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ABSTRACT

Multimodal Large Language Models (MLLMs) have significantly improved the
performance of various tasks, but continue to suffer from visual hallucinations, a
critical issue where generated responses contradict visual evidence. While Direct
Preference Optimization (DPO) is widely used for alignment, its application to
MLLMs often fails to capture fine-grained semantic differences and encourages
shortcut learning. To address these challenges, we propose Semantic Curricu-
lum Preference Optimization (SCPO), a novel framework for MLLM alignment.
SCPO employs a progressive, easy-to-hard curriculum built upon our Semantic
Curriculum Preference Pairs dataset, which provides fine-grained semantic con-
trasts sorted by difficulty. This curriculum is trained with a dynamic reference
model and a novel symmetric, bidirectional objective to facilitate simultaneous
learning from both textual and visual preferences. To our knowledge, SCPO is
the first framework to unify semantics, symmetry, and curriculum for MLLMs
alignment, effectively mitigating visual hallucinations. Extensive experiments on
LLaVA models across various scales and versions validate that SCPO demon-
strates superior performance compared to baseline models on multiple hallucina-
tion benchmarks, reducing the hallucination rate by up to 62.9%. Moreover, eval-
uations on generalized benchmarks show that SCPO improves factuality while
preserving general capabilities, with its performance remaining stable across gen-
eral vision-language benchmarks.

1 INTRODUCTION

Multimodal large language models (MLLMs) (Liu et al., 2024a; OpenAl, 2023; Liu et al., 2024b)
have demonstrated remarkable capabilities in tasks requiring fine-grained perception, such as visual
question answering and image captioning (Yu et al., 2025). Despite these advances, their reliability
is compromised by the persistent challenge of visual hallucination. During inference, MLLMs often
rely too heavily on the semantic priors embedded in the language model, while failing to faithfully
ground these priors in fine-grained visual evidence from the input image (Li et al., 2022; Kalai
et al., 2025; Xu et al., 2024b). This misalignment between language and vision produces outputs
that contradict the actual visual content, thereby seriously limiting their applicability in high-stakes
scenarios such as autonomous driving and medical image diagnosis (Yu et al., 2024a).

To address this challenge, a common approach is to align models with human preferences using
frameworks like Reinforcement Learning from Human Feedback (RLHF) (Christiano et al., 2017).
RLHF leverages human preferences to guide model optimization, typically by first collecting pref-
erence pairs and then employing reinforcement learning techniques such as Proximal Policy Op-
timization (PPO) to improve output quality and reliability (Schulman et al., 2017). Building on
this, Direct Preference Optimization (DPO) (Rafailov et al., 2023) simplifies the pipeline by skip-
ping the reward modeling and reinforcement learning stages, directly training on “chosen—rejected”
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Figure 1: Comparison of different DPO-based alignment strategies. (a) Text-only Preference: pref-
erence is defined over textual responses. (b) Visually-Conditioned Textual Preference: preference is
defined over textual responses for a fixed image. (c) Text-Conditioned Visual Preference: preference
is defined over images for a fixed response. (d) Cross-Modal Symmetric Preference: preference is
defined symmetrically over complete image-text pairs.

preference pairs (Figure 1(a)). Its effectiveness in enhancing instruction-following and reducing
undesirable outputs in language models (Touvron et al., 2023) has made it a leading paradigm for
preference-based alignment.

Motivated by DPO’s success in textual scenarios, recent work has extended it to MLLMs for finer-
grained vision-language alignment. Initial efforts largely mirrored the unimodal paradigm, con-
structing preference pairs from textual responses, while the visual input remained fixed (Zhao et al.,
2023; Yu et al., 2024a;b; Yang et al., 2025), as illustrated in Figure 1(b). In this setup, models
primarily learn to distinguish factual descriptions from hallucinated ones, but visual evidence is
not explicitly incorporated into preference judgment. To overcome this limitation, subsequent work
introduced pairs of visual preferences by keeping the textual instruction and “chosen” response con-
stant while generating a “rejected” image through perturbations of the original (Zhou et al., 2024).
This design directly contrasts the original and perturbed images, allowing visual cues to be incor-
porated more explicitly into preference optimization (Figure 1(c)). Although incorporating visual
preferences is a step forward, current methods are still constrained by several key limitations as
discussed below.

First, the current negative sample construction lacks semantic sharpness. Existing methods typically
generate “rejected” images through random perturbations such as noise injection or cropping (Fu
et al., 2025; Wang et al., 2024; Jiang et al., 2024a). These operations mainly distort low-level pixels
while leaving high-level semantics intact, causing models to learn trivial cues of image “damage”
rather than developing sensitivity to fine-grained cross-modal distinctions.

Second, existing optimization objectives inherently bias alignment toward the image modality, re-
ducing it to a one-sided preference. As shown in prior work (Zhou et al., 2024; Yang et al., 2025;
Fu et al., 2025), existing methods tend to bias learning toward the original image while neglect-
ing symmetric consistency across vision and language. This asymmetry not only undermines true
bidirectional grounding but also fosters the learning of spurious correlations, ultimately resulting in
brittle and unreliable alignment.

Finally, existing alignment methods typically employ a static single-pass training paradigm. They
generally treat the preference dataset as a single collection of data, training the model on a random
mixture of samples with varying levels of difficulty. This approach overlooks the benefits of a struc-
tured learning process, which can lead to inefficient training and suboptimal final performance (Gao
et al., 2025). Moreover, by keeping the reference model fixed throughout training, these methods
can suffer from significant distribution changes as the policy model improves, potentially limiting
the full extent of alignment (Yuan et al., 2024; Xu et al., 2024a; Xiong et al., 2023).

To address these challenges, we propose Semantic Curriculum Preference Optimization (SCPO), a
novel alignment framework designed to improve vision-language grounding systematically. SCPO
integrates semantically challenging preference pairs, a symmetric and bidirectional optimization
objective, and a dynamic curriculum-based training strategy. This unified approach enables robust
hallucination mitigation while preserving general model capabilities. Our main contributions are as
follows.

1. We construct the Semantic Curriculum Preference Pairs (SCPP), a large-scale dataset for
fine-grained vision-language alignment. SCPP is built via a novel pipeline that quantifies



sample difficulty, enabling an easy-to-hard curriculum to build from foundational ground-
ing to complex semantic reasoning.

2. We propose a novel symmetric and bidirectional objective for preference optimization. Our
objective first learns from complementary textual (Figure 1(b)) and visual (Figure 1(c))
preferences, and then enforces robust grounding through a symmetric framework (Fig-
ure 1(d)). This unified approach prevents the model from relying on shortcut learning and
encourages a deeper semantic understanding.

3. We introduce the SCPO framework, which systematically integrates a difficulty-based cur-
riculum with dynamic reference model updates for MLLM alignment. Extensive exper-
iments demonstrate that SCPO significantly reduces hallucinations and establishes new
state-of-the-art performance on multiple hallucination benchmarks.

2 PRELIMINARIES

Direct Preference Optimization (DPO) (Rafailov et al., 2023) is a reinforcement-learning-free ap-
proach to aligning language models with human preferences. It is derived from the KL-regularized
reward maximization objective commonly used in RLHF:
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where 7 denotes the policy to be optimized, 7 is a fixed reference policy, 7(x,y) is a reward
function, 8 > 0 is a regularization coefficient that controls the KL penalty, and D is a dataset of
training prompts x. This objective allows for aligning a model with human preferences without
requiring explicit reward modeling or reinforcement learning.

The optimal policy 7* induces a closed-form mapping from the policy to the reward:

r(z,y) = Blog % + Blog Z(z), 2)

where Z(x) is a partition function that depends only on z.

Human preferences are typically observed through pairwise comparisons. Let ¥,, and y; denote the
chosen and rejected responses, respectively. These comparisons are modeled using the Bradley-
Terry model:

P =y | 2) = o (r(z, yw) — r(x,m)), 3)

where o (t) = 1-&-% is the sigmoid function. By substituting equation 2, the partition function Z ()
cancels out, enabling DPO to directly compute the preference likelihoods from model probabilities
without the need for explicit reward modeling.
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Finally, by maximizing the likelihood of observed preferences in the dataset D, we derive the DPO
loss:
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This formulation directly aligns the policy m with human preferences in a principled and efficient
way, avoiding the instabilities and complexity associated with reinforcement learning.

3 METHODOLOGY

Our proposed SCPO framework, illustrated in Figure 2, consists of three core components. We
first detail the construction of our Semantic Curriculum Preference Pairs (SCPP) dataset and its
organization into a curriculum in Section 3.1. We then introduce the symmetric SCPO objective in
Section 3.2. Finally, we describe the iterative alignment strategy with a dynamic reference model is
described in Section 3.3.
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Figure 2: Overview of the SCPO framework. (a) We first construct a preference dataset and partition
it into an easy-to-hard curriculum based on semantic difficulty. (b) The model is then trained using
our symmetric, bidirectional SCPO objective. (c) This training proceeds iteratively through the
curriculum stages.

3.1 SEMANTICALLY SENSITIVE PREFERENCE DATA CONSTRUCTION

The construction of the SCPP dataset consists of two stages: (i) integration and refinement of public
datasets, and (ii) curriculum-based partitioning into easy, medium, and hard sets.

3.1.1 STAGE 1: DATA INTEGRATION AND REFINEMENT

To enable fine-grained alignment, we construct the SCPP dataset, a large-scale collection where
each sample consists of a prompt paired with two image-text pairs that differ by minimal but critical
semantic attributes. The construction process integrates and refines several complementary public
datasets. We leverage RLHF-V (Yu et al., 2024a) for its fine-grained textual feedback and MVC (Wu
et al., 2025) for its minimally contrastive image pairs as the foundation of our dataset. To improve
data quality and semantic diversity, we further incorporate HumanEdit (Bai et al., 2024) for its
high-fidelity, human-guided visual edits, and Winoground (Thrush et al., 2022) for its challenging
compositional reasoning examples. To ensure that all sources adhere to the required format, we de-
veloped a processing pipeline to generate missing textual annotations where necessary. The quality
of this automated process was further validated by manual spot-checks. A detailed description of
each data source and our processing pipeline is provided in Appendix B.

3.1.2 STAGE 2: CURRICULUM PARTITIONING

To enable a progressive learning trajectory, we partition the SCPP dataset into Easy, Medium, and
Hard subsets. This requires a principled method to quantify the difficulty of each preference pair.
As illustrated in Figure 2(a), We propose a novel difficulty score taking into account three comple-
mentary factors: MLLM Uncertainty (H), which captures the model’s own confusion via semantic
entropy; Semantic Proximity (scLip), which measures high-level conceptual similarity using CLIP
features (Radford et al., 2021); and Structural Discrepancy (doT), which quantifies fine-grained vi-
sual differences using DINOv2 features (Oquab et al., 2024). Detailed formulas for each metric are
provided in Appendix B.3.

We formulate the final difficulty score by aggregating the standardized values, or the z-scores, of
these three metrics. The rationale is to identify pairs that are holistically challenging. A pair’s
difficulty increases with the model’s own uncertainty, high #, since this indicates ambiguity. The
difficulty is further amplified by high semantic proximity, high scr1p, which creates strong concep-
tual distractors, and by high structural discrepancy, high doT, which demands fine-grained visual
perception. The combination of high semantic proximity and structural discrepancy is particularly
challenging, as it forces the model to resolve conflicts between high-level semantics and low-level
details (Tong et al., 2024). By standardizing each metric to have zero mean and unit variance, we
place them on a comparable scale. This allows us to combine them through a simple, unweighted
sum, avoiding the need for additional hyperparameter tuning. Thus, this score prioritizes examples



that are simultaneously ambiguous, semantically confusing, and structurally distinct. The final score
is computed as:
Difficulty = 237 + 2soLp + 2dor- 6)

Dataset Partitioning. Based on the computed difficulty scores, we partition the SCPP dataset into
three curriculum stages. The Easy stage is composed of 5k pairs primarily derived from the RLHF-V
dataset. These samples, whose negative examples often involve simple visual perturbations, consis-
tently yield lower difficulty scores. We retain them as the foundational stage to build the model’s
basic factual grounding, leveraging their high-quality, fine-grained textual feedback. The Medium
stage is set to 9k pairs, a size determined empirically to yield the best balance of performance and
data diversity, as detailed in our analysis in Appendix B.4. The remaining 7k pairs, which typically
feature the most challenging semantic and structural conflicts, constitute the Hard stage, designed
to refine the model’s capabilities on nuanced distinctions.

3.2 SEMANTIC CURRICULUM PREFERENCE OPTIMIZATION OBJECTIVE

Our SCPO Objective is a novel loss function designed to enforce robust vision-language align-
ment. It is composed of two complementary components, which we detail below: Cross-modal
Complementary Optimization (CCO) and Cross-modal Symmetry Optimization (CSO).

Cross-modal Complementary Optimization (CCO). The CCO component learns preferences in
both text and image modalities through two distinct objectives.

First, the textual preference objective trains the model to distinguish between correct and incorrect
responses. Given a fixed image [,,, the model learns to prefer the chosen response ¥,, over the
rejected response y;:
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Second, the visual preference objective trains the model to identify the correct visual context. For
a given correct response ¥, the model learns to prefer the matching image I,, over the mismatched

image I;:
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The total CCO loss is the sum of the objectives related to both textual and visual preferences:

ECCO (qu Ila Yw, Y1y Q) = ‘Ctext (yw; Yi; Iw; Q) + Eimage (Iwy Il; Yw, Q) . (9)

This design embodies the complementary nature of the two objectives. The model learns a textual
preference for the correct response conditioned on the image, and simultaneously, a visual preference
for the correct image conditioned on the response. This complementary preference optimization
fosters a more robust cross-modal alignment.

®)

Cross-modal Symmetry Optimization (CSO). While CCO learns direct preferences, it does not
explicitly prevent the model from ignoring the visual input. To enforce a stronger visual ground-
ing and mitigate shortcut learning, we introduce the Cross-modal Symmetry Optimization (CSO)
component, inspired by (Wu et al., 2025). CSO operates on complete image-text pairs, rewarding
consistent pairs while penalizing contradictory ones. This is achieved through two core objectives.

First, the matching objective encourages the model to prefer generating a response y when condi-
tioned on its matching image I, compared to generating it with no visual input (that is from language
priors alone):

mo(y | 1,Q) 779(1/|Q)D (10)
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Second, the contradiction objective penalizes the model for associating a response y with a mis-
matched image I’:

I
ACcon’fradict(I/7 Y; Q) = - IOg o <BQ |:10g m - IOg M] ) . (1 ])



where 57 and (s are scaling coefficients. The key insight of CSO is to apply these objectives
symmetrically. The model is trained not only to match (I, y,,) and reject the mismatched pair
(I, yw), but also to match the pair (I}, y;) and reject (I, y;). This symmetric application prevents
the model from learning simple biases. The final CSO loss combines these four terms:

Lcso (Ium Iy Yuws Y1, Q) = (ﬂmatch(lwv Yw; Q) + Econtradict(lh Yw3; Q))
Alignment on (I, Yw)

+ (Ematch(lla i Q) + Econlradict(Lu; i Q))

Alignment on (I;,y;)

(12)

Total SCPO Objective. The final SCPO objective is a weighted sum of the CCO and CSO com-
ponents, creating a unified loss function for robust vision-language alignment:

Lscpo = Leco + A Lcso- (13)

The hyperparameter A balances the influence of the CSO component.

3.3 ITERATIVE ALIGNMENT WITH A DYNAMIC REFERENCE MODEL

A static reference model in DPO can strug-
gle with curriculum learning, as difficult,
off-policy samples from later stages may
cause optimization instability due to large
KL penalties or vanishing gradients (Ap-
pendix D). To address this, we introduce | . - _
an iterative alignment strategy with a dy- |&= i -
namic reference model, as visualized in KL-Constrained Region - Unexplored KL-Constrained Region is updating
Figure 3. The training process consists

of three sequential stages on the De,y, Figure 3: Visualization of our iterative alignment. (left)
Dinediums and Dparq subsets.  After com- 1In a single step, the policy update is constrained by the
pleting stage ¢ to produce an updated pol- KL divergence from the reference 7. (right) Our dy-
icy ¢, we dynamically reset the reference namic approach updates this reference at each stage of
model for the subsequent stage ¢ + 1 by the easy-to-hard curriculum, enabling a stable and cu-

setting (i)« ;. mulative learning trajectory.

This staged dynamic approach serves two

critical functions. First, it mitigates the distribution shift problem common in DPO-based methods.
By resetting the reference model, the KL divergence penalty is effectively reset to zero at the start
of each new stage:

Eonpes [Da(mil | 2) [ 71 2)] = Banpys D (mllm)] =0. (14)

This prevents the policy from being overly constrained by a distant initial reference model, enabling
more effective optimization. Second, this approach decomposes a single complex optimization prob-
lem into a series of more manageable steps. Theoretically, the final policy 7 after N stages ap-
proximates the optimal policy for the cumulative reward: 7wy oc 7 exp(% Eivz 1 ) (derivation in
Appendix D.2). This ensures a smooth and effective learning trajectory, as the policy is always regu-
larized against a closely related and progressively improving reference model. The complete staged
alignment process is summarized as follows:
Deasy; Lscro Dinedium , LscPo Dhard s Lscro

T Base T Easy TMedium T'Hard (15)

Tlref =T Base Tlref =T Easy Tref =TT Medium

4 EXPERIMENT AND RESULTS

4.1 EXPERIMENTAL SETUP

Implementation Details. We implement and evaluate our SCPO framework on three LLaVA base
models: LLaVA-v1.5-7B, LLaVA-v1.6-7B, and LLaVA-v1.5-13B (Liu et al., 2023; 2024a). All mod-
els utilize a CLIP ViT-L/14 vision encoder and a Vicuna LLM backbone. The alignment is per-
formed on our SCPP dataset, which is partitioned into three curriculum stages: Easy (5k pairs),



Medium (9k pairs), and Hard (7k pairs). We fine-tune all models for one epoch per stage with a
batch size of 32 and a learning rate of 5e-7. For our SCPO objective, we set the DPO coefficient
B = 0.1 and the CSO coefficients 51 = $2 = 0.1. The weight of the CSO loss, A, is set to 0.2 to
balance the magnitudes of the CCO and CSO loss terms, a value found to be robust in preliminary
experiments (Appendix C). All experiments were conducted on 4 NVIDIA H20 GPUs.

Evaluation Benchmarks. To provide a comprehensive evaluation, we assess the model perfor-
mance on a suite of specialized hallucination benchmarks and general capability benchmarks..

HALLUCINATION BENCHMARKS. We employ four benchmarks to measure hallucination miti-
gation. 1) Object HalBench (Rohrbach et al., 2018): A standard benchmark for assessing ob-
ject hallucination. We evaluate across 300 instances, reporting hallucination rates at both the sen-
tence (CHAIRs]) and object levels (CHAIRi|). 2) AMBER-Generative (Wang et al., 2023), a
judgment-model-free benchmark for open-ended image description with 7,004 samples, assesses
factuality and coverage. We report five metrics: object hallucination (CHAIR]), object coverage
(Cover?), response-level hallucination (HalRatel), cognitive hallucination (Cogl), and a com-
posite F1 score (F1-Gen.1).! For 3) AMBER-Discriminative (Wang et al., 2023), which evalu-
ates binary verification queries across /4,216 instances, we report overall Accuracy (Acc . T) and F/
score (F1-Dis.T). 4 MMHal Bench (Sun et al., 2023): A question-answering benchmark with
96 images across 12 object categories. Following the official protocol, we use GPT-4 for evaluation
and report the overall quality Score (Score?) and Hallucination Rate (HalRatel).

GENERAL CAPABILITY BENCHMARKS. To verify that our focus on factuality does not com-
promise general abilities, we also evaluate our method on two standard benchmarks. 1) LLaVA-
in-the-Wild (Liu et al., 2024b): A benchmark with 60 open-ended questions to assess real-world
conversational abilities. We report the average GPT-4-rated quality score relative to the baseline
(Relative Score?). 2) MMBench-CN (Liu et al., 2024c): A comprehensive multiple-choice
benchmark. We report the overall accuracy (Acc. 7).

Baselines. We compare SCPO against a wide range of state-of-the-art models to demonstrate its
effectiveness. Our comparison includes powerful general-purpose MLLMs such as GPT-4V (Ope-
nAl, 2023), Owen-VL-Chat (Bai et al., 2023), and MiniGemini (Li et al., 2024b). We also benchmark
against a suite of leading alignment methods based on the DPO framework, all specifically designed
to mitigate hallucinations. This includes Silkie (Li et al., 2024a), standard DPO (Rafailov et al.,
2023) and its multimodal variants like mDPO (Wang et al., 2024), as well as other advanced tech-
niques such as EOS (Yue et al., 2024), HA-DPO (Zhao et al., 2023), HSA-DPO (Xiao et al., 2025),
RLHF-V (HD) (Yu et al., 2024a), and HALVA (Sarkar et al., 2025).

4.2 MAIN RESULTS

Comparison with Leading MLLMs. We benchmark our SCPO-7B model against several pow-
erful larger MLLMs in Table 1. The results reveal a clear trade-off between generative breadth
and factual accuracy. Although leading models like GPT-4V excel in metrics measuring descriptive
coverage, our significantly smaller model demonstrates superior performance in hallucination mit-
igation. Notably, SCPO-7B reduces the CHAIRs score by a relative 48.5% compared to GPT-4V
and achieves the highest accuracy on the AMBER-Discriminative benchmark. This pattern suggests
that our alignment method effectively enhances factual consistency, enabling a smaller open-source
model to achieve a state-of-the-art level of reliability.

Table 1: Performance comparison on hallucination benchmarks. Best results are in bold, second
best are underlined. Parenthesized numbers indicate relative change vs. GPT-4V. Results are cited
from: *(Jiang et al., 2024b), tXiao et al. (20253).

Model Object Hal AMBER-Generative AMBER-Discriminative MMHal Bench

CHAIRs| CHAIRi| | CHAIR| Covert HalRate| Cogl FI1-Gen.T Ace. F1-Dis.T Scoret  HalRate|

JGPTaV: L 136 73 | 46 71 307 26 788 | 834 874 | 349 028
Qwen-VL-Chat-10B ¥ 36.0(122.4) 21.3(114.0) 6.6(12.0) 53.21139  31.0¢t03)  2.9(10.3) - 81.9(11.5 86.4(11.0) 2.89010.60)  0.43(10.15)
Silkie-10B * 25.3¢t11.7) 13.9¢16.6) 5.4(10.8) 55.81113)  29.0017)  2.000.6) - 82.2112) 87.6(10.2 3.01¢1048)  0.41(10.13)
InstructBLIP-13B ¥ 25.9112.3) 14.3(17.0) 8.8(14.2) 5221149 3820175 44118 - - - 2.14(1135  0.58(10.30)

_MiniGemini-34B * | 14.5q09 __80aen | _ - _____ o . T | 826des 87602 | 3.08u0an_ 0.38010)
LLaVA-v1.6-7B ¢ 12.0011.6) 6.8(10.5) 8.7(14.1) Llueoy  49.7m19.00 42016 732056 | 82.8110.6) 87.010.4) 2.80010.69)  0.43(10.15)
+SCPO-7B (ours) 7.0016.6) 4.4(12.9) 4.5(10.1) 60.2(16.9) 271036 19007  73.8u50) | 85.4(12.0) 89.2(11.8) 3.1601033)  0.32(10.04)

'The FI-Gen. score is not part of the original benchmark. We compute it as the harmonic mean of precision
(1 - CHAIR) and recall (Cover) to provide a balanced metric for generative quality (Appendix F).



Comparison with Alignment Baselines. We compare the SCPO framework with several align-
ment baselines across various LLaVA architectures, as shown in Table 2. The results highlight
that SCPO consistently outperforms prior methods of all model sizes and nearly all hallucination-
related metrics. To ensure a fair comparison, we include DPO (SCPP), which applies the standard
DPO objective to our data and training methods. While DPO (SCPP) yields competitive results,
SCPO provides a substantial further improvement, reducing the CHAIRs score by 40.3% and the
AMBER HalRate by 36.3% compared to DPO (SCPP). This confirms that the combination of our
data, progressive curriculum, and objectives is essential for achieving state-of-the-art hallucination
mitigation.

Table 2: Performance of SCPO against alignment baselines on various LLaVA models. Our
method’s performance is reported after each progressive curriculum stage. DPO (SCPP) denotes
the standard DPO trained with our data and method. Baselines marked with § are our re-evaluations;
others are cited from their respective papers: x (Wang et al., 2024), I (Sarkar et al., 2024), t (Fu et al.,
2025), § (Yang et al., 2025). Best and second-best results are in bold and underlined. Parentheses
show absolute change from the corresponding baseline.

Algorithm Object Hal AMBER-Generative AMBER-Discriminative MMHal Bench
CHAIRs| CHAIRil CHAIR] Covert HalRate] Cogl F1-Gen.t  Acc.? F1-Dis.t Scoret  HalRate|
LLaVA-v1.5-7B 54.7 26.5 8.8 50.1 404 4.7 64.7 80.8 852 2.18 0.59
+DPO * 49.0 13.0 6.5 55.5 34.5 2.3 69.7 - - 2.14 0.65
+mDPO * 35.7 9.8 4.4 52.4 24.5 2.4 67.7 - - 2.39 0.54
+EOS 40.2 123 5.1 49.1 227 2.0 64.7 - 75.6 2.03 0.59
+HA-DPO * 38.2 11.0 6.7 49.8 30.9 33 64.9 - 78.1 1.97 0.59
+HALVA § 52.7 26.1 83 51.0 37.1 42 65.5 81.1 85.5 2.19 0.58
+DPO (SCPP) 34.0 18.7 49 58.2 30.6 1.8 72.2 81.5 86.8 2.37 0.52
+Easy(ours) 27.7127.0) 15.0¢111.5) 40448  50.7t0.6) 21.70118.7) 27 66.40117) | 79.4 85.6(10.4) 2.3710.19)  0.54(10.05)
+Medium(ours) 2530294 1330132 3.5153 52.8127)  21.3019.) 68.3(13.6) | 82.9¢12.1) 873121 2.7310.55  0.48(10.11)
+Hard(ours) 20.3(134.4) 11.6114.9) 33455  53.6(13.5 19.5(1209) 69.0(14.3) | 83.2(12.4) 87.3(12.1) 247029 0.4410.15)
LLaVA-v1.6-7B ¢ 12.0 6.8 8.7 61.1 49.7 732 82.8 87.0 2.80 0.43
+DPO 11.0 6.6 5.9 61.0 389 74.0 - 874 2.70 0.44
+DPO (SCPP) 10.7 5.9 6.7 62.5 374 74.9 85.0 88.3 2.55 0.53
+Easy(ours) 8313 5.3(11.48) 4.443 593 28.8(120.9) 73.2 823 87.3(103) 2.64 0.46
+Medium(ours) 8.6(13.4) 5.3u1s1 4.81142)  60.3 31.2q185) 73.8(10.62) | 85.1(12.3) 88.911.9) 2.94(10.14)  0.38(10.05)
+Hard(ours) 7.0015.0) 4.4(12.37) 4.5142)  60.2 27.1122.6) 73.8(10.64) | 85.4(12.6) 89.2(12.2) 3.16¢1036)  0.32(0.11)
LLaVA-v1.5-13B § 493 239 8.8 50.3 372 64.8 83.5 86.6 2.31 0.55
+HSA-DPO * - - 473 134 63.8 - - 2.61 0.48
+RLHF-V (HD) # - - 46.1 25.1 61.8 - - 2.81 0.49
+HALVA § 47.0 229 50.5 354 65.1 852 88.3 2.44 0.52
+DPO (SCPP) 34.0 17.5 55.7 279 70.3 86.2 82.8 242 0.55
+Easy(ours) 28.3(121.0) 14.4(195) 51.3¢01.0  21.1Q16.1) ! 66.9(12.1) 85.6(12.1) 89.2(12.6) 2.52¢10.21)  0.49(10.06)
+Medium(ours) 28.0021.3)  13.611103) 534w 20.6a166 120431  68.7(13.9) | 87.3(13.8) 90.4(13.8) 2.84¢1053  0.39010.16)
+Hard(ours) 23302600 1150124 53.1c128)  20.81164) 130300  68.4(136 | 87.213.7) 90.4(13.5) 2.6310.32)  0.46(10.09

Furthermore, our progressive curriculum design proves effective across all models, with perfor-
mance steadily improving as training progresses through the Easy, Medium, and Hard stages. This
confirms that the easy-to-hard learning trajectory offers a clear advantage over static data mixtures
in enhancing overall performance.

Evaluation on General Capabilities. A crit- Table 3: Performance on general capability
ical consideration for any alignment method is benchmarks. Best and second-best results are
whether its gains in factuality come at the cost in held and underlined. Parentheses show abso-

of general-purpose capabilities. We investigate Jute change from the corresponding baseline.
this by evaluating our SCPO-tuned models on

two diverse benchmarks: LLaVA-in-the-Wild and

. Algorithm LLaVA-wild MMBench-CN
MMBench-CN. As reported in Table 3, our re- LLaVAVLSTE S po ot
sults indicate that SCPO largely avoids the per- +H2LVZ 5 61.0 0,589
formance degradation observed in some base- +DPO(SCPP) 60.9 0.602
lines like HALVA, and in many cases, enhances +Easy(ours) 60.0(14.3) 0.647(T1e-3)
age . . H (1O - D
the model’s general abilities. For instance, on S cainm(ours) Qi IS 0
. +Hard(ours) 61.5(15.8) 0.664(71.8¢e-2)
LLaVA-v1.5-7B, the model after the medium cur- :
riculum stage improves the LLaVA-wild score I;;;g‘(‘s'gp;g;m % g‘ggg
from 557 to 647 and the MMBenCh'CN accu- +Easy(ours) 67.@.9) 0.671.(‘L8673)
racy from 0.646 to 0.665. Similar positive trends +Medium(ours) 70.8(10.6) | 0.682(13¢-3)
are observed on the LLaVA-v1.5-13B model. +Hard(ours) 72.6(11.2) | 0.681(12e-3)
While minor fluctuations exist across stages, the LLaVA-v1.5-13B § 64.9 0.685
overall results strongly suggest that our method’s +HALVA 8 633 0.636
focus on improving factual grounding leads to a :g:g(((s)sg) 6 ?(,6,'01 5 o 64;)('i29,ei,)
more reliable and capable model in general, with- +Medium(ours) 68.6(13.7) | 0.701(11.6c-2)
out inducing catastrophic forgetting. +Hard(ours) 67.4(12.5) | 0.699(11.4e-2)




4.3 ABLATION STUDIES

Effectiveness of Objective Components. Our ablation of the SCPO objective in Table 4 demon-
strates a clear synergistic effect between its components. While both the CCO and CSO objectives
individually outperform the text-only baseline, their combination in the full SCPO objective is cru-
cial for optimal performance. This unified approach achieves the best results across all metrics,
reducing the CHAIRs score by 34.4% and the MMHal Bench HalRate by 39.2% relative to the text-
only baseline. This confirms that the direct preference signals from CCO and the robust grounding
enforced by CSO are complementary and essential for effective hallucination mitigation.

Table 5: Ablation on training strategy compo-
nents. Sort: data sorted by difficulty. Update:
dynamic reference model update. Best results

Table 4: Ablation on objective components. We
evaluate the contribution of textual preference
(Liext), image preference (Limage), and symmet-

ric optimization (Lcso). Bestresults are inbold. ¢ 10 bold.
Objective Components  Object Hallucination MMHal Bench Components Object Hallucination MMHal Bench
Lex Limge Lcso | CHAIRs| CHAIRi| | Score? HalRate | Sort Update | CHAIRs| CHAIRi| | Scoret HalRate |
v v v 7.00 4.42 3.16 32.29 v v 7.00 442 3.16 32.29
v v X 7.33 5.17 2.80 45.83 v X 9.67 5.88 3.22 37.50
v X X 10.67 591 2.55 53.13 x v 9.00 5.00 3.16 39.58
X v 933 4.98 282 3438 x x 9.00 5.20 3.04 41.67

Effectiveness of the Curriculum Strategy. As shown in Table 5, our curriculum strategy’s effec-
tiveness stems from the synergy between data sorting (Sort) and dynamic reference model updates
(Update). While each component provides moderate gains alone, their combination is critical. For
example, adding sorting to dynamic updates further reduces the CHAIRs score by 22.2%. Similarly,
adding dynamic updates to sorting lowers the MMHal Bench HalRate by 13.9%. This demonstrates
that principled data scheduling and iterative model adaptation are mutually reinforcing, and both are
essential to fully leverage our curriculum framework.

5 FURTHER ANALYSIS

Effectiveness of the Curriculum Order. To
verify the importance of our progressive curricu-
lum, we evaluate a reversed Hard — Medium

Table 6: Performance trajectory of the reversed
curriculum. Best results are in bold.

— Easy training sequence. The performance ll\’[odel TrIé;ining Object HalBench MMHal Bench
. . . . . . arams ata N
trajectory, detailed in Table 6 and visualized in CHAIRs| CHAIRi| | ScoreT HalRate|
; ; 0, Dhara 10.0 6.57 2.85 0.46
Flgur.e 4, reveals an unstable and suboptlmal o i 13 e 593 o6
learning path. Notably, performance on Object Deasy 123 751 2.92 0.47

HalBench degrades as training progresses; the
CHAIRs score increases from an initial /0.0 after
the first stage to /2.3 in the final model. This sug-
gests that exposing the model to complex exam-
ples early, without a proper foundation, can im-
pair its ability to handle fine-grained tasks. This
unstable behavior is in sharp contrast to the steady
improvements observed with our proposed Easy-

CHAIRs | CHAIRI Score t

AN

Reversed Curriculum|

HalRate |

{ —@— SCPO Curriculum

Figure 4: Performance Trajectories of the Pro-
posed and Reversed Curricula. The solid blue

to-Hard curriculum (shown in Table 2 and Fig-
ure 4). This finding confirms that the order of data
difficulty is a critical factor in our framework, and
highlights the need to build from simpler to more
complex examples for robust learning.

line represents our Easy-to-Hard curriculum,
while the dashed orange line represents the re-
versed order. The x-axis denotes the curriculum
stages, and the y-axis shows the performance on
four key metrics

6 CONCLUSION

In this work, we addressed the critical challenge of visual hallucinations in MLLMs by propos-
ing SCPO, a novel alignment framework. SCPO’s main contribution is a systematic approach that
integrates three core innovations. First, we constructed the SCPP dataset, which provides seman-
tically challenging preference pairs partitioned into a structured, easy-to-hard curriculum. Second,
we designed a symmetric and bidirectional objective to enforce robust visual grounding. Finally,
we introduced a curriculum-based training strategy where the model is trained progressively on
data of increasing difficulty, coupled with a dynamic reference model that is updated at each stage.
This unique combination of a data-driven curriculum and iterative alignment proves highly effec-
tive. Extensive experiments show that SCPO significantly reduces hallucinations across multiple



benchmarks and model scales, establishing state-of-the-art performance while preserving general
capabilities. Future work could explore applying this curriculum-based alignment paradigm to other
modalities or different reasoning tasks.

Due to the double-blind review process, the datasets and models will be made publicly available
after the conclusion of the review process. We will provide all necessary documentation to support
reproducibility, including the data processing pipeline and model descriptions.
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A  ALGORITHM DETAILS

This section provides detailed pseudocode for our proposed SCPO framework. We first present
the main training loop in Algorithm 1, which outlines the iterative, curriculum-based alignment
process. Following that, we detail the procedure for computing the difficulty scores used to partition
the dataset in Algorithm 2.

Algorithm 1 Semantic Curriculum Preference Optimization (SCPO)

Require: Base model 7y, SCPP dataset D, curriculum stages S = {easy, medium, hard}
Require: SCPO loss weights 3, 81, B2, A

1: Partition D into {Deasy, Pimedium; Phara } based on difficulty scores (Eq. 6)

2: Initialize policy model 7y < 7y,

3: Initialize reference model 7yt <— 7y,

4: for stage in S do

5: Dype < get_data_for_stage(D, stage)

6: for each batch (1., I}, Yu, Y1, @) € Ditage do

7: /I Compute CCO Loss (Eq. 9)

. o (Y [T, Q) o (Y1 |1w,Q)

8 Liexe ¢ —logo(f[log mfféﬂu} ) —los mff(lélluw}Q)])

% Lumge  ~logo(Bllog TEERFE — log T

10: Lecco = Liext + Eimage

11: /Il Compute CSO Loss (Eq. 12)

T I, T

12 Laen(I,y) = —log o8 [log 72U — log T2 ])

13 Lol y) ¢ ~logo(Bllog 24T — log 22U EE])

14: Lcso < Lmaich (I'wa y’w) + Ecomradict(llv yw) + Luatch (Ila yl) + Econtradicl([qu yl)
15: /I ' Total SCPO Loss (Eq. 13)

16: Lscpo < Lcco + ALcso

17: Update 6 using VyLscpro

18: end for

19: Tref <— T > Dynamic reference model update
20: end for

21: return Final aligned model 7

Algorithm 2 Difficulty Score Computation for Preference Pairs

Require: Preference pairs dataset D = {(L(f), I l(i), yg), yl(i)) N
Require: Weights wy, Wag .y, Wsepp € RT
Step 1: Feature Extraction
: for each pair (1%, I")) in D do

Compute MLLM mean entropy: HY %(H(I&i)) + H(Il(i)))

1

2

3: Compute DINOv2 optimal transport distance: dg)T
4

5

Calculate CLIP cosine similarity: sgilp — <<;§(I,(Ui))7 qb([l(i)))
: end for

Step 2: Standardization

for each feature f € {H,dor, scrip} do
Compute global statistics: ¢, o
Normalize: z](f’) — (fD — pg) /oy

end for

o A

Step 3: Weighted Aggregation
10: for each pairi =1,..., N do
11: Difﬁculty(i) — wyy - z%)
12: end for
13: return Difficulty scores {Difficulty ¥} |

(@) (@)

+ Wdor Zdom + Wsopip * Zscrrp
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B SCPP DATASET CONSTRUCTION DETAILS

This section provides a detailed description of the data sources and the processing pipeline used to
construct our Semantic Curriculum Preference Pairs (SCPP) dataset, as mentioned in Section 3.1.

B.1 DATA SOURCES AND RATIONALE

Our dataset is built by aggregating and refining four complementary public datasets. The selection
of these sources is motivated by the need to create a diverse and challenging set of preference pairs
that cover both textual and visual semantic contrasts.

Foundational Datasets. We start with two foundational datasets to provide a broad base of pref-
erence signals.

¢ RLHF-V (Yu et al., 2024a): This dataset offers large-scale prompt-text-image triples with
fine-grained human feedback on textual hallucinations. It serves as our primary source for
learning textual preferences, where the model must distinguish between a factually correct
and a hallucinated description for a given image.

* MVC (Wu et al., 2025): This dataset provides pairs of minimally contrastive images that
differ in subtle but critical visual details (e.g., an object’s color or count). It serves as our
primary source for learning visual preferences, where the model must ground its response
on the correct visual input.

Enhancement Datasets. Although the foundational datasets are useful, they have limitations.
RLHF-V can contain noisy or low-quality images, and MVC’s images are generated by diffusion
models, which may lack the fidelity of real-world photographs. To address these issues and increase
the dataset’s quality and diversity, we incorporate two additional sources:

* HumankEdit (Bai et al., 2024): This is a high-quality corpus of images edited by humans
following specific instructions. It provides authentic and high-fidelity visual contrasts that
are grounded in genuine human intent, serving as a source of realistic and challenging
negative visual samples.

* Winoground (Thrush et al., 2022): This benchmark is specifically designed to test visio-
linguistic compositional reasoning. Its image-text pairs often differ by a single relational
or compositional word (e.g., ’the cat is behind the box” vs. “the box is behind the cat”).
We include it to enrich SCPP with examples that require a deeper level of semantic under-
standing.

B.2 LLM-BASED TEXT GENERATION FOR PREFERENCE PAIRS

While datasets like RLHF-V and MVC provide a strong foundation, other high-quality visual sources
such as HumanEdit and Winoground lack pre-existing, preference-formatted textual annotations
(i.e., a prompt with corresponding chosen and rejected responses). To take advantage of these
valuable visual assets, we developed an LLM-based pipeline to generate high-quality, contextually
appropriate text for their image pairs.

We utilized GPT-5 to perform this task. The pipeline was designed with three primary goals:
* Prompt Generation: For each image pair, generate a concise and unambiguous question
that targets the key semantic difference between them.

* Response Generation: Create a factually accurate “chosen” response that correctly de-
scribes the first image and a “rejected” response that correctly describes the second, ensur-
ing both are brief and directly answer the generated question.

* Quality Control: Ensure the generated text is grammatically correct, stylistically consis-
tent, and avoids ambiguous or subjective language. The process was carefully controlled to
ensure all generated text is faithfully grounded in the visual content.

14



The core of this pipeline is a carefully designed prompt that guides the LLM to act as a data creator
and quality assurance expert. The whole prompt set used in this process is provided in Figure 5 for
transparency and reproducibility.

LLM Prompt for Quality Assurance and Annotation of Preference Pairs

You are an expert in data quality assurance for preference datasets.

You will be given a series of JSON entries, each containing three fields: "question", "chosen", and "rejected".

Your task is to evaluate each entry based on the following criteria:

1. **Clarity and Focus**: The question should be concise, clear, and unambiguous. It should highlight only one specific semantic difference.

- **Invalid**: The question is vague, subjective, irrelevant, or covers multiple aspects.

**Accuracy of the "chosen" description**: The "chosen" answer should correctly describe the content of **image 0**.

**Accuracy of the "rejected" description**: The "rejected" answer should correctly describe the content of **image 1**.

**Concise and factual answers**: Both the "chosen" and "rejected" answers should directly respond to the question with brief and accurate factual statements.
**Grammar and Style**: Ensure that grammar and style are correct, with consistent tone across the entries.

SV AW

**Avoid certain terms**: Do not mention terms such as "original", "edited", "before/after", or "image A/B".
For each entry, your output should be a JSON array. Each element should include:
- **"index"**: the index of the sample.

- *¥s valid"**: “true’ if the entry meets all the criteria, or “false” otherwise.

"o

- **verror_type"**: if invalid, specify one or more of the following categories: ["bad_question", "chosen_wrong", "rejected_wrong", "grammar_issue", "style_issue"].
- **'suggestion"**: if invalid, provide a corrected version of the entry.
Please do not provide any explanations outside of the JSON format.

Figure 5: Data refinement prompt pipeline.

B.3 DIFFICULTY SCORE METRICS

As introduced in Section 3.1, our difficulty score is a composite measure that aggregates three com-
plementary factors. Here, we provide their formal definitions and computational details for a given
preference pair (1, I;).

MLLM Uncertainty (7). We quantify the model’s uncertainty using the average binary semantic
entropy over its forced-choice predictions for both the winning and losing images. A higher entropy
value indicates greater ambiguity for the model. The average entropy is defined as follows:

H=3(HI,) +H)), (16)

where H (I) represents the binary entropy for a single image.

Semantic Proximity (scpp). This metric measures the high-level conceptual similarity between
the two images. We compute it as the cosine similarity between their normalized feature embed-
dings, extracted from a pretrained CLIP vision encoder ¢(-) (Radford et al., 2021):

scrip = (P(Lw), ¢(1)). (17)

A higher score indicates that the images are strong semantic distractors.

Structural Discrepancy (dot). To capture fine-grained, low-level visual differences, we measure
the structural discrepancy. Let () denote the set of patch-level features extracted from an image
I using a DINOvV2 encoder (Oquab et al., 2024). The discrepancy is then calculated as the Optimal
Transport (OT) distance between the two sets of patch features:

dot Iy, I}) = min T;:Cii, 18

or(u. 11 TeHw(fw),wn))ZZ; 7 e

where C; is a joint feature-spatial cost matrix and 1" is the optimal transport plan. A larger distance
signifies a greater structural difference.

Final Score Computation. The final difficulty score is computed as the sum of the standardized
values (z-scores) of the three metrics, as shown in Equation 6 in the main text. By standardizing
each metric to have zero mean and unit variance, we place them on a comparable scale, allowing for
a simple and unweighted aggregation. This approach avoids the need for additional hyperparameters
for tuning the weights.
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B.4 DETERMINING THE SIZE OF THE MEDIUM CURRICULUM STAGE

To determine the optimal size for the Medium curriculum stage, we conducted an empirical study
by varying the number of medium-difficulty samples used for training, ranging from /k to /10k. The
results, summarized in Table 7, show a clear trend. As the data size increases from /k to 9k, we
observe a general improvement on most metrics, particularly in discriminative tasks. The model’s
performance on AMBER-Discriminative peaks at the 9k data point, achieving the highest Accuracy
and F1 score. While the lowest object hallucination (CHAIR) is observed at the 5k mark, the 9
model maintains a highly competitive hallucination rate while offering superior discriminative ca-
pabilities. Notably, increasing the data size further to /0k leads to a slight degradation in several key
metrics, including Cover and Accuracy, suggesting that 9k represents an optimal trade-off between
performance, data diversity, and training efficiency. Based on this analysis, we set the size of the
Medium stage to 9k pairs for all main experiments.

Table 7: Performance on AMBER with varying data sizes for the Medium curriculum stage. Best
performance for each metric is highlighted in bold.

Data Size AMBER-Generative AMBER-Discriminative
CHAIR| Cover? HalRate] Cog| | Acc.T F1-Dis.t
1k 4.6 58.9 33.6 2.5 82.4 87.4
2k 4.8 59.4 36.4 2.8 82.5 87.4
3k 4.7 60.0 38.1 3.0 83.0 87.7
5k 4.4 60.1 33.6 2.5 83.8 88.2
7k 4.9 60.3 36.4 2.8 84.4 88.6
9k 4.8 60.3 33.6 2.5 85.1 88.9
10k 4.6 58.7 38.1 3.0 84.8 88.7

C SENSITIVITY ANALYSIS OF THE CSO WEIGHT )\

The hyperparameter A in our SC-PO objective (Eq. 13) balances the contributions of the complemen-
tary (Lcco) and symmetric (Lcso) loss components. As these two objectives operate on different
principles, their loss magnitudes can vary. The weight ) is therefore crucial to prevent one compo-
nent from dominating the optimization process.

To analyze the model’s sensitivity to this parameter, we conducted a small-scale sweep for A on
LLaVA-v1.6-7B. The results, summarized in Table 8, demonstrate that SCPO is remarkably robust
to the choice of A. Although A = 0.2 yields a only marginally better balance in terms of all metrics,
its performance remains highly stable within the tested range of [0.1, 0.3]. For instance, the CHAIR
score only fluctuates between 4.5 and 4.6. This low sensitivity is a significant practical advantage,
indicating that the benefits of our framework are not contingent on meticulous hyperparameter tun-
ing. Based on this robust performance, we selected A = 0.2 for all main experiments.

Table 8: Sensitivity analysis for the CSO weight A on the AMBER benchmark. Performance remains
highly stable, demonstrating the robustness of our method. Best performance is highlighted in bold.

. AMBER-Generative AMBER-Discriminiative
Setting (1))
CHAIR| Cover? FI1-Gen.T | Acc.T F1-Dis.T
0.1 4.6 59.3 73.14 85.2 89.1
0.2 4.5 60.2 73.85 85.4 89.2
0.3 4.6 60.0 73.67 854 89.2
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D THEORETICAL ANALYSIS OF ITERATIVE ALIGNMENT

This appendix provides a concise motivation for our iterative alignment strategy with a dynamic ref-
erence (Section 3.3). We first analyze why a fixed reference can fail in the late stages of curriculum,
then derive the cumulative-reward property of our approach.

D.1 LIMITATIONS OF A FIXED REFERENCE MODEL IN DPO

A standard DPO setup with a fixed reference m.¢ can struggle when preference pairs in later curricu-
lum stages are deliberately off-policy for m.s (the preferred response has tiny probability under the
reference).

Infinite KL (in practice, arbitrarily large). The objective regularized by the KL divergence (cf.
Eq. 1) requires a finite divergence between mg and mrer. If mer(yw | @, 1) =~ 0 yet the optimized
policy must assign nonzero mass to ¥.,, the divergence

DKL(TF@(~ ‘ l‘,[) || 7Tref(' | Z‘,I)) (19)

can become arbitrarily large, rendering the optimization effectively intractable in practice.

Vanishing Gradients (Logistic Saturation). Let the per-pair DPO loss be ¢(M) = —logo(8M)
with margin
MW(I,I) :1Og ﬂ-(yw ‘ 'T?I) 710g Trref(yw ‘ 'T?I) (20)
ﬂ-(yl | -TvI) 7T'ref(yl | .%‘,I)
If the winner is severely off-policy under the fixed reference, i.e., Tref(yw | 2, 1) 2 0 while mer(y; |
x, I) is not, then

Tref x,I) . ..
—log et (Y | 2, 1) is a large positive term. (21)
Tee (1 | 2, 1)
However, if the new stage is initialized from the previous policy so that m ~ ¢, the two log-ratios
approximately cancel and

M, (x,I)~ 0 at stage start, even when me(y. | z, I) is tiny. (22)

As training pushes the current log-ratio above the (tiny) reference log-ratio, M (x, I') can grow large
and positive, causing true saturation:
o
For completeness, if instead 7ef(y; | 2, I) =~ 0 while mef(yy | @, I) is not, then M (x,I) — —oo
and
ol

oM
i.e., the gradient does not vanish. In late curriculum stages, the problematic regime is the former
(winner off-policy under a fixed reference), where M becomes very large and positive as 7 departs
from mr. Our dynamic reference update mitigates this by keeping M in a moderate range at all
stages.

— —f asM — —o0, 24)

D.2 CUMULATIVE REWARD WITH A DYNAMIC REFERENCE

We now show that resetting the reference at each stage, 7Tr(§f+1) < my, yields cumulative-reward

learning. Within stage ¢, we view the effective reward r(z, I, y) as absorbing the weights from our
CCO/CSO components. The DPO optimality condition implies the exponential family form:

miy o, 0) o 7y |@.1) exp(rule, Ly)). 25)
Let my = 7Rase. Then:
Stage 1 (Easy).

T X o exp(%m). (26)
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Stage 2 (Medium).
Mg OX T exp(% 7’2) x o exp(%(rl +r2)). 27)

Stage 3 (Hard).
Ty X To exp(% 7’3) x o exp(%(rl + 179 + 1"3)). (28)

General N stages. By induction,

N
TN X T exp(%Zrt) 29)
t=1

Thus, a single difficult optimization is decomposed into a sequence of tractable, on-policy stages
whose rewards accumulate multiplicatively in the policy space. This also “resets” the KL at each
stage boundary:

Eqr Dice(me(- | 2, 1) |7 (- | 2,1)) = Ear D (milm) =0, (30)

ref

preventing cross-stage KL accumulation and helping avoid the saturation regime in Eq. equation 23.
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E QUALITATIVE EXAMPLES

To provide a more intuitive understanding of our SCPO framework’s effectiveness, we present sev-
eral qualitative examples drawn from our evaluation benchmarks. These examples illustrate how the
model’s responses evolve through the curriculum stages and how the final model (7y,q) successfully
mitigates hallucinations present in earlier stages or baseline models. In the following figures, text
highlighted in red indicates a hallucination or factual error, while text in green indicates a correct,
factually grounded statement.

Explain the narrative or story that the image seems to convey, detailing each part that contributes to it.

The image captures a moment in a youth baseball game, viewed through a chain-link fence. The fence
creates a sense of separation between the viewer and the action on the field, adding a layer of depth to
T the image.On the field, there are several players, each engaged in the game. The pitcher is in the process
Easy  of throwing the ball, his body coiled in anticipation of the release. The batter is poised and ready, his eyes
focused on the incoming ball. The catcher is crouched behind the batter, his glove open and ready to catch
the ball if the batter misses. The umpire stands behind the catcher, his eyes trained on the pitcher and
the batter, ready to make a call.

The image depicts a baseball game in progress, viewed through a chain link fence. There are several
players on the field, with one player in the foreground who appears fo be in the process of throwing the
ball, and other players scattered across the field. The sky is partly cloudy, and the lighting suggests it is
daytime. There is no visible text in the image. The image does not convey a narrative or story in the
traditional sense, but rather captures a moment in a baseball game, with the fence serving as a boundary
between the viewer and the action on the field.

TMed

The image shows a chain link fence in the foreground with a baseball game in progress in the background.
The fence obscures the view of the players and the field. There are no texts visible in the image. The

THard image does not convey a narrative or story in the traditional sense, but it does depict a common scene at a
baseball field where a game is being played. The image is a photograph with a focus on the chain link fence
in the foreground and the out-of-focus baseball field in the background

Figure 6: Example of mitigating descriptive hallucination. The initial model (7g,sy) hallucinates
fine-grained details about the players’ actions and focus. As the curriculum progresses, the model
learns to be more faithful to the visual evidence, with the final model (7y,q) correctly identifying
that the fence obscures a clear view and avoids making unsubstantiated claims.

"How many bicycles are there in the image?"

" There are three bicycles in the image. "
" There are four bicycles in the image. "

" There are four bicycles in the image. "

Is the toilet paper used?"
Teasy " Yes, the toilet paper appears to be used. "
Tmed " No, the toilet paper appears to be unused. "

Thara " No, the toilet paper appears to be unused. "

Figure 7: Examples of correcting factual errors. (Top) The model initially hallucinates the number
of bicycles. Through curriculum learning, it corrects this counting error. (Bottom) The model
initially makes an incorrect inference about the state of the toilet paper. The final model provides
the correct, visually grounded answer.
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F METRIC COMPUTATION DETAILS

F1-Gen. Score for AMBER-Generative. Evaluating hallucination mitigation often involves a
trade-off: a model might reduce hallucinations simply by generating shorter, less descriptive re-
sponses, which would unfairly penalize its Cover score. The original AMBER benchmark provides
separate metrics for hallucination (CHAIR) and coverage (Cover), but lacks a single score to evalu-
ate this balance. To address this, we introduce the F1-Gen. score, which provides a holistic measure
of generative quality by harmonizing these two competing factors.

We frame the task of object generation in terms of precision and recall.

* Precision reflects factuality. It is the fraction of generated objects that are correct, which
we compute as 1 — CHAIR. High precision indicates low hallucination.

* Recall reflects comprehensiveness. It is the fraction of ground-truth objects mentioned in
the response, which is directly measured by the Cover metric.

The FI-Gen. score is the harmonic mean of this precision and recall:

(1 — CHAIR) x Cover
(1 — CHAIR) + Cover’
This composite metric allows for a fairer comparison between models, as it rewards methods that

successfully reduce hallucinations (high precision) without sacrificing the descriptive richness of the
output (high recall).

FI1-Gen. = 2 x

€2y

G DETAILED BENCHMARK RESULTS

This section provides a more detailed breakdown of our model’s performance on the AMBER and
Object HalBench benchmarks, complementing the main results. These tables offer deeper insight
into the consistent and thorough improvements brought by the SCPO framework.

G.1 DETAILED PERFORMANCE ON AMBER

Table 9 presents a detailed performance breakdown on the various semantic categories of the AM-
BER benchmark. The results show that our SCPO curriculum leads to a broad enhancement of
fine-grained capabilities. Across nearly all model scales and sub-tasks (such as Action, Attribute,
and Existence), the models trained with our curriculum significantly outperform the original LLaVA
baselines. The consistent improvement, particularly in the final stage, confirms our framework’s
ability to foster a more robust and nuanced semantic understanding.

Table 9: Performance of different variants on the AMBER benchmark across model scales. Results
are reported for each difficulty stage (Easy, Middle, Hard) and baseline models. Best and second-
best results per metric and model group are bolded and underlined, respectively.

Model Discriminative Action Attribution Existence Number Relation State Comprehensive_Score
LLaVA-v1.5-7B 85.2 83.1 71.7 94.3 834 69.1 74.0 74.94
+Easy 85.6 85.4 78.8 97.6 84.2 59.9 75.2 75.98
+Middle 87.3 84.5 78.4 97.2 82.2 723 76.0 77.78
+Hard 87.3 84.2 71.5 96.9 77.0 76.4 76.6 78.14
LLaVA-vl1.6-vicuna-7B 87.0 88.2 815 95.1 83.0 69.6 79.7 80.10
+Easy 87.3 86.9 80.9 97.8 83.2 64.5 79.0 80.25
+Middle 88.9 86.9 82.6 97.1 84.9 73.0 80.9 81.37
+Hard 89.2 86.6 82.6 97.0 84.8 75.3 80.9 81.52
LLaVA-v1.5-13B 86.6 86.5 82.0 91.3 84.9 794 79.9 75.72
+Easy 89.2 89.3 84.7 95.7 89.5 73.8 81.8 78.03
+Middle 90.4 88.1 85.2 96.6 90.2 719 825 79.56
+Hard 90.4 88.2 85.4 97.0 90.9 76.4 82.6 79.41

G.2 DETAILED PERFORMANCE ON OBJECT HALBENCH
Table 10 provides a direct validation of primary goal of our framework to reduce hallucinations. The

results show a clear and steady trend in all models tested. As training progresses through the easy-
to-hard curriculum, we observe a consistent and significant decrease in hallucination rates (both
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Response Hall. and Object Hall.), coupled with a corresponding increase in correctness scores. This
provides clear evidence for the effectiveness of our progressive learning strategy in systematically
improving the model factuality.

Table 10: Detailed hallucination and correctness metrics on Object HalBench. Best and second-best
results per metric and model group are in bold and underlined.

Model Response Hall. (|) Response Correct () Object Hall. (]) Object Correct (1)
LLaVA-v1.5-7B 55.97 73.58 26.49 73.51
+Easy 29.12 70.88 14.98 85.02
+Middle 26.48 73.52 13.33 86.67
+Hard 21.40 78.60 11.65 88.35
LLaVA-v1.6-vicuna-7B 12.95 87.05 6.79 93.21
+Easy 9.03 90.97 5.31 94.69
+Middle 9.25 90.75 5.28 94.72
+Hard 7.61 92.39 4.42 95.58
LLaVA-v1.5-13B 50.86 49.14 23.86 76.14
+Easy 29.41 70.59 14.44 85.56
+Middle 28.97 71.03 13.58 86.42
+Hard 24.56 75.44 11.51 88.49

H LLM USAGE

In this work, we used Large Language Models (LLMs) solely for language refinement to improve
the clarity and fluency of the text. The LLM played no role in the ideation, analysis, or generation
of scientific content.
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