsteered generation, with absolute
gains of at least 11.8% (FLUX.1-dev on CoCoCount) and



up to 22.3% (SDXL on CoCoCount). Adaptive steering
outperforms static and feedback variants in nearly all cases;
the only exception is CoCoCount with FLUX.1-dev, where
static steering performs slightly better. Overall, these results
demonstrate that direction-aware adaptation of the steering
strength is critical for robust count control across models
and datasets. Seed sensitivity analysis (mean� standard
deviation over three seeds) is provided in Sec. F.1, showing
that the observed performance gains are consistent across
different random initializations.

Ef�ciency. Accuracy improvements are achieved with fa-
vorable ef�ciency trade-offs. As shown in Table 2 and
Figure 5, ATHENA-Adaptive attains higher accuracy than
CountGen while being over2:5� faster on the ATHENA
dataset. At a comparable runtime to Counting Guidance
on SD 1.4, ATHENA-Adaptive on SDXL achieves nearly
2� higher counting accuracy. In terms of memory usage,
CountGen requires 47.5 GB, Counting Guidance on SD 1.4
uses 17.2 GB, while ATHENA-Adaptive on SDXL requires
only 11.9 GB. Thus, ATHENA achieves higher accuracy than
prior baselines with approximately4� lower memory usage
than CountGen, highlighting its ef�ciency as a lightweight,
test-time control method.

Figure 5. Accuracy–runtime trade-off on the ATHENA dataset.
Colors denote the diffusion backbone, while marker shapes indicate
the method.

We additionally analyze the number of extra diffusion
steps introduced by each variant and �nd that ATHENA-
Adaptive incurs only modest overhead, consistent with the
runtime trends above. In practice, the average number of
additional steps remains below a full diffusion pass across
all evaluated models and datasets, while generations that
already satisfy the target count usually incur no additional
steps. Detailed statistics and additional accuracy–runtime
�gures are provided in Sec. F.2.

Robustness Across Target Counts. We analyze counting
accuracy as a function of the target object count. Figure 6
reports results on CoCoCount-E with the SDXL backbone.
Accuracy decreases as the target count increases for all meth-
ods, re�ecting the growing dif�culty of enforcing precise
cardinality. Unsteered generation degrades sharply beyond
three objects, and prior baselines exhibit limited robustness
as counts increase. In contrast, ATHENA-Adaptive main-
tains consistently higher accuracy across the full count range.
It achieves close to 80% accuracy for two to three objects
and nearly2� the accuracy of unsteered sampling for larger
counts. These results indicate that adaptive steering miti-
gates early semantic drift and slows error accumulation as
counting dif�culty increases. Additional �gures are provided
in Sec. F.3.

Figure 6. Counting accuracy versus target count on CoCoCount-E
with SDXL backbone. ATHENA-Adaptive achieves high accuracy
for small counts and nearly2� the accuracy of unsteered sampling
at larger counts.

Evaluation on GenEval. To further validate the robust-
ness of ATHENA under a standardized external bench-
mark, we evaluate ATHENA on the counting component
of GenEval [9] using its default evaluation protocol and de-
tector con�guration. ATHENA improves accuracy over the
unsteered baseline across all evaluated backbones; for ex-
ample, on FLUX.1-dev, accuracy improves from 67.5% to
86.3%, while on SDXL it increases from 48.8% to 68.8%.
These results indicate that the proposed steering mechanism
generalizes across benchmarks and is not tied to the speci�cs
of certain datasets. Detailed results, including runtime and
additional error metrics, are provided in Sec. F.4.

Image Quality. We additionally evaluate the impact of
test-time steering on visual quality using multiple perceptual
metrics. We observe that ATHENA maintains comparable
image quality to the unsteered baseline across all evaluated
backbones, indicating that improvements in count �delity do
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