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Abstract. While high-quality preference data is vital for fine-grained
vision-language alignment, its creation remains bottlenecked by the high
cost and subjective noise of human annotation. We propose a self-supervised
framework that derives solid, highly discriminative supervisory signals
through deterministic reconstruction feedback. By transforming abstract
semantic matching into concrete visual reconstruction, our approach pro-
vides reliable consistency signals that overcome the input limits of tra-
ditional models. A reward model trained on our generated data achieves
competitive accuracy across multiple zero-shot preference benchmarks
using only 20% of the typical training data volume. Furthermore, fine-
tuning VLMs via Direct Preference Optimization (DPO) based on this
data significantly improves performance in handling complex, high-density
descriptions. Our results demonstrate the potential of reconstruction-
driven self-correction for low-cost, high-precision alignment of multi-
modal models. Our code of the scoring model is released at https:
//github.com/XC0053/iterative-perceptual-alignment.

Keywords: Vision-Language Alignment - Iterative Self-Correction - Self-
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1 Introduction

In recent years, the rapid advancement of vision-language models (VLMs) [3,
30, 62] and text-to-image (T2I) models [12, 40, 48] has increasingly relied on
large-scale, high-quality instruction and preference data [9,31,62]. As scaling
laws [1,23] drive demand beyond what human annotation can feasibly provide,
automated and self-supervised data generation pipelines have become essen-
tial [7,52]. However, this evolution is fundamentally bottlenecked by the lack
of solid, highly discriminative supervisory signals during the data generation
process. Existing automated metrics, such as the CLIP Score [19,38], primarily
focus on coarse-grained global matching and fail to adequately capture high-
density detailed attributes [21,22,57]. Conversely, relying on proprietary large
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multimodal models (e.g., GPT-4V [35]) or human evaluators introduces signif-
icant non-scalability and subjective noise [17,28,60]. This ambiguity makes it
difficult to convert feedback into stable, deterministic supervisory signals for
fine-grained model optimization.

To address this critical lack of solid signals, we propose that the optimal
paradigm for evaluating text-to-image alignment—and thereby deriving reliable
supervisory signals—is not abstract scoring, but concrete reconstruction. This
hypothesis is grounded in a fundamental logical premise: if a generated text accu-
rately parses and aligns with every subtle attribute of a source image, then map-
ping these semantics back to the visual space via a high-determinism synthesis
engine (e.g., utilizing a distilled Diffusion Transformer with few-step determinis-
tic sampling) [33,37,41,48] should yield a reconstruction that is highly consistent
with the original image. By transforming the elusive task of abstract semantic
scoring into an observable, comparable alignment in the image domain, we es-
tablish an objective ground truth. Probabilistic generation inherently carries
stochastic disturbances [20,44], which this mechanism suppresses to a negligible
level, converting ambiguous feedback into deterministic causal attributions.

Building on the intuition of "reconstruction as evaluation," we develop a
comprehensive generative reconstruction feedback framework. Through an iter-
ative, closed-loop process of generation, feedback, and correction |2, 6, 34, 43],
this framework leverages reconstruction fidelity to filter out random noise and
capture subtle alignment differences. The specific contributions of this paper are
summarized as follows:

— Preference Dataset Construction: We construct a high-quality preference
dataset by employing a generative reconstruction feedback loop. By utiliz-
ing direct image-to-image comparisons within the visual space as an intuitive
metric, we generate preference data pairs with strong causal correlations and
high discriminability.

— Scoring Model Training: We train a dedicated scoring model (Reward Model)
capable of acutely capturing fine-grained differences in reconstruction fi-
delity. This model provides stable, objective supervisory signals, effectively
mitigating the subjective noise and scalability issues inherent in traditional
evaluation methods.

— VLM DPO Validation: We validate the effectiveness of our framework by
applying Direct Preference Optimization (DPO) [39] to VLMs using the gen-
erated preference data. Experimental results demonstrate that this approach
improves alignment accuracy, enabling models to better handle complex de-
scriptions with dense details.

2 Related Work

2.1 Preference Alignment of Vision-Language Models

In recent years, Reinforcement Learning from Human Feedback (RLHF) has
been widely applied to multi-modal alignment [46, 55], but its reliance on the
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PPO algorithm [42] and explicit reward modeling makes training unstable and
costly. Direct Preference Optimization (DPO) [39] was proposed as a lightweight
alternative, impThe sole exception isroving efficiency and stability by parame-
terizing the implicit reward as the log-probability difference of the policy model.
While DPO performs well in multi-modal tasks [13,26,27,49,59], its alignment
quality is fundamentally limited by the quality of the input preference pairs (In-
put, Chosen, Rejected). We therefore adopt DPO as our final alignment method
but shift the research focus forward, to the bottleneck of acquiring high-quality,
fine-grained preference data.

2.2 Construction of Multi-modal Preference Datasets

Constructing high-quality preference data is the core of achieving fine-grained
alignment for VLMs. Traditional preference dataset construction usually relies
on heuristic rules (such as truncating positive samples or cross-image feature
replacement) or utilizes existing VLMs for multiple re-samplings [26, 27, 56,
59]. However, these methods face significant limitations: negative samples con-
structed by heuristic rules often have an excessively large semantic gap compared
to positive samples. They lack sufficient gradient discriminability, making it diffi-
cult to guide the model in learning fine-grained features. Meanwhile, descriptions
sampled based on VLMs are easily restricted by the training data distribution,
falling into the semantic homogenization of general patterns. Furthermore, when
relying on VLM-as-a-judge to provide supervisory signals, the resulting signal of-
ten lacks robustness often lacks robustness due to the model’s own hallucinations
or inference randomuness [17,50,60]. To break through these limitations, this pa-
per abandons the traditional discrete negative sample construction method and
proposes building a highly discriminative preference trajectory by generating
continuous quality gradients.

2.3 Feedback-based Iterative Refinement Mechanisms

To obtain more accurate image-text alignment signals, recent research has be-
gun to explore using external feedback or “understanding by generating” mech-
anisms to optimize model outputs [34,43]. For example, some works use text-
to-image (T2I) models to reversely reconstruct text into images, thereby ver-
ifying the accuracy of the descriptions [10, 21, 29, 45]. However, most exist-
ing works still remain at the stage of single evaluations or unstructured ran-
dom resampling, failing to form an optimization trajectory with a clear evo-
lutionary direction [4,7,16,27,56]. This paper models the alignment task as a
reconstruction-driven optimization problem and designs a closed-loop iterative
framework of “reconstruct-compare-refine.” By introducing a strong visual under-
standing model as a “Visual Critic” and combining it with a low-randomness im-
age generator (Z-Image-Turbo [48]) and perceptual similarity evaluation (Dream-
Sim [15]), this mechanism can perform targeted refinements on fine-grained
features such as textures and spatial relationships. This closed loop not only
provides a high-quality trajectory of steadily improving alignment (decreasing
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perceptual distance) for DPO but also assists in training an efficient image-text
consistency regression model, thereby eliminating the reliance on expensive gen-
eration steps during the inference stage.

3 Methodology

3.1 Problem Formulation

The fine-grained alignment of Vision-Language Models (VLMs) largely depends
on the quality of the paired preference dataset (Ircs, Cehosens Crejectea). Tradi-
tional sampling-based construction suffers from three coupled problems noted in
Sec. 2.2: semantic homogenization under constrained training distributions, noisy
supervision from VLM-as-a-judge evaluators, and insufficient discriminability
from heuristic negatives with overly large semantic gaps.

To address these limitations, we model the alignment task as a reconstruction-
driven optimization problem. We hypothesize that if a caption C' can perfectly
represent Ir.¢, then the image I = ¢(C) reconstructed by a low-randomness
text-to-image generator g(-) should be consistent with I,.; in the perceptual
space. Let D(-,-) be the perceptual distance metric in the visual space. This
optimization problem can be formalized as:

C* = argmcinD(Iref7g(C)) (1)

where g : C — 7 is the mapping function from the caption space to the image
space. Through a closed-loop iterative framework, we can generate a series of
captions with continuous quality gradients, thereby approximating the optimal
solution C*.

3.2 Iterative Construction Pipeline

Initialization Stage (Fig. 1): We use a reference image set {I,..s }. For each ref-
erence image I, ¢, we first utilize four Vision-Language Models (VLMs): Qwen3-
VL-8B [3], InternVL3.5-8B [51], Gemma-3n-E4B-it [47], and LLaVA-1.5-7B [30]
to obtain multiple candidate text captions {C1,...,C,} of varying quality. Next,
we reconstruct each candidate C; into an image I; = g(C;) with the Z-Image-
Turbo [48] model and score it by DreamSim, s; = h(Ief, I;). The candidate with
the best (lowest) score is selected as the initialization caption Cp, serving as
the starting point for iterative refinement. Because Z-Image-Turbo effectively
deterministic generation randomness, the visual evaluation accurately reflects
caption quality rather than sampling noise. We confirm this empirically: across
repeated reconstructions, generator stochasticity is negligible relative to inter-
caption score differences, and the resulting preference ordering is preserved when
Z-Image-Turbo is replaced by other few-step T2I generators [25,41]. Full quan-
titative results for both analyses are reported in Appendix A. Finally, we use
the DreamSim model to evaluate the perception-level similarity between the
generated and reference images: so = h(ILyes, Ip).
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A dramatic alpine winter landscape with a sharp pyramidal snow-
covered mountain centered in the frame, surrounded by rugged icy
peaks and deep valleys. Bright clear blue sky, crisp daylight, and
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Fig. 1: Initialization stage of the iterative construction pipeline. For each
reference image I, multiple VLMs of varying scales generate a pool of candidate
captions {Ci,...,C,}. Each candidate is reconstructed into an image via Z-Image-
Turbo [48], and DreamSim [15] perceptual similarity scores s; = h(I ef, I;) are computed
to select the best-matching caption Cy as the starting point for iterative refinement.

Closed-loop Semantic Refinement Stage (Fig. 2): After obtaining the
initial text caption Cy and its perceptual score sg, the system enters multiple
rounds of “reconstruct-compare-refine” closed-loop iterations. The core objective
is to progressively eliminate semantic deviations and construct a preference tra-
jectory with high discriminability. Specifically, when the perceptual score s;_1
generated in the previous round has not yet reached the preset convergence
threshold 7, a visual critic (e.g., GPT-5.1 [36]) takes I,.; and the current can-
didate image I;_1 as comparative inputs. Through detailed cross-image com-
parison, the critic identifies deviations in the previous round’s caption Cj_;
and performs targeted semantic refinement to generate the next round’s evolved
caption C. This mechanism ensures a directional optimization driven by visual
feedback. An ablation study isolating the contributions of the visual critic and
fresh reconstruction signals is provided in Appendix B.

After obtaining the refined caption Cy, the system feeds it back into the
Z-Image-Turbo model for image reconstruction:

Iy = g(Cy) (2)

Then, the DreamSim [15] model updates the perceptual score s = h(Iref, Ii).
If s; < si—1 (note that a lower score represents higher similarity), it indicates
an effective alignment improvement. The iterative process continues until s < 7
(reaching a satisfactory alignment level) or until the the maximum number of
iteration rounds K is reached. Such a closed-loop design ensures that every step
of caption improvement is built upon observable visual quality gains, thereby
providing a high-quality trajectory with progressive semantics and steadily im-
proving alignment for subsequent preference data extraction.
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Fig. 2: Closed-loop semantic refinement stage. Given the current caption Cj_1
and its reconstructed image Ix—1, a visual critic identifies semantic deviations by com-
paring I;_1 against I .. and produces a refined caption Ck. The updated reconstruction
I, = g(Ck) is evaluated by DreamSim [15] to update the perceptual score s. The loop
continues until s < 7 or the maximum iteration K is reached, yielding a trajectory 7
with steadily improving alignment scores.

Preference Pair Construction: After the iterative process ends, the sys-
tem automatically extracts high-quality preference data by recording the com-
plete iterative trajectory T = {(Co, s0), (C1,51),--.,(Ck, sk)}. This stage con-
structs preference datasets for different training objectives through two main
strategies.

For the Pairwise Preference Dataset used in reward model pre-training, we
first divide all samples into training, validation, and test sets based on the ref-
erence image I.y. For multiple caption trajectories corresponding to the same
I e, we form preference pairs from their scored iteration points (Cj, s;) and filter
them based on the perceptual score difference:

Dpair = {(C4,Cj) | 5: < 55— 6,(Ci,5:), (Cj, 55) € T} (3)

where § > 0 is the minimum score interval threshold, used to filter out ambigu-
ous pairs with too small score differences, thereby ensuring the clarity of the
preference signal.

For the high-quality preference pairs required by DPO [39], to meet its high
requirements for the quality of chosen-rejected pairs, we select the optimal cap-
tion (lowest score) and the suboptimal caption (second-lowest score) from the
complete trajectory T of each reference image I,.; to form a preference sample
pair:

(Cetosen, Creieeted) — (e Cpe), K —argminsy, m” = arg min s (4)
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Furthermore, to control data quality, we introduce a score interval threshold
Tdpo, and only when it satisfies:

Sm* — Sk~ Z Tdpo (5)

is the pair included in the final DPO training set. By adjusting 74p., an effec-
tive trade-off can be made between data volume and preference signal strength.
This adjacent-pair strategy ensures that the chosen-rejected pair encodes a fine-
grained, non-trivial semantic difference, as overly distant pairs yield trivial dis-
tinctions that do not drive fine-grained alignment. The resulting DPO dataset
is used to fine-tune vision-language models in Sec. 5.1.

3.3 Image-Text Consistency Scoring Model

We model image-text consistency as a scalar regression task: the scoring model
fo(Liet, C) maps a reference image and a candidate caption to a scalar reward
without requiring image generation at inference time.

Backbone. We use a frozen InternVL3.5-1B [51] encoder to extract token-
level representations independently for image and text. The image I,of is encoded
jointly with a fixed descriptive prompt, yielding image tokens H! € RT7*P; the
caption C is encoded standalone, yielding text tokens H® € RT¢*P  where
D = 1024. No gradients flow into the backbone at any stage.

Cross-Attention Reward Head. The trainable head builds image-conditioned
text representations through L = 4 stacked cross-attention blocks. In each block,
caption tokens serve as queries while image tokens serve as keys and values,
following the standard Transformer block design: LayerNorm, multi-head atten-
tion with 8 heads, residual connections, and a feed-forward network (FFN) with
GELU activation [18], an expansion ratio of 4.0, and a dropout rate of 0.1. A
learnable CLS token then aggregates the image-conditioned sequence via one ad-
ditional cross-attention block, and the resulting vector v¢yoss € RP is mapped to
a scalar Seross by a 5-layer multi-layer perceptron (MLP) with hidden dimension
2048, where each layer comprises a linear projection, a GELU activation, and
dropout.

Score Decomposition. A naive cross-modal scorer may bypass image sig-
nals by learning text-quality shortcuts (fluency, length). To mitigate this ten-
dency, we introduce a parallel text-only branch with independent parameters:
a separate CLS token attends to raw (non-image-conditioned) text tokens and
produces a text quality score siext Via an independent MLP. The final reward is
defined as

r= f9 (Iref7 C) = Scross (Iref; C) - Stext(c)7 (6>

where subtracting scx¢ encourages the model to ground preference signals in
image-text correspondence rather than in text quality alone. We note that this
design reduces, but does not eliminate, the model’s sensitivity to caption length;
we quantify this residual length prior and its effect on downstream evaluation in
Sec. 4.3.
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Training Objective. The model is trained with a composite loss:
E = ﬁmain + )\t ‘Ctext + )\C Econtrast + )\x ‘Ccross- (7>

Limain 18 a Bradley—Terry ranking loss [5] on the decomposed score, with sext de-
tached so that gradients flow exclusively through the cross-modal path: £, =
E[softplus(—(r* —r7))]. Liexs trains the text-only branch independently on the
same training pairs. Leontrast randomly permutes image tokens within each mini-
batch and penalises incorrect-image pairings, providing dense in-batch nega-
tive signal. L5 Operates on cross-image pairs to directly reinforce image-text
grounding independently of caption quality. Loss weights and full architecture
details are given in Appendix C.

3.4 Direct Preference Optimization

We align the generative model on our constructed preference data with Direct
Preference Optimization (DPO), which avoids the explicit reward modeling of
RLHF. Under the Bradley—Terry assumption, given a reference image I,y and
a chosen/rejected pair (C,,, C;), DPO parameterizes the implicit reward as the
policy’s log-probability ratio and minimizes:

e Cw 1o 7o (C Ire
ool men) = <& o (1og 22 72 - e LG )| 0

where m.r is the SFT reference policy and 8 controls the KL regularization
strength. The loss raises the relative likelihood of C,, over Cj, achieving prefer-
ence alignment.

4 Training and Evaluation of the Scoring Model

4.1 Scoring Model Training Details

Training data. We use the NIGHTS dataset [15] as the reference image source,
comprising 20,019 images generated by Stable Diffusion v1.4 and v1.5 [40]; 80%
of the images are allocated to the training split, with the remainder reserved for
validation and test under a strict image-level split to prevent leakage. For each
reference image, the iterative pipeline runs for a maximum of K = 4 rounds,
with early stopping triggered when s < 7 = 0.25. Each reference image thus
accumulates a scored caption pool of 5 to 8 entries in total: the n = 4 initial
candidates from independent VLMs [3, 30,47, 51] (each evaluated by Dream-
Sim [15]) and up to K = 4 additional captions produced by the critic-guided
refinement loop. During preference pair construction, all entries in the same pool
are exhaustively paired; pairs with a score gap As < § = 0.03 are discarded as
ambiguous. The scoring model is then trained on two complementary pair types
derived from these pools.
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Table 1: Performance on in-domain preference tasks with varying difficulty levels
(Accuracy %).

Model Best-Worst Best-Second Best-Second-Thr
T2I-Consistency-Score (Ours) 94.44 60.91 76.8
Cyclereward-Combo [2] 90 55.35 62
Cyclereward-T2I 66.97 52.53 51
Cyclereward-12T 90 55.35 61.33
HPSv2 [53] 66.87 55.86 62.43
PickScore [24] 51.01 54.04 59.67
LongCLIP-L [58] 87.11 52.63 54.7

Same-image pairs enumerate all ordered pairs (C;, C;) from the same refer-
ence image satisfying s; < s; — 4, yielding 175,691 training triplets across
15,747 unique images and 31,093 validation triplets across 2,002 unique images.

Cross-image pairs take each image’s highest-quality caption C; and pair it
against 3 randomly sampled alternative images {I;};;:

correct: (I;, C), wrong: (I;, CT), j#1, 9)

yielding 47,241 additional training triplets. These triplets directly penalise image—
text mismatches regardless of caption quality, complementing the same-image
pairs which capture caption quality differences.

Architecture and training hyperparameters are detailed in Appendix C.

4.2 Performance on In-domain Preference Tasks

To verify the basic discriminative capability of our Scoring Model, we conduct a
systematic evaluation on an in-domain held-out validation set based on 1k refer-
ence images. We construct three preference datasets with a gradient distribution
of difficulty:

— Best-Worst: Selection of description pairs with the maximum reconstruc-
tion quality gap to assess fundamental identification of extreme semantic
differences.

— Best-Second: Selection of pairs ranked first and second in quality to chal-
lenge fine-grained discriminability under minimal semantic gaps.

— Best-Second-Thr: Built upon the latter, requiring a score difference > 0.03
to eliminate random noise interference during inference.

As shown in Table 1, our T2I-Consistency-Score model exhibits clear advan-
tages across the three difficulty levels compared to baselines like Cyclereward [2]
and HPSv2 [53]. In the Best-Worst task, our model achieves a high accuracy
of 94.44%. Notably, in the most challenging Best-Second task, while other base-
line models generally remain at a low discrimination level (52%-55%), our model
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Ultra-vibrant electric-blue heron in full side profile,
neck lowered, standing on a shallow sandbar. Long
glossy black legs and beak, sleek body, fine trailing
mantle feathers. Soft daylight on calm, greenish water
with gentle ripples, minimal background, tight wildlife
portrait composition.

® CHOSEN

A sleek wooden dining table with four matching chairs
sits indoors on polished concrete, overlooking a lush
green garden through a large glass window, bathed in
soft natural light with minimalist Scandinavian design
and clean lines.
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® REJECTED A modern wooden dining table with four sleek chairs,

Avibrant blue heron stands gracefully in shallow
water, its long legs partially submerged. The bird's
feathers are sleek and a rich cobalt blue, with subtle
lighter streaks. The background is a blurred greenish
hue, suggesting a calm, natural habitat. Soft, natural

set in a stylish outdoor patio area, surrounded by lush
greenery and a stone wall. Soft natural lighting
enhances the minimalist design, creating a serene and
inviting atmosphere for dining or relaxation.

- °
lighting highlights the bird's elegant form and the
delicate ripples in the water around it.
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® CHOSEN ® CHOSEN

A majestic snowy mountain peak with patches of
exposed rock, surrounded by dense evergreen trees.
The foreground features a gently sloping ski slope
with clear blue skies above. The scene is illuminated
by bright sunlight, casting sharp shadows and
highlighting the pristine snow. The composition
emphasizes the grandeur of the mountain and the
tranquility of the winter landscape.

A rustic wooden treehouse nestled in a towering
evergreen, featuring a wraparound porch with railings
and a spiral staircase. Surrounded by lush forest,
dappled sunlight filters through leaves, casting soft
shadows on the mulch-covered ground below.

©® REJECTED
A rustic wooden treehouse on sturdy stilts, with a

simple porch and straight staircase, nestled in a dense
©® REJECTED evergreen forest. Sunlight filters through branches,
Snow-capped mountain peak, rugged rock, dense casting dappled shadows on the ground below.
evergreen forest. Bright sunlight, clear blue sky, o 00
pristine snow, ski slope foreground.

® Image-Text Consistency ® CycleReward Combo ® CycleReward T2I ® CycleReward 12T @ HPSv2 PickScore @ LongCLIP-L

Fig. 3: Qualitative comparison of preference selections across multiple re-
ward models. Each example presents a reference image alongside fine-grained ("CHO-
SEN") and flawed ("REJECTED") descriptions, with colored dots indicating model
preferences. Our model (red dots) consistently and accurately identifies the high-quality
descriptions. In contrast, baseline models are frequently misled by oversimplified texts,
highlighting the superiority of our reconstruction-driven approach in capturing deep
semantic consistency.

maintains a win rate of 60.91%. Furthermore, with the introduction of the thresh-
old, the accuracy on Best-Second-Thr significantly increases to 76.80%. These
results demonstrate the effectiveness of reconstruction-driven optimization in
capturing fine-grained semantic alignment, providing high-quality supervisory
signals for subsequent DPO training.

4.3 Zero-shot Generalization on Classic Benchmarks

To evaluate the robustness of the T2I-Consistency-Score model on unseen dis-
tributions, we conducted zero-shot testing on four authoritative public prefer-
ence benchmark datasets. These include: RLHF-V [55], which focuses on human
feedback alignment and hallucination correction; POVID [61], which targets hal-
lucination and perceptual-distortion preferences on real photographs; VLFeed-
back [27], a large-scale dataset providing fine-grained quality evaluation signals;
and RLAIF-V [56], a visual alignment benchmark generated using AI feedback.
For all four benchmarks we restrict evaluation to detailed-description samples
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Table 2: Zero-shot generalization performance (Accuracy %) on public preference
benchmarks.

Model RLHF-V POVID VLFeedback RLAIF-V
T2I-Consistency-Score (Ours) 74.12 67.43 75.1 53.47
Cyclereward-Combo [2] 65.25 7741 59.38 54.09
Cyclereward-T2I 57.3  86.49 39.21 55.46
Cyclereward-12T 63.52 78.9 54.39 54.22
HPSv2 [53] 63.52  82.69 53.83 53.62
PickScore [24] 59.73  76.88 48.49 51.94
LongCLIP-L [58] 58.55  84.15 58.03 54.33

to focus on fine-grained alignment, though selection differs by dataset. From
POVID we keep samples whose instruction is "Describe this image in detail.";
for RLHF-V and RLAIF-V we use their native detailed-description splits. These
three provide native preference triplets. VLFeedback does not: we select detail-
related instructions and form chosen/rejected triplets by Faithfulness score, dis-
carding those with a score difference < 1. This yields 3,007 / 5,000 / 4,133 /
43,277 triplets for RLHF-V / POVID / VLFeedback / RLAIF-V. We compared
our model with SOTA models such as the Cyclereward family [2], HPSv2 [53],
PickScore [24], and LongCLIP-L [58].

As shown in Table 2, our model leads on RLHF-V (74.12) and VLFeedback
(75.1) but trails Cyclereward variants on POVID and RLAIF-V. This pattern
reflects a property of the preference signal rather than a general deficit. Length
does not explain it: all four benchmarks use comparably long captions (median
104-136 tokens), and on length-matched pairs our scorer retains clear ground-
ing on RLHF-V and VLFeedback while falling to near chance on POVID and
RLAIF-V — the former a distributional mismatch (real-photo hallucinations,
closer to Cyclereward’s training domain) and the latter a benchmark with lim-
ited resolving power, where all models cluster near chance. A full stratification
by chosen/rejected length ratio is provided in Appendix D.

Notably, our scorer was trained on 175,691 same-image preference triplets
(plus 47,241 auxiliary cross-image triplets), versus the ~866K used by the closest
competitor, Cyclereward-Combo — roughly 20% of its triplet volume. This data
efficiency suggests that the reconstruction-driven objective captures image-text
consistency more fundamentally.

5 Direct Preference Optimization

5.1 Implementation Details

To comprehensively verify the alignment effectiveness of our proposed reconstruction-
driven preference data, we selected three representative open-source vision-language
models as base models: Qwen3-VL-2B-Instruct [3], InternVL3.5-1B-HF, and InternVL3.5-
2B-HF [51].
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Dataset Construction: We utilized the positive and negative samples ex-
tracted based on the DreamSim [15] perceptual similarity scores for Direct Pref-
erence Optimization (DPO [39]), following the pair construction procedure de-
scribed in Sec. 3.2:

— Best-Second threshold > 0.05: Filtered for high-quality samples with
significant semantic differences, yielding a total data size of approximately
3K.

— Best-Second threshold > 0.03: Relaxed the semantic gap requirement
while expanding the data scale, resulting in a total data size of approximately
5K.

Simultaneously, we sampled 3.5K instances from the public RLHF-V [55] pref-
erence dataset as a baseline training set to compare the actual efficacy of auto-
matically constructed data against human-annotated data.

Training Hyperparameter Configuration:

For the three models mentioned above, we adopted a unified DPO [39] train-
ing configuration. The training objective used the standard Sigmoid preference
loss function, and the KL penalty coefficient (8) controlling the model deviation
was set to 0.1. The models underwent full-parameter fine-tuning for only 1 epoch
to prevent overfitting; the learning rate was strictly set to 5 x 1076, combined
with a cosine annealing strategy (Cosine Scheduler) and a 10% warmup ratio.
For hardware optimization, the per-device batch size was set to 4, the gradi-
ent accumulation steps were set to 8, and gradient checkpointing was globally
enabled to reduce memory consumption.

5.2 Quantitative Results on Benchmarks

To comprehensively evaluate the multimodal capability improvements brought
by DPO [39] training, we conducted quantitative evaluations on multiple au-
thoritative vision-language benchmarks. These include: POPE [28], focusing on
object hallucination; Hallusion Benchmark [17], testing resistance to visual il-
lusions and logical hallucinations; MME [14], a multi-dimensional set covering
perception and commonsense reasoning; RealWorldQA [54], focusing on spatial
and physical understanding in real-world scenarios; MM-Bench [32], providing
fine-grained capability dimension divisions; and MMStar (8], aimed at filtering
data contamination and evaluating core visual capabilities. Specific results are
shown in Table 3.

1. Overall Performance Improvement: Models aligned through DPO
achieve consistent improvements on the two 2B-scale backbones across most
metrics. For example, after fine-tuning Qwen3-VL-2B-Instruct with our Thr >
0.03 dataset, its Hallusion score increased from 46.27 to 57.83, alongside growth
on MM-Bench. This demonstrates that DPO effectively alleviates base-model
deficiencies in fine-grained alignment; the backbone-specific behaviour of the 1B
model is analysed in point 4 below.
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REFERENCE IMAGE CAPTION RECONSTRUCTION REFERENCE IMAGE CAPTION RECONSTRUCTION

* QWEN3-VL-2B-INSTRUCT
A modern, covered walkway with
striking red support pillars and a
gray concrete floor. The
structure extends into the
distance, with green trees and a

clear blue sky visible beyond.  INTERNVL-3.5-1B-DPO
QWEN3-VL-2B-INSTRUCT- A close-up of a gray ribbed V-
*bPo neck cardigan with three

* INTERNVL-3.5-1B

A gray, ribbed cardigan with
three buttons, featuring a V-neck
and a slightly open front

buttons, tightly knit and
vertically aligned. The texture is
dense and the buttons are
darkened, creating a
monochrome effect. The
garment is worn in a way that
suggests a casual, cozy setting.

A modern concrete walkway
under a large red and gray
overhanging structure,
supported by bold red pillars
The scene s bright and sunny,
with lush green trees and shrubs
in the background. The walkway
is paved and features a series of
concrete bases at the pillar feet.
The design is sleek and
functional, with a strong
emphasis on geometric forms
and clean lines.

* INTERNVL-3.5-2B

The image showcases a breakfast
setting with two plates of sunny-
side-up eggs on toast, garished
with parsley and a tomato slice.
Accompanying the eggs are
small bowls of sauce and greens,
with a fork, knife, and two eggs
on a napkin. The presentation is
elegant and appetizing.

* INTERNVL-3.5-2B
Avibrant blue and yellow Nike
sneaker with a yellow sole and
red accent, featuring the iconic
“X" logo, set against a gray
background

* INTERNVL-3.5-2B-DPO
Avibrant, stylized sneaker
illustration with bold blue,
yellow, and lime green colors,
featuring the "NYX" logo and

* INTERNVL-3.5-2B-DPO

dynamic lines. The sneaker is laid A top-down view of a breakfast
out on a textured gray surface, spread with two black plates of
with thick black outlines and sunny-side-up eggs on toast,
bright, contrasting highlights. garnished with parsley and

The design is flat and flat, with tomato, accompanied by small
sharp, angular shapes and bold, bowls of brown sauce and
contrasting colors greens. The scene is set on a

grey surface with a blue napkin
holding cutlery and eggs,
creating a visually appealing and
inviting meal setup.

Fig. 4: Qualitative comparison of generation results before and after DPO
[39] alignment. DPO-aligned models (right) produce captions with more precise fine-
grained attributes (textures, colors, spatial relationships), yielding reconstructed im-
ages that more closely match the reference Iy es.

2. Automated Data vs. Human-Annotated Data: Notably, our ex-
tremely small-scale automated datasets (3K and 5K) exhibited strong compet-
itiveness against human-annotated data. Their performance matched or even
surpassed models trained on 3.5K real human-annotated data (RLHF-V) across
multiple core metrics. For instance, on InternVL3.5-1B-HF, our 3K dataset
(Thr > 0.05) achieved better performance than RLHF-V on RealWorldQA (0.52
vs 0.51) and MMStar (0.34 vs 0.33), while remaining within 0.01 of RLHF-V on
MM-Bench (0.49 vs 0.50). This indicates that reconstruction-driven preference
scoring provides more precise fine-grained visual alignment gradients.

3. Trade-off Between Data Scale and Quality Threshold: Experiments
revealed a trade-off between the discrimination threshold and data volume. The
Thr > 0.05 (3K) dataset, featuring a higher discrimination threshold, performed
better in comprehensive evaluations requiring fine-grained distinction, such as
MM-Bench on Qwen3 (0.70 vs 0.67 for the 0.03 threshold). Conversely, the larger
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Table 3: Quantitative comparison of DPO [39] alignment performance across mul-
timodal benchmarks. “Ours (> 0.05)” and “Ours (> 0.03)” denote the DPO models
trained on our automatically constructed datasets with different discrimination thresh-
olds. Best results within each model group are highlighted in bold. POPE [28] and
Hallusion [17] are reported as accuracy (%); RealWorldQA [54], MM-Bench [32], and
MDMStar [8] as accuracy (0-1); MME-P [14] is the perception score (max 2000); MME-
C is the commonsense reasoning subscore (max 200). All benchmarks are evaluated
with VLMEvalKit [11].

Model POPE Hallusion MME-P MME-C RealWorldQA MM-Bench MMStar
Qwen3-VL-2B-Instruct
Base (No DPO) 88.85  46.27 1510.46 125.71 0.66 0.66 0.42
+ Ours (> 0.05) 89.26  56.99 1486.91 121.43 0.63 0.70 0.45
+ Ours (> 0.03) 89.32 57.83 1493.92 121.43 0.63 0.67 0.45
+ RLHF-V [55] (3.5k) 89.55 56.15 1478.92 127.86 0.64 0.69 0.46
InternVL3.5-1B-HF
Base (No DPO) 85.95 54.47 1369.87 112.86 0.45 0.32 0.25
+ Ours (> 0.05) 85.12 51.10 1357.73 117.14 0.52 0.49 0.34
+ Ours (> 0.03) 85.00 51.74 1359.83 117.14 0.52 0.49 0.33
+ RLHF-V (3.5k) 85.03 51.31 1351.56 115.00 0.51 0.50 0.33
InternVL3.5-2B-HF
Base (No DPO) 86.67  59.62  1498.41 129.29 0.39 0.35 0.33
+ Ours (> 0.05) 88.66 60.15 1532.34 135.71 0.35 0.42 0.36
+ Ours (> 0.03) 88.54 60.99 1518.25 136.43 0.36 0.42 0.36
+ RLHF-V (3.5k) 88.56  60.46 1518.54 138.57 0.35 0.43 0.38

Thr > 0.03 (5K) dataset held an advantage in tasks assessing overall generaliza-
tion and anti-hallucination, such as Hallusion Benchmark on Qwen3 (57.83 vs
56.99).

4. Analysis of InternVL3.5-1B Behaviour. InternVL3.5-1B exhibits a
distinctly split response to DPO training. On hallucination-specific benchmarks,
all three datasets incur mild regressions relative to the base model: POPE drops
by 0.83-0.95 and Hallusion by 2.73-3.37, a pattern shared by RLHF-V [55]
(—0.92 on POPE, —3.16 on Hallusion), indicating that the degradation is not
unique to our data construction. By contrast, multi-modal comprehension bench-
marks improve substantially: MM-Bench rises from 0.32 to 0.49 (4+0.17), MM-
Star from 0.25 to 0.34 (+0.09), and RealWorldQA from 0.45 to 0.52 (+0.07). We
attribute this split to a capacity constraint: at 1B parameters, DPO training re-
allocates representational capacity toward richer fine-grained visual descriptions,
improving tasks that demand detailed attribute reasoning while disrupting the
coarser yes/no calibration required by POPE and the subtle visual-linguistic co-
herence tested by Hallusion. The near-identical degradation profile of RLHF-V
on these two benchmarks (—0.92 and —3.16) further supports the view that the
regression is a model-size artefact rather than a data-quality issue.

5. Consistent Improvements on InternVL3.5-2B. In contrast to the
mixed pattern observed on the 1B model, DPO training on InternVL3.5-2B
yields consistent gains across six of seven benchmarks under all three training
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datasets. Our Thr > 0.05 dataset achieves the largest gains on POPE (+1.99)
and MME (+33.93), while Thr > 0.03 leads on Hallusion (+1.37), collectively
demonstrating that the 2B model has sufficient capacity to absorb preference
alignment without sacrificing existing capabilities. The sole exception is Real-
WorldQA, which decreases marginally (—0.03 to —0.04) across all three methods
including RLHF-V [55]. Consistent with the distributional analysis in Sec. 4.3,
this marginal decrease reflects a dataset-level domain mismatch rather than
a DPO-specific artefact: our synthetic, densely-described NIGHTS [15] train-
ing data transfers less well to real-photo spatial reasoning, as also shared by
RLHF-V (-0.03 to -0.04). Against RLHF-V [55], our data remains competitive:
Thr > 0.05 leads on POPE (88.66 vs. 88.56) and MME (1532.34 vs. 1518.54),
while Thr > 0.03 outperforms RLHF-V on Hallusion (60.99 vs. 60.46), confirm-
ing that automatically constructed reconstruction-driven preference data can
match human-annotated quality at a fraction of the annotation cost.

6 Discussion

In summary, the reconstruction-driven alignment method proposed in this pa-
per significantly reduces the high cost of manual annotation while successfully
guiding vision-language models to mine latent visual details—such as subtle per-
spective differences, environmental tones, and lighting changes—that are easily
overlooked in traditional human or conventional preference data. However, this
closed-loop feedback paradigm still faces several inherent challenges. On one
hand, the inherent inference randomness of current Text-to-Image (T2I) base
models introduces a certain degree of uncontrollable noise into the reconstruction
process, thereby affecting the stability of fine-grained alignment gradients. On
the other hand, the generalization ability of visual consistency evaluation models
acting as “judges” (such as DreamSim [15] or our scoring model) needs further im-
provement when dealing with more extreme or out-of-distribution (OOD) com-
plex cross-domain scenarios. Future research could explore the introduction of
image generators with stronger determinism (e.g., control-conditioned diffusion
models) and focus on building more robust, universal multimodal evaluation
metrics to promote the application of reconstruction alignment techniques in
broader scenarios.
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