
ABACUS: Adapting Unified Foundation Model for Bridging Image

Count Understanding and Generation

ANINDYA MONDAL*, University of Surrey, United Kingdom

SAURADIP NAG*, Simon Fraser University, Canada

ANJAN DUTTA, University of Surrey, United Kingdom

Fig. 1. ABACUS overview. A single unified model performs count-aware image generation (left), object counting, crowd counting, and referring-expression

counting (right) using text-only prompts with no benchmark-specific training.

We present ABACUS, a unified vision-language model that jointly addresses
object counting, crowd counting, referring-expression counting, and count-
faithful image generation within a single 3B-parameter model. ABACUS
introduces three contributions: density-aware adaptive zooming paired with
an objectness map from multi-head self-attention decomposition to spa-
tially ground count predictions; a boundary-aware count policy trained
via GRPO with nested local, boundary, and global rewards to eliminate
over- and undercounting at crop boundaries; and a cycle-consistent GRPO
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strategy in which the frozen understanding branch scores generated can-
didates on count-deviation and aesthetic quality, closing the understand-
ing–generation synergy gap without any external critic or annotation. ABA-
CUS achieves state-of-the-art results across seven benchmarks spanning
object counting (FSC-147, CARPK), crowd counting (ShanghaiTech A/B),
referring-expression counting (REC-8K), count-faithful generation (CoCo-
Count, T2I-CompBench, GenEval), and count reasoning (CountQA), surpass-
ing both task-specific specialists and larger generalist models. Project page
is at https://mondalanindya.github.io/pages/ABACUS/.
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1 Introduction

Object counting [Amini-Naieni et al. 2023a; Liu et al. 2022; Ranjan
et al. 2021] is the task of estimating the number of target instances
in an image, conventionally addressed by regressing a density map
whose spatial integral gives the total count. Count-conditioned
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Fig. 2. Issues in Count Generation and Understanding. (a) Text-to-
image diffusion models lack any mechanism to verify output cardinality.

(b) VLMs and MLLMs default to coarse magnitude estimates (e.g., “Greater
than 100”) on dense scenes. (c) Existing UMMs support both tasks from

a single models yet exhibit a synergy gap: the same model that correctly

counts 4 apples cannot generate exactly 4.

image generation [Binyamin et al. 2025; Kang et al. 2025] is the com-
plementary task of synthesising a scene containing precisely the
number of instances specified in a text prompt. Despite remarkable
progress in both directions, these tasks have been pursued in iso-
lation — object counting [Amini-Naieni et al. 2023b; Amini-Naieni
and Zisserman 2025; Ranjan et al. 2021], crowd counting [Liang
et al. 2023; Shu et al. 2022], referring-expression counting [Dai et al.
2024a], and count-conditioned generation [Binyamin et al. 2025;
Kang et al. 2025; Mondal et al. 2025] each rely on task-specific ar-
chitectures, loss formulations, and training pipelines that do not
generalise across regimes. Attempts to unify these under broader
vision-language models [Amini-Naieni and Zisserman 2025; Zhang
et al. 2026] have shown limited success: such models generalise
across object categories but collapse on fine-grained, instance-level
instructions due to a lack of spatial grounding during training. At
the heart of this difficulty lies objectness the coherent representation
of a distinct entity even amid visually similar neighbours [Alexe
et al. 2012; Kuo et al. 2015] a capacity long studied in cognitive psy-
chology [Spelke 1990] and still poorly captured by current models.
On the generation side, state-of-the-art diffusion models [Binyamin
et al. 2025; Dahary et al. 2024] routinely produce incorrect cardinali-
ties (see Fig 2(a)) or spatially incoherent arrangements, underscoring
that generating a precise number of objects requires reasoning about
global spatial relations that purely generative objectives do not en-
force. These limitations motivate a unified model capable of jointly
performing count understanding and count-faithful generation from
a shared representation, without task-specific supervision.

Recent unified multimodal models [Chen et al. 2025b; Deng et al.
2025; Tang et al. 2025; Xie et al. 2024] have demonstrated that vi-
sual understanding and generation can be handled within a shared
parameter space, yet closing the gap between the two capabilities re-
mains non-trivial. Existing approaches rely on carefully engineered
training recipes — including data and loss balancing, multi-stage op-
timisation, and hybrid MLLM-diffusion pipelines — to prevent gains
in one task from degrading the other. Even under such regimes, a
persistent synergy gap remains: as illustrated in fig. 2(c), the same
unified checkpoint that correctly counts four apples in an image fails

to generate exactly four apples from a text prompt. This asymme-
try is compounded by a more fundamental deficiency, off-the-shelf
MLLMs struggle to parse dense visual scenes [Qharabagh et al.
2024] (Fig 2(a)), so the understanding branch of native UMMs can-
not provide reliable count supervision for the generation branch.
Consequently, neither task benefits from the complementary signal
the other could in principle offer.
To bridge this gap, we introduce ABACUS, a unified vision-

language model built upon [Tang et al. 2025] that jointly addresses
object counting, crowd counting, referring-expression counting, and
count-faithful image generation within a single unified model, gen-
eralising to real-world scenarios in a zero-shot manner. To overcome
the well-documented failure of MLLMs on dense scenes [Qharabagh
et al. 2024; Zhang et al. 2026], we propose density-aware adaptive
zooming, which recursively partitions dense images into manage-
able sub-regions so that theMLLM operates over locally sparse fields
where per-instance discrimination is more reliable for counting.
Complementing this, we derive an objectness map from multi-head
self-attention decomposition [Vaswani et al. 2017] of the MLLM
attention layers that spatially grounds count predictions in genuine
per-instance evidence, steering the model away from spurious token
memorisation [Chu et al. 2025] towards principled spatial reasoning.
Since recursive partitioning inevitably places objects at crop bound-
aries, we further introduce a boundary-aware count policy trained
via GRPO [Shao et al. 2024] as a post-training objective, which ex-
plicitly resolves ownership of straddling instances through nested
local, boundary, and global rewards, yielding a substantially more
accurate and consistent counter. With the understanding branch
thus stabilised, we use it as a frozen counting model to improve the
generation branch. Since the two tasks are naturally complementary:
understandingmaps images to text while generationmaps text to im-
ages, the understanding branch can directly evaluate howwell a gen-
erated imagematches its text prompt, providing supervision without
any external critic. Concretely, we adopt a cycle-consistent GRPO
strategy [Shao et al. 2024] where the generation branch produces a
group of candidate images for each count-conditioned prompt; the
frozen understanding branch scores each candidate based on how
well it matches the requested count; an external aesthetic scorer
provides a complementary image quality reward; and the combined
rewards update only the generation branch. This closed loop pro-
gressively improves count-faithful generation without any external
model, or human annotation.

In summary, our contributions are as follows:
• We present ABACUS, the first unified VLM that jointly addresses
all count understanding tasks like Object counting, Crowd count-
ing, Reference Expression counting and count-accurate image
generation in a zero-shot manner.

• We introduce density-aware adaptive zooming paired with an
objectness map obtained from MLLM attention layers to spatially
ground count predictions, and a novel boundary-aware count
policy via GRPO to eliminate the over/undercounting artifact
introduced at crop boundaries.

• We propose a cycle-consistent GRPO strategy that uses the frozen
understanding branch as an ideal counting model to score gener-
ated images via count-deviation and aesthetic rewards, updating
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only the generation branch to close the understanding–generation
synergy gap.

• ABACUS sets a new state of the art across seven benchmarks
spanning object counting, crowd counting, referring-expression
counting, count-faithful generation, and count reasoning, sur-
passing both task-specific specialists and larger generalist models
with a single 3B-parameter checkpoint.

2 Related work

2.1 Count Understanding

Existing counting methods are broadly divided into class-specific
and class-agnostic approaches. Class-specificmethods predict counts
for fixed categories such as persons [Guo et al. 2024; Ranasinghe et al.
2024; Shi et al. 2019], vehicles [Hsieh et al. 2017; Mundhenk et al.
2016], and cells [Xie et al. 2018] via detection [Liang et al. 2022; Liu
et al. 2023a] or density-map regression [Li et al. 2023a; Wang et al.
2020]. Class-agnostic methods [Chattopadhyay et al. 2017; Lu et al.
2019; Xu et al. 2023a] accept visual exemplars [Liu et al. 2022; Pelhan
et al. 2024] or text prompts [Amini-Naieni et al. 2024; Kang et al.
2024; Qian et al. 2025] as targets, though most require dense point-
level supervision. Crowd counting [Li et al. 2018; Wang et al. 2020;
Zhang et al. 2016a] focuses on dense person scenes via density-map
regression or point-level detection [Liu et al. 2023a; Yin et al. 2018],
with recent work addressing domain shift [Du et al. 2023; Peng and
Chan 2024], uncertainty [Li et al. 2023a], and weakly supervised
generalisation [Zhang et al. 2026]. Referring Expression Counting
(REC) [Dai et al. 2024b] further generalises class-agnostic counting
to free-form expressions requiring joint reasoning over attributes,
spatial relations, and category; to date, REC has been addressed
exclusively by specialist detection-based models with box-level su-
pervision [Wang et al. 2025a]. ABACUS unifies all three regimes —
object counting, crowd counting, and referring-expression counting
— within a single zero-shot checkpoint, estimating counts autore-
gressively via next-token prediction without density maps, counting
heads, or point-level annotations, and reports the first unified-VLM
result on REC-8K.

2.2 Count Generation

Text-to-image diffusionmodels [Betker et al. 2023; Black-Forest-Labs
2024; Podell et al. 2024] persistently struggle with accurate object
counting [Paiss et al. 2023]. Previous solutions typically rely on archi-
tecturally disjoint counting signals, such as contrastive losses [Paiss
et al. 2023], auxiliary heads [Kang et al. 2025], or attention manipula-
tion [Chefer et al. 2023].While spatial planners [Binyamin et al. 2025;
Feng et al. 2023; Li et al. 2023b] offer tighter integration, they often
fail to generate all specified objects or produce rigid layouts at higher
counts [Dahary et al. 2024; Tewel et al. 2024]. Furthermore, recent
iterative approaches employing external Vision-Language Model
(VLM) critics are inherently bottlenecked by critic reliability [Mon-
dal et al. 2025; Wallace et al. 2024]. To address these limitations,
ABACUS unifies the generator, counter, and verifier into a single ar-
chitecture. By enabling the understanding branch to directly reward
the generation branch during training, ABACUS entirely eliminates
the need for external critics, planners, or annotations.

2.3 Multimodal Large Models

Early vision-language models (VLMs) such as CLIP [Radford et al.
2021] and BLIP [Li et al. 2022] align vision and text through con-
trastive pretraining and have been widely adopted for downstream
tasks [Jiang et al. 2023b; Kang et al. 2024]. More recently, multi-
modal large language models (MLLMs) [Bai et al. 2025; Li et al. 2024;
Liu et al. 2024a] extend these capabilities with stronger reasoning
and generation, achieving notable results on visual question an-
swering [Goyal et al. 2017] and image captioning [Agrawal et al.
2019]. Multimodal Large Language Models (MLLMs) often generate
confident yet misaligned outputs [Huang et al. 2024; Sun et al. 2024].
While Reinforcement Learning from Human Feedback (RLHF) ef-
fectively mitigates this [Sun et al. 2024; Yu et al. 2024], its reliance
on costly manual annotation limits scalability. Consequently, Re-
inforcement Learning from AI Feedback (RLAIF) has emerged as
a practical alternative [Lee et al. 2023; Li et al. 2023c]. Within the
counting domain, [Mondal et al. 2025] leveraged AI feedback for
count-conditional image generation, employing a critic VLM to it-
eratively refine outputs without computationally heavy RL training.
Conversely, for count understanding, prior works have adapted
VLMs for text-driven object counting [Jiang et al. 2023b; Qharabagh
et al. 2024]. Methods like CLIP-Count [Jiang et al. 2023b] and VL-
Counter [Kang et al. 2024] append a specialized counting head to a
fine-tuned CLIP backbone. Although WS-COC [Zhang et al. 2026]
bypasses explicit heads by autoregressively predicting counts via an
MLLM, it remains restricted to weakly-supervised, class-agnostic
tasks. In contrast, ABACUS unifies count understanding encompass-
ing object, crowd, and referring-expression counting within a single
zero-shot framework. Simultaneously, it enables count-accurate im-
age generation, an unprecedented capability among VLM-based
counting methods. We achieve this by fine-tuning our architecture
via a novel RLAIF-driven policy optimization.

3 Method

We present ABACUS, a framework that endows a single unified
vision-language model (VLM) with both count-accurate image gen-
eration and precise object understanding (counting). We first discuss
the preliminaries for RL based model training (Sec 3.1), then we talk
about how ABACUS counts object in an image (Sec 3.2), then we
discuss howwe can generate high cardinality images using the same
model (Sec 3.3) and finally, we discuss about the training strategies
(Sec 3.4) respectively.

3.1 Preliminaries: Group Relative Policy Optimisation

ABACUS uses Group Relative Policy Optimisation (GRPO) [Shao
et al. 2024] as a unified post-training mechanism for both the under-
standing and generation branches. Unlike PPO, GRPO eliminates
the value network by computing advantages relative to a group of
rollouts from the policy itself, reducing memory and compute over-
head. Given a policy 𝜋𝜃 , an input context x, and a task-specific scalar
reward function 𝑅(·), GRPO samples 𝐾 rollouts {y𝑖 }𝐾𝑖=1 ∼ 𝜋𝜃 (· | x)
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Fig. 3. Density-aware adaptive zooming. The zoom indicator 𝜙 ( ·) clas-
sifies each image region as sparse or dense. Dense regions are recursively

partitioned into 2×2 sub-regions until resolution𝛾 is reached; sparse regions

are processed in a single pass. Local predictions are aggregated to produce

the global count.

and computes group-relative advantages:

𝐴𝑖 =
𝑅(y𝑖 ) − 𝜇𝑅
𝜎𝑅 + 𝜖 , 𝜇𝑅 =

1
𝐾

𝐾∑︁
𝑗=1

𝑅(y𝑗 ), 𝜎𝑅 = std
(︁
{𝑅(y𝑗 )}𝐾𝑗=1

)︁
.

(1)
The policy is updated by maximising the surrogate objective with a
KL penalty against a frozen reference policy 𝜋ref :

LGRPO (𝜃 ) = E

[︄
𝐾∑︁
𝑖=1

𝐴𝑖 log𝜋𝜃 (y𝑖 | x)
]︄
− 𝛽 DKL

[︁
𝜋𝜃 ∥ 𝜋ref

]︁
, (2)

where 𝛽 > 0 controls regularisation strength. In section 3, we in-
stantiate this framework twice with different reward functions: a
boundary-aware counting reward for the understanding branch
(section 3.2) and a count-deviation self-reward for the generation
branch (section 3.3).

3.2 Count Understanding

Predicting absolute object counts is challenging for MLLMs, particu-
larly in dense scenes without per-instance supervision. We address
this by adaptively partitioning input images into sparser sub-regions,
allowing the MLLM to produce more reliable local count estimates
that are then aggregated into a global count.
Density-aware Adaptive Zooming Since MLLMs are more reli-
able on sparse regions, we recursively partition dense images into
sub-regions with lower local counts. Partitioning is governed by a
zoom indicator 𝜙 (·), implemented as a frozen GroundingDINO [Liu
et al. 2024b] backbonewith a lightweight learnableMLP head trained
on a curated sparse/dense binary dataset. Given an input image 𝐼 ,
the indicator computes a density score 𝑠𝑑 ; if the image is classified as
dense, it is recursively split into 2 × 2 sub-regions until a minimum
resolution 𝛾 is reached:

{𝐼𝑖 , . . . , 𝐼𝑛} = 𝜙 (𝐼 ;𝛾 ; 𝑠𝑑 ), 𝐶𝑖 =M𝜃 (𝐼𝑖 ;T), (3)

Fig. 4. Infusing objectness in theMLLM. The objectnessmap is extracted

from the attention layers of the language model. Per-head isolation and

learned affine alignment produce a spatial distribution over visual token

positions, from which object peaks are identified.

where M𝜃 (·) denotes the MLLM head with learnable parameters
𝜃 . Following [Tang et al. 2025], we append learnable meta-tokens
to the MLLM input. Each sub-image 𝐼𝑖 is queried independently to
estimate the count of the target specified in text prompt T , and the
local predictions𝐶𝑖 are aggregated to produce the final global count.
Infusing Objectness in MLLM Although MLLMs exhibit strong
reasoning, they struggle with precise object localisation [Chen et al.
2025a]. Rather than relying on explicit bounding-box prompting,
which frequently produces hallucinated coordinates for small ob-
jects [Kazemzadeh et al. 2014], we extract spatial object evidence
directly from the MLLM’s internal representations. Recent work
shows that visual tokens largely preserve spatial correspondence
to their originating image regions across transformer layers [Neo
et al. 2025; Vaswani et al. 2017]; we exploit this by decomposing
multi-head self-attention (MHSA) to derive a per-patch objectness
signal. Concretely, for each layer 𝑙 and head 𝑖 , we isolate the head’s
contribution via structured masking over the pre-projection concate-
nated outputs, pass it through the frozen output projection𝑊𝑂 , and
apply a shared learned affine alignmentA(·) [Belrose et al. 2023] to
obtain a geometrically consistent residual r𝑙,𝑖 . The objectness score
at each visual token position 𝑣 is its ℓ2 magnitude:

𝑜𝑙,𝑖 (𝑣) =



r𝑙,𝑖𝑣 




2
, 𝑣 ∈ V . (4)

A spatial attention distribution 𝑞𝑙 (𝑣) is further derived by averaging
cross-attention weights from the final generative token to all visual
positions across heads. The objectness map is supervised against
Gaussian-smoothed ground-truth point annotations via a objectness
regularisation loss:

Lobj =
1
|L|

∑︁
𝑙∈L

(︄
−

∑︁
𝑣∈V

𝑔(𝑣) log
(︂
𝑞𝑙 (𝑣) + 𝜖

)︂)︄
, (5)

where 𝑔(𝑣) denotes the Gaussian-smoothed ground-truth target,
obtained by centring a 2D Gaussian kernel (𝜎 = 20 px) at each an-
notated point location and rendering the resulting heatmap at the
MLLM attention-map resolution, and𝑞𝑙 (𝑣) is the binarised predicted
objectness map. Smoothing converts sparse point supervision into
a spatially extended target that matches the continuous space of the
attention distribution; aligning the objectness map with these tar-
gets therefore encourages the MLLM to internalise instance-aware
spatial structure, steering count predictions away from spurious
token memorisation and towards principled per-instance spatial
reasoning.
Boundary-Aware Count Policy Adaptive zooming inevitably
places objects at crop boundaries, causing systematic over- or un-
dercounting [Qharabagh et al. 2024; Zhang et al. 2026]. To resolve
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Fig. 5. Count-aware image enhancement via cycle-consistent GRPO.
The generation branch samples 𝑁 candidate images from a count-

conditioned prompt. The understanding branch counts objects in each

candidate and scores aesthetic quality. The count deviation and aesthetic

score form the GRPO reward, which updates the generation branch.

this, we introduce a novel boundary-aware count policy that trains
the MLLM to explicitly reason about boundary ownership. Given a
dense image partitioned into a 2×2 non-overlapping grid of quad-
rant crops {𝑄𝑞}𝑞∈Q , where Q = {TL,TR, BL, BR}, the policy 𝜋𝜃
produces a structured output y = 𝜋𝜃 ({𝑄𝑞},P) classifying each ob-
ject as interior (interior count 𝑛int𝑞 , centroid within 𝑄𝑞), edge (edge-
count 𝑐𝑒𝑞 , centroid on this side of cut edge 𝑒 ∈ E𝑞), or boundary
(boundary-count 𝑑𝑒𝑞 , centroid in the adjacent quadrant). Objects
falling exactly on a crop line are assigned to one quadrant randomly,
making double-counting structurally impossible. The per-quadrant
subtotal 𝑠𝑞 and predicted global count 𝑇 are:

𝑠𝑞 = 𝑛int𝑞 +
∑︁
𝑒 ∈ E𝑞

𝑐𝑒𝑞, 𝑇 =
∑︁
𝑞 ∈ Q

𝑠𝑞 . (6)

The policy is post-trained via GRPO [Shao et al. 2024] using three
nested reward components at different spatial granularities: per-
quadrant local accuracy (Δ𝑞𝑟 ), cross-quadrant boundary consistency
(Δ𝑏𝑟 ), and global count coherence (Δ𝑔𝑟 ), each computed as:

Δ𝑟 = exp
(︃
− |pred − GT|

GT + 𝜖

)︃
, (7)

which softly penalises over- and undercounting while remaining
differentiable, 𝜖 = 1𝑒−6 preventing division by zero. For each train-
ing image, 𝐾 rollouts {y𝑖 }𝐾𝑖=1 are sampled from 𝜋𝜃 ; group-relative
advantages are computed as 𝐴𝑖 = (𝑅(y𝑖 ) − 𝜇𝑅)/(𝜎𝑅 + 𝜖), where 𝜇𝑅
and 𝜎𝑅 are the mean and standard deviation of rewards within the
group. The policy is then updated by maximising LGRPO (𝜃 ) (using
Eq 2). where 𝜋ref is a frozen reference policy (the fine-tuned un-
derstanding branch checkpoint) and 𝛽 > 0 controls the KL penalty
strength against reward hacking. The nested rewards jointly drive
the policy to resolve boundary ambiguity at every spatial granu-
larity, eliminating the systematic counting errors introduced by
adaptive zooming.

3.3 Count Generation

Following UniLIP [Tang et al. 2025], we adopt the SANA diffu-
sion module [Xie et al. 2025], where the autoregressive LM head
conditions the diffusion head via cross-attention. Directly using un-
derstanding encoder embeddings for generation scrambles spatial
layout (fig. 2), revealing a synergy gap from independent branch
training, which we address next.
Generation viaUnderstanding Since unifiedmodels like UniLIP [Tang
et al. 2025] have disentangled autoregressive and diffusion heads
with separate training objectives, a synergy gap emerges between
the two branches. Yet the tasks are naturally complementary: the
understanding branch can directly assess how well a generated im-
age aligns with its conditioning prompt, providing internal feedback
without external supervision. Rather than decoupling the two tasks
in a “first understand, then generate” pipeline, our approach embeds
this feedback directly into generation: the understanding branch
identifies failures in the generator’s output (e.g., wrong counts or
incorrect spatial arrangements) and guides the generation branch to
correct them, transforming inter-branch antagonism into a catalyst
for progressive generative improvement.
Count Aware Image Enhancement To close the understanding–
generation synergy gap, we design a cycle-consistent self-supervised
RL framework optimised via GRPO [Shao et al. 2024] (in Eq 2). As
illustrated in fig. 5, given a count-conditioned prompt t specifying
target cardinality 𝑐∗, the generation branch samples 𝐾 candidate
images {x̂𝑖 }𝐾𝑖=1 ∼ 𝜋𝜃 (· | t). The frozen understanding branch M𝜃

then counts the target instances in each candidate:

𝑐𝑖 = parse
(︂
M𝜃 (Π(V(x̂𝑖 )), z𝑡 )

)︂
, (8)

yielding a count-deviation reward consistent with eq. (7):

𝑅cnt (x̂𝑖 ) = exp
(︃
− |𝑐𝑖 − 𝑐∗ |
𝑐∗ + 𝜖

)︃
. (9)

To prevent reward hacking through cardinality correctness at the ex-
pense of visual quality — the failure mode of attention-manipulation
baselines—we augmentwith an off-the-shelf aesthetic scorer [Schuh-
mann et al. 2022] 𝑆aes (·), giving the composite reward:

𝑅(x̂𝑖 ) = 𝜆𝑐 𝑅cnt (x̂𝑖 ) + 𝜆𝑎 𝑆aes (x̂𝑖 ), (10)

where 𝜆𝑐 = 1.0 and 𝜆𝑎 = 0.1 are fixed scalar weights. Group-relative
advantages and the KL-regularised surrogate follow eqs. (1) and (2);
gradients flow only into the generation-branch LoRA, with 𝜋ref
fixed to the SFT-initialised generator and the understanding branch
frozen throughout. This asymmetry is essential: it prevents the
count reward from corrupting the counter that produces it, while
exposing the understanding branch to the evolving generator dis-
tribution at training time. As the generation branch improves, it
produces increasingly realistic multi-instance scenes that progres-
sively sharpen the understanding branch’s reward signal, yielding
emergent count-faithful synthesis that the generation branch could
not achieve when trained in isolation.

3.4 ABACUS Training Strategy

We adopt a three-stage training strategy to build a unified model
for count understanding and generation.
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Table 1. Comprehensive evaluation of Object Counting (MAE ↓ / RMSE ↓) across FSC-147, CARPK, and ShanghaiTech (SHT), and Count Reasoning (EM

↑) on CountQA. † indicates methods using visual exemplars (few-shot). Methods are partitioned by supervision signal: Point-level (P), Image-level (I), and

Zero-shot/MLLM (Z).

Object Counting Crowd Counting Reasoning

Method Sup. FSC-147 Val FSC-147 Test CARPK Test SHT-A Test SHT-B Test CountQA

MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE EM (%) ↑

Specialist Counting Model
CountGD++ [Amini-Naieni and Zisserman 2025] P 12.14 47.51 8.39 27.03 – – 116.0 234.0 28.0 50.0 –
T2ICount [Qian et al. 2025] P 13.78 58.78 11.76 97.86 8.61 13.47 – – – – –
CountSE† [Liu et al. 2025] P – – 7.84 82.99 – – 129.7 258.3 – – –
CAD-GD [Wang et al. 2025b] P – – 10.35 86.88 – – – – – – –

VLM-based Counting Model
GPT-5.5 [OpenAI 2026] Z 25.87 79.34 25.17 162.0 24.33 36.50 215.67 412.89 58.92 102.34 25.03
Show-o [Xie et al. 2024] Z 37.87 105.55 46.26 129.53 42.15 63.22 312.45 587.33 89.34 156.78 7.85
Janus Pro 7B [Chen et al. 2025b] Z 43.56 110.23 35.70 99.96 34.52 51.78 278.91 523.44 76.23 134.56 6.98
UniLIP-3B [Tang et al. 2025] Z 30.19 103.07 26.44 103.98 26.87 33.48 243.15 424.33 63.79 97.04 9.23
WS-COC-7B [Zhang et al. 2026] I 14.77 54.24 13.91 97.28 10.39 15.83 128.9 232.9 34.2 57.0 8.44

ABACUS-3B Z 5.71 26.46 5.03 27.03 8.41 10.84 78.59 139.88 14.75 25.08 15.3

Stage 1: Understanding BranchTraining.Wefinetune theMLLM
using density-aware zoomed images with the combined objective:

Lund = LSFT + Lobj, (11)

where LSFT is the next-token prediction loss and Lobj is the object-
ness regularisation from eq. (5). We train the MLLM, learnable query
embeddings, and affine MLP on 2M densely annotated images via
LoRA, enabling the model to output structured count predictions.
We then apply post-training on 50K curated samples using LGRPO to
further reduce over/undercounting. The connector and generation
branch remain frozen throughout.
Stage 2: Connector Training. The primary focus of this training
stage involves optimizing a connector module designed to inter-
face the MLLM with the DiT. By keeping the parameters of both
base models frozen and restricting training solely to generative
tasks, the connector learns to accurately align the MLLM’s output
representations with the DiT’s original conditional feature space.
The connector is trained via SFT ( L𝑆𝐹𝑇 ) with 1M high-quality
instruction tuning data respectively. This connector acts as an archi-
tectural bridge to transfer the MLLM’s inherent world knowledge
about count understanding, strong reasoning, and in-context learn-
ing capabilities to image generation thus making it count-aware.
We direcly feed a set of learnable queries into a frozen MLLM to
extract multimodal conditions for multimodal generation which is
then passed through this connector into the DiT branch.
Stage 3: Generation Branch Training. We train both the con-
nector and DiT on large-scale count-conditioned generation data,
with the MLLM frozen following [Tang et al. 2025]. After SFT, the
model can follow generation prompts but produces incorrect cardi-
nalities. We therefore apply post-training via LGRPO with combined
count-deviation and aesthetic rewards (eq. (10)), updating only the
generation branch using count-conditioned prompts as the sole
training signal to reduce the generation-understanding synergy.
4 Experiments

4.1 Training Data Collection

Our 2M dense-annotated understanding dataset is curated from
large-scale open-source sources including Objects365 [Shao et al.

2019], V3Det [Wang et al. 2023], and SKU-110K [Goldman et al.
2019], retaining only images with a minimum instance count of five
objects after numeracy checks, aesthetic filtering, and deduplication.
For generation and SFT, we collect 1M images from Pexels, sourced
from web alt-text and captions, and filtered via CLIP-based similar-
ity scoring, resolution and aspect-ratio constraints, and text-length
checks. Concept-aware sampling is applied to mitigate long-tail
distributions, and structured supervision from OCR, charts, and
grounding annotations is included to strengthen spatial understand-
ing. These images are annotated with T-Rex2 [Jiang et al. 2023a]
for category-labelled boxes, human-verified via T-Rex Label; we
prompt Qwen2.5-VL-7B [Bai et al. 2025] with image and verified
categories to compose captions. Each prompt’s count is the human-
verified detector count — grounded, not VLM-estimated — ensuring
training-data count accuracy. To ensure fair comparison, all training
and test splits of FSC-147 [Ranjan et al. 2021], CARPK [Hsieh et al.
2017], ShanghaiTech [Zhang et al. 2016b], REC [Dai et al. 2024a],
and CountQA [Tamarapalli et al. 2025] are strictly excluded from
training.

Table 2. Referring expression counting on REC-8K [Dai et al. 2024c] test

set (𝑛=3,153 pairs). † uses exemplar images. GroundingREC and finetuned

GroundingDino are specialist detection-based methods trained with box-

level supervision on REC-8K; ABACUS is a unified VLM evaluated text-only

with no training on evaluation benchmark data.

Method Backbone FT MAE ↓ RMSE ↓

Specialist Counting Model
ZSC [Xu et al. 2023b] Swin-T ✓ 13.00 29.07
TFOC [Shi et al. 2024] ViT-B – 17.27 32.68
CounTX [Amini-Naieni et al. 2023b] ViT-B/16 ✓ 11.84 25.62
GDino [Liu et al. 2024c] Swin-T ✓ 8.88 21.95
GrREC [Dai et al. 2024c] Swin-T ✓ 6.50 19.79

Baselines
UniLIP-3B [Tang et al. 2025] – – 13.75 25.91

ABACUS-3B UniLIP-3B – 7.67 15.84
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4.2 Evaluation Metrics

Following common practice in object and crowd counting [Ran-
jan et al. 2021; Zhang et al. 2016a], we report Mean Absolute Er-
ror (MAE) and, where standard, Root Mean Squared Error (RMSE).
For count generation we follow Make-It-Count [Binyamin et al.
2025] and report YOLOv9 [Wang et al. 2024] exact-match accu-
racy on CoCoCount [Binyamin et al. 2025], the Numeracy score
on T2I-CompBench [Binyamin et al. 2025], the Counting subtask
of GenEval [Ghosh et al. 2023] averaged over multiple seeds. For
referring-expression counting we follow the protocol of Groundin-
gREC [Dai et al. 2024c] and report MAE on REC-8K.

4.3 Implementation Details

Model Architecture and LoRA Configuraion: ABACUS builds
on UniLIP-3B [Tang et al. 2025] (InternViT encoder, Qwen2 LLM,
SANA-1.5B DiT, DC-AE pixel decoder) connected via a projector
Π and 𝑁=256 learnable queries. We apply LoRA (𝑟=32, 𝛼=64) to
all Qwen2 attention (𝑊𝑄 ,𝑊𝐾 ,𝑊𝑉 ,𝑊𝑂 ) and FFN (𝑊up,𝑊down) pro-
jections, adding ∼48M trainable parameters (1.6% overhead). The
multimodal projector Π and𝑊lm_head are fully trainable. For text-
to-image generation, a separate LoRA (𝑟=16, 𝛼=32) is applied to the
SANA-1.5B DiT. The visual encoder V , pixel decoder, and query
bank remain strictly frozen. The connector consists of 6 layers and
maintains the same structure and dimensions as the LLM architec-
ture in InternVL3[Chen et al. 2024].
Post-Training (GRPO): Boundary Policy is trained on 8K dense
images for 2K steps (LR 5×10−6). We sample 𝐾=4 rollouts per image
with a strong KL penalty (𝛽=0.04) to stabilize the structured spatial
rewards. Cycle-Consistent Generation is trained for 5K steps (LR
1×10−6). The frozen understanding branch scores 8 DiT candidates
per prompt using reward 𝑟 = exp(−|𝑐 − 𝑐∗ |/𝑐∗). We use a relaxed
𝛽=0.01 to allow synthesis freedom. At inference, this Best-of-8 strat-
egy yields 80% exact numeracy.
Density Indicator & Compute:We use a frozen GroundingDINO-
T with a 2-layer MLP classifier trained on 15K sparse/dense images.
At inference, regions scoring ≥ 0.5 trigger recursive 2×2 partition-
ing (max depth 𝛾=3). The entire pipeline is trained in bfloat16 mixed
precision, taking ∼44 hours on 8× NVIDIA A100 80GB GPUs.

4.4 Comparison with State-of-the-art methods

Object and Crowd Counting: table 1 compares ABACUS against
specialist and VLM-based counters. On FSC-147, ABACUS achieves
5.71 val MAE and 5.03 test MAE, surpassing the strongest specialist
(CountGD++, 12.14/8.39) by over 40% without point-level anno-
tations. On CARPK, ABACUS attains 8.41 MAE, outperforming
the only reporting specialist T2ICount (8.61). On crowd counting,
ABACUS achieves 78.59/14.75 MAE on ShanghaiTech-A/B, roughly
halving the error of both the best specialist (CountGD++: 116.0/28.0)
and the best VLM-based method (WS-COC-7B: 128.9/34.2). Among
VLM-based methods, gains over the base UniLIP-3B are 5× on FSC-
147 val and 3× on CARPK, confirming that the counting adapter,
objectness map, and boundary-aware policy together close the gap
to task-specific specialists. Notably, ABACUS is the only method
that simultaneously achieves state-of-the-art on both object and

Table 3. Count Generation evaluation across CoCoCount, T2I-CompBench,

and GenEval. YOLOv9 (↑) for CoCoCount and GenEval; Human count

accuracy (↑) from annotator study (see supple.); Aesthetic Quality (↑) on
GenEval (per-benchmark aesthetics in supplementary).

CoCoCount T2I-Comp GenEval

Method YOLOv9 Hum. Hum. YOLOv9 Hum. Aes.

Specialist Count Generation
CountGen [Binyamin et al. 2025] 50 54 48 46 44 45
BoundedAttn [Dahary et al. 2024] 29 30 35 21 18 10
Count. Guid. [Kang et al. 2025] 21 22 22 16 11 7

VLM-based Count Generation
BAGEL [Deng et al. 2025] 36 41 32 44 39 43
Janus Pro-7B [Chen et al. 2025b] 27 32 25 30 33 58
UniLIP-3B [Tang et al. 2025] 34 39 30 36 40 61

ABACUS 71 77 65 94 95 89

crowd counting from a single model. On the count reasoning bench-
mark CountQA [Tamarapalli et al. 2025], ABACUS achieves 15.3%
EM, the highest among open unified VLMs of comparable scale,
surpassing UniLIP-3B (9.23%), WS-COC-7B (8.44%), Janus Pro 7B
(6.98%), and Show-o (7.85%), respectively.
Referring Expression Counting: On REC-8K [Dai et al. 2024c],
ABACUS is queried with free-form referring expressions (e.g. “red
apples on the left”) without any architectural modification, achieving
MAE 7.67 and RMSE 15.84 over 3,153 evaluation pairs. ABACUS
surpasses the fine-tuned GDINO [Liu et al. 2023b] specialist and
matches GrREC [Dai et al. 2024c], a detection-trained model with
box-level supervision, while achieving substantially lower RMSE
(15.84 vs. 19.79). To our knowledge, this is the strongest text-only
unified-VLM result on this benchmark.
Count Image Generation: table 3 evaluates count-faithful gen-
eration on CoCoCount, T2I-CompBench, and GenEval. ABACUS
achieves 71% YOLOv9 exact-match on CoCoCount, surpassing the
previous best (CountGen, 50%) by 21 points, and 94 on GenEval
counting versus 46 for CountGen. Among unified VLMs, ABA-
CUS nearly doubles the accuracy of the closest competitor BAGEL
(36%) with a smaller 3B backbone. Beyond count accuracy, ABA-
CUS achieves the highest aesthetic quality on GenEval (89 vs. 61
for UniLIP-3B), while specialist methods (BoundedAttn, Counting
Guidance) score only 7–10 due to attention manipulation and de-
grading image coherence. Full human evaluation results are in the
supplementary, where ABACUS is preferred 39%, 41%, and 50% of
the time on CoCoCount, T2I-CompBench, and GenEval respectively,
far exceeding the 20% random baseline. An interesting observation
of our model is that, during generation branch training, ABACUS
relies on the frozen understanding branch, which counts via visible
object centers (from objectness regularisation); hence the generation
branch thus favours visible centers even under occlusion which we
can observe visually in Fig 10(row 5) where our model can generate
28 "colorful balls" with occlusion including the balls underneath
which makes it a more realistic generation.

4.5 Ablation Study

Weablate the core components of ABACUS on FSC-147 val (MAE/RMSE)
for understanding and CoCoCount (YOLOv9 exact-match) for gen-
eration. All variants share the same LoRA adapter, training data,
and hyperparameters unless stated otherwise.
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Objectness map: We ablate the MHSA-derived objectness map
by comparing the full pipeline against: (a) a naive mean-pooled
attention map across all heads and layers, and (b) removing object-
ness regularisation entirely (Lobj=0). As shown in table 4, removing
Lobj causes the largest degradation (+3.92 MAE). Partitioning FSC-
147 val into overlap-heavy (≥20% of GT points within 8 px) and
overlap-light subsets, the MAE gap between subsets is 2.31 with
the full model but widens to 6.18 without Lobj, confirming that the
objectness map primarily helps disambiguate spatially proximate
instances.

Table 4. Ablation of the objectness map on FSC-147 val.

Variant MAE ↓ RMSE ↓
Full (per-head + A + Lobj) 5.71 26.46

Mean-pooled attention 7.94 34.21
No Lobj 9.63 40.15

Density-aware adaptive zooming:We ablate the zoomingmodule
𝜙 (·) ( eq. (3)): (a) no zooming (single-pass), (b) fixed 2×2 grid (uncon-
ditional split), and adaptive partitioning (comparing the the object-
ness map(c) against our G-DINO density indicator(d)) As shown in
table 5, single-pass inference suffers on dense scenes. Fixed-grid par-
titioning improves over single-pass but introduces double-counting
at tile boundaries on sparse images, the failure mode that motivates
the boundary-aware count policy, ablated in the supplementary.
Adaptive zooming avoids both failure modes, yielding the best MAE
within 1.2 − 1.3× of single-pass inference. Furthermore, relying
on the objectness map instead of a dedicated G-DINO indicator is
unreliable for density partitioning, yielding a higher MAE of 8.64
compared to 5.71 for our approach.
Table 5. Ablation of density-aware zooming and indicator choice on FSC-

147 val.

Variant MAE ↓ RMSE ↓ Rel. Time

No zooming (single pass) 10.87 45.32 1.0×
Fixed 2×2 grid 7.93 34.58 ∼1.8×
Adaptive (Objectness Map) 8.64 37.21 ∼1.3×
Adaptive (G-DINO indicator) 5.71 26.46 ∼1.2×

Count-aware image enhancement: The generation branch is
optimised via cycle-consistent GRPO (section 3.3): generate → self-
count → compare to prompt → update generator. We compare
(table 6): (a) no GRPO (LoRA SFT only), (b) open-loop GRPO (frozen
external counter as reward source), and (c) the full cycle-consistent
GRPO. SFT alone achieves only 45% exact-match. Open-loop GRPO
improves by +17 points, but the full cycle outperforms it by a further
9 points, confirming that co-adaptation of both branches, where
the understanding head sharpens the generated images, producing
progressively more informative rewards is itself a meaningful source
of gain.
Table 6. Ablation of count-aware image enhancement on CoCoCount.

Variant CoCoCount (exact-match ↑)
No GRPO (LoRA SFT only) 45
Open-loop GRPO (ext. counter) 62
Full cycle-consistent GRPO 71

Choice of counting head:: We use the same ABACUS model to
count objects via two readouts: (i) objectness peak, where the bina-
rised objectness map 𝑞𝑙 (𝑣) is thresholded and connected compo-
nents are counted directly, and (ii) autoregressive, where the lan-
guage head generates the count as text tokens. ABACUS uses the

autoregressive readout by default. We compare both from the same
model (table 7) with no additional parameters or training. Object-
ness peak counting is competitive on dense images (≥50 GT objects),
where spatial peaks are well-separated, but degrades on sparse im-
ages (< 10 GT objects) where the 14×14 patch resolution merges
nearby instances and isolated peaks are sensitive to the binarisation
threshold. The autoregressive readout outperforms peak counting
across both regimes, confirming that Lfocus successfully internalises
spatial structure into the language model’s hidden states during
training, making the explicit spatial readout redundant at inference.
Table 7. Counting using autoregressive head vs. objectness peak on FSC-

147 val. Sparse: <10 GT; Dense: ≥50 GT.

Overall Sparse Dense

Readout MAE ↓ RMSE ↓ MAE ↓ MAE ↓

Objectness peak counting 8.52 36.71 6.31 12.14
Autoregressive (ABACUS) 5.71 26.46 3.42 9.87

Training strategies: ABACUS follows a staged initialization plus
cycle-consistent GRPO coupling, not a single joint objective. The
process fine-tunes UniLIP-3B weights: (i) fine-tune the understand-
ing branch; (ii) freeze it, fine-tune the connector and generation
branch on numeracy prompt/image pairs; (iii) GRPO post-training
updating only the generation branch using the frozen understanding
branch as a reward. As shown in fig. 6, this staged coupling yields
complementary gains over either branch trained alone.

Fig. 6. Ablation of Training Strategy on CoCoCount.

Backbone generalisability: To verify that ABACUS is not specific
to UniLIP-3B, we apply the full adapter pipeline to BAGEL-7B [Deng
et al. 2025] and Nexus-Gen-7B [Zhang et al. 2025]. As shown in ta-
ble 8, ABACUS yields consistent gains across all backbones, with
performance scaling with model capacity: BAGEL-7B + ABACUS
achieves the lowest FSC-147 val MAE (4.93) and highest CoCo-
Count exact-match (76). This confirms that the adapter pipeline
is architecture-agnostic and that scaling the backbone translates
directly into stronger counting and generation. All main results are
reported on UniLIP-3B to demonstrate state-of-the-art performance
at the 3B scale.
High cardinality generation limits: Exact matches remain chal-
lenging at extreme densities. As shown in table 9, quality degrades
as the requested instance count increases, a physical packing limi-
tation inherent to diffusion models. Nonetheless, ABACUS offers
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Table 8. Backbone generalisability of the ABACUS adapter. Larger back-

bones yield stronger results.

FSC-147 Val MAE ↓ CoCoCount ↑
Backbone Base +ABACUS Base +ABACUS

UniLIP-3B 30.19 5.71 34 71
Nexus-Gen-7B 34.81 5.28 32 73
BAGEL-7B 32.45 4.93 36 76

lower error than task-specific specialists across regimes and op-
erates as a unified open-vocabulary model without task-specific
training, unlike density regressors.

Table 9. Count Accuracy and Aesthetics vs. Requested Cardinality.

Count Accuracy Aesthetics

10 72.4% 0.91
50 71.1% 0.72
100 68.3% 0.65

Inference cost on dense scenes: Adaptive zooming keeps aver-
age inference time within 1.2× of single-pass by partitioning only
when the density indicator triggers. For extremely dense scenes
requiring maximum recursion depth 𝛾 , worst-case latency grows
with the number of sub-regions. In practice, such images are rare in
standard benchmarks (<3% of FSC-147 val), and the accuracy gains
substantially outweigh the cost; nevertheless, early-exit strategies or
learned depth prediction could further optimise the speed-accuracy
trade-off. We provide a detailed breakdown of inference latency and
GPU memory overhead across different density regimes in fig. 7.
The overhead is minimal for sparse scenes and scales gracefully up
to extremely dense scenes.

Fig. 7. Inference cost in dense scenes.

5 Limitations and future work

Low-resolution and degraded inputs:ABACUS’s counting pipeline
relies on spatial tokens from InternViT’s 14×14 patch encoding,
which requires sufficient input resolution to distinguish individual
instances. On low-resolution (<224 px) or heavily compressed im-
ages, common in surveillance and legacy datasets, where the visual
token grid becomes too coarse for the objectness map to resolve
individual objects, a limitation shared by all patch-based VLMs
and detection-based counters alike [Amini-Naieni and Zisserman
2025] (see fig. 8. Incorporating resolution-adaptive visual encoders
or super-resolution preprocessing could extend ABACUS to these
degraded settings.
Single-model generality vs. domain adaptation: A single 3B-
parametermodel achieves state-of-the-art results across seven bench-
marks spanning diverse visual domains. Specialised domains such

Fig. 8. Some failure cases of ABACUS.

as medical cell counting [Xie et al. 2018] (see fig. 8), satellite vehi-
cle detection, or industrial defect inspection present distribution
shifts that the current count-balanced training mixture does not
cover. Lightweight domain adaptation of the LoRA adapter, without
retraining the frozen backbone, could unlock these verticals while
preserving the general-purpose counting ability, and we leave this
exploration to future work.

6 Conclusion

We presented ABACUS, a unified vision-language model for count-
aware image understanding and count-faithful generation within a
single architecture. Our approach rests on three contributions: an ob-
jectness map fromMHSA head decomposition that spatially grounds
count predictions using point supervision; a novel boundary-aware
count policy trained via GRPO with nested rewards that eliminates
over/undercounting at crop boundaries; and a cycle-consistent self-
reward strategy where the understanding branch counts objects in
the generator’s own output, closing the feedback loop that external-
critic methods leave open. With a single 3B-parameter model, ABA-
CUS sets a new state of the art across object counting, crowd count-
ing, referring-expression counting, and count-faithful generation,
surpassing both task-specific specialists and larger generalist mod-
els, while establishing the first unified-VLM result on CountQA.
These results support a broader justification: count understanding
and generation are not competing objectives but mutually reinforc-
ing tasks whose joint optimisation yields emergent spatial aware-
ness that neither specialist alone can achieve, suggesting that the
cycle-consistent self-reward paradigm can extend beyond count-
ing to other spatial reasoning tasks where the same model both
produces and verifies its outputs.
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7 Additional experiments

Fine-grained analysis on REC-8K: To provide further insight
into the referring-expression counting capabilities of our model, we
present a detailed breakdown of the Mean Absolute Error (MAE)
on the REC-8K benchmark. As shown in table 10, we evaluate per-
formance across different expression types, specifically focusing
on Attribute and Spatial relationships. ABACUS matches the task-
specific specialist GrREC on attribute-based queries and significantly
outperforms the base UniLIP-3B backbone across all relationship
categories.

Table 10. Detailed MAE breakdown on REC-8K by expression type.

Model Attribute (MAE ↓) Spatial (MAE ↓)
GrREC 4.0 7.5

UniLIP-3B 8.5 16.0
ABACUS-3B (Ours) 4.0 9.0

Choice of reward in boundary policy: Adaptive zooming par-
titions dense images into quadrant crops, but objects straddling
boundaries risk being double-counted or missed. The boundary-
aware count policy addresses this via GRPO with three nested re-
wards: per-quadrant local accuracy (Δ𝑞𝑟 ), cross-quadrant boundary
consistency (Δ𝑏𝑟 ), and global count coherence (Δ𝑔𝑟 ). We ablate each
independently (table 11). Removing Δ𝑏𝑟 causes the largest degra-
dation (+1.57 MAE), as the model can no longer arbitrate which
quadrant owns a split object. Removing Δ𝑔𝑟 has a smaller effect (+0.64
MAE): per-quadrant counts are locally accurate but fail to sum co-
herently. Without GRPO entirely (SFT only), MAE degrades by 2.48,
confirming that RL-based reward shaping is necessary. On the dense-
activated subset (𝜙 (𝐼 ) = dense), the boundary policy improves MAE
by 3.74 while leaving sparse-image performance unchanged.
Table 11. Ablation of the boundary-aware count policy on FSC-147 val.

Variant MAE ↓ RMSE ↓

Full (Δ𝑞
𝑟 + Δ𝑏

𝑟 + Δ
𝑔
𝑟 ) 5.71 26.46

w/o Δ𝑏
𝑟 (boundary) 7.28 31.84

w/o Δ
𝑔
𝑟 (global) 6.35 28.91

w/o Δ
𝑞
𝑟 (local) 6.82 30.17

No GRPO (SFT only) 8.19 35.42

8 Human Evaluation

We conduct a human evaluation to assess generated images onCount
Accuracy, Aesthetic Quality, and Prompt Alignment, complemented
by an overall preference judgment. We recruit 30 annotators via an
anonymous Google Form (fig. 11).
Prompt Selection.:We evaluate on a stratified subset of 60 prompts:
25 from CoCoCount, 25 from the T2I-CompBench counting split,
and 10 from GenEval, sampled to cover the full count range of each
benchmark.
Method Presentation.: We compare seven methods (table 12).
Each prompt displays five images labeled A–E: ABACUS is always
included, and four competitors are sampled uniformly at random
from the remaining six. Labels are shuffled per prompt; annotators
are blind to method identity. Under this design, ABACUS appears in
all 60 prompt groups per annotator while each competitor appears
in ∼40 (60 × 4/6) on average.
Rating Axes.: Each image is rated on a 0–4 Likert scale along three
axes:

• CountAccuracy:Does the image depict the exact quantity spec-
ified in the prompt? 0 = clearly wrong count, 4 = unambiguously
correct.

• Aesthetic Quality: Visual craftsmanship irrespective of prompt
fidelity: composition, clarity, color harmony, and absence of ar-
tifacts. 0 = severe distortion, 4 = polished and visually appealing.

• Prompt Alignment: Fidelity to the textual prompt excluding
object count—scene context, spatial arrangement, style, and
descriptive details. 0 =major mismatches, 4 = near-perfect align-
ment.

After rating all five images, the annotator selects a single preferred
image considering both prompt alignment and aesthetic quality
jointly. Aggregation and Reporting.: All Likert scores are normal-
ized to 0–100 (score = 𝑠 / 4 × 100). Per-method scores are averaged
over all prompt groups in which that method appears. Preference
win rate is the fraction of times a method is selected as the winner
among its appearances (random baseline = 20%, since five methods
are shown per prompt). Count Accuracy is reported in the main
paper; Aesthetic Quality, Prompt Alignment, and Overall Preference
are consolidated in table 12 below. For T2I-CompBench, we report
human scores only, as YOLOv9 detection is not applicable to the
open-vocabulary object classes in this split.
Results.: Table 12 presents the full human evaluation results. ABA-
CUS achieves the highest scores on every axis across all three bench-
marks. On aesthetics, ABACUS scores 80, 83, and 89 on CoCoCount,
T2I-CompBench, and GenEval respectively, improving over UniLIP-
3B (65, 69, 61) despite adding count-specific training, confirming that
cycle-consistent GRPO enhances count fidelity without sacrificing
visual quality. Specialist methods (BoundedAttn, Counting Guid-
ance) score 7–15 on aesthetics because their attention manipulation
degrades image coherence. On prompt alignment, ABACUS leads by
a wide margin (79, 79, 90), reflecting its ability to faithfully render
scene context and spatial arrangement alongside correct numeracy.
Overall preference rates of 39%, 41%, and 50% far exceed the 20%
random baseline, with ABACUS preferred 2×–3× more often than
the nearest competitor on every benchmark.
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Fig. 9. Qualitative comparison on count understanding. ABACUS (Ours) tracks the ground truth across all density regimes, from sparse (GT: 4) to

extremely dense (GT: 1400). CountGD++ overcounts in dense scenes (900 for GT: 298); T2I Count catastrophically fails on out-of-distribution layouts (0 for

GT: 1231); WS-COC and UniLIP-3B default to coarse magnitude estimates. Note: In cases of occlusion, counting relies on visible object centers, preventing

overcounting from obscured parts.
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Fig. 10. Qualitative comparison on count generation. ABACUS achieves exact or near-exact counts while preserving natural spatial arrangement.

UniLIP-3B systematically undercounts; BAGEL overcounts with unnatural compositions; CountGen produces rigid grid patterns; Counting Guidance exhibits

mode collapse (39 donuts for a prompt of 21, 364 balls for a prompt of 28).
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Table 12. Full human evaluation results: Aesthetic Quality (Aesth. ↑), Prompt Alignment (Align. ↑), and Overall Preference (Pref. ↑, win rate %). All Likert

scores normalized to 0–100. Preference random baseline is 20%.

Method CoCoCount T2I-CompBench GenEval

Aesth. ↑ Align. ↑ Pref. (%) ↑ Aesth. ↑ Align. ↑ Pref. (%) ↑ Aesth. ↑ Align. ↑ Pref. (%) ↑

Specialist Count Generation
CountGen [Binyamin et al. 2025] 45 47 15 50 50 18 45 45 12
BoundedAttn [Dahary et al. 2024] 11 15 2 8 13 2 10 12 1
Counting Guidance [Kang et al. 2025] 15 16 2 10 12 2 7 8 1

VLM-based Count Generation
BAGEL [Deng et al. 2025] 55 52 14 48 45 12 43 42 10
Janus Pro-7B [Chen et al. 2025b] 60 54 12 52 47 10 58 53 11
UniLIP-3B [Tang et al. 2025] 65 60 16 69 61 15 61 57 15

ABACUS 80 79 39 83 79 41 89 90 50
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Fig. 11. Human evaluation form. For each prompt, annotators rate five anonymized images on Count Accuracy, Aesthetic Quality, and Prompt Alignment

(0–4 Likert), then select an overall preferred image.
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Fig. 12. Count understanding gallery. ABACUS predictions (green) across diverse categories and count ranges from FSC-147, CARPK, and ShanghaiTech.

The model achieves exact or near-exact counts from sparse scenes (GT: 1, pencil) to dense crowds (GT: 261, go stones) using text-only prompts.
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Fig. 13. Count generation gallery. ABACUS generates images with the exact requested count across diverse prompts, maintaining naturalistic spatial

arrangement and high aesthetic quality.
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