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Abstract

Producing captions that are not only grammatically fluent but also semantically faithful to visual
content has long stood as a central problem at the junction of computer vision and natural language
processing. Conventional encoder-decoder frameworks with attention modules, although power-
ful, typically confine the decoding process to a retrospective scope: every prediction is conditioned
solely on historical tokens, thereby ignoring what future semantics may dictate. This retrospective
bias hinders models from fully capturing scene-level coherence. To address this limitation, we in-
troduce FISRA (Future-Infused Semantic Revision Architecture), a dual-pass attention paradigm
that supplements training with anticipatory semantic signals. Specifically, FISRA first constructs a
global caption hypothesis serving as a semantic scaffold and then refines the decoding trajectory
through revision-oriented attention that aligns each step with both preceding context and projected
continuations. This design enhances coherence by weaving forward-looking cues into the generative
process. The framework is model-agnostic and integrates seamlessly with existing attention-based
captioners. Empirical evaluations on MS-COCO reveal that FISRA consistently advances the state of
the art, delivering 133.4 CIDEr-D on the Karpathy split and 131.6 CIDEr-D on the official evaluation
server. These findings confirm that our approach significantly strengthens semantic alignment and
alleviates the exposure bias endemic to unidirectional captioning systems.

Keywords: image captioning; anticipatory semantics; bidirectional attention; reinforcement optimiza-
tion; dual-pass refinement; vision-language generation

1. Introduction

The automatic generation of natural language captions for images remains a prominent challenge
in artificial intelligence, demanding not only an accurate grasp of the visual scene but also the ability
to articulate it in coherent textual form. This problem sits at the convergence of computer vision and
natural language processing and underpins a range of applications including multimodal retrieval
[14,33,34], assistive interfaces, and interactive human-machine communication [8,30,38]. Ultimately,
the task aspires to design models capable of narrating complex environments with human-level
expressiveness.

Existing methodologies are dominated by encoder-decoder pipelines [32]. Typically, convolutional
neural networks (CNNs) encode spatially rich features from an image, and recurrent units such as
LSTMs or GRUs decode them into sentence-level descriptions. The adoption of attention mechanisms,
inspired by neural machine translation [3], has allowed these models to highlight salient spatial regions
during generation [39]. Yet, the dominant training paradigm, maximum likelihood estimation with
"Teacher Forcing" [37], creates a disconnect between training and inference—commonly referred to as
exposure bias [28]. During training, ground-truth words condition the decoder, while at inference, the
system must rely solely on its prior predictions, compounding any errors that emerge.

To mitigate this discrepancy, reinforcement learning (RL) approaches such as REINFORCE [36]
have been explored to directly optimize evaluation metrics like CIDEr and SPICE. However, these
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RL-based strategies still conform to a strictly left-to-right generative order, leaving them blind to the
semantic content yet to come. In effect, they fail to exploit global awareness of the caption’s intended
trajectory.

This unidirectional constraint is a fundamental weakness. Predictions at each time step are
tethered exclusively to the past, precluding access to semantic signals embedded in subsequent tokens.
Consider a caption fragment “A boy is”—conventional decoders may infer “standing” as a plausible
continuation. Yet the true caption “A boy is playing baseball” demands recognition of the downstream
concept “playing.” Absent this forward-looking capacity, models risk settling for shallow heuristics
rather than authentic scene interpretation.

To overcome these shortcomings, we propose FISRA, a semantic revision framework that enforces
bidirectional reasoning through a two-phase decoding process. Initially, a draft caption is generated as
a global hypothesis, serving as a proxy for future semantics. Subsequently, an auxiliary refinement
module revisits the sequence with masked word prediction guided by semantic attention that draws
simultaneously from preceding and succeeding tokens. This mechanism encourages the model to
align its predictions with broader scene semantics rather than merely local cues.

During inference, FISRA operates in two stages: first, it generates a preliminary caption via greedy
decoding, which acts as a semantic blueprint. Second, this caption informs a refined beam-search
decoding pass, wherein the auxiliary module supplies contextual cues that adjust local predictions to
fit the global narrative. This dual-pass pipeline strikes a balance between computational feasibility
and semantic fidelity.

We further validate FISRA by embedding it into widely adopted captioning baselines such as
Att2all [29], Up-Down [2], and AoANet [13]. Across the MS-COCO benchmark, our augmented models
consistently surpass their baselines under standard metrics. For instance, coupling FISRA with the
Up-Down model lifts CIDEr-D from 123.4 to 128.8 on the Karpathy split, evidencing the robustness of
anticipatory semantic guidance.

To summarize, our contributions are as follows:

*  We present FISRA, a dual-pass captioning framework that injects global semantic anticipation
into the decoding process, enabling predictions that are both contextually grounded and forward-
aware.

¢ Our designis modular and easily applicable to attention-based models trained with reinforcement
learning, consistently improving captioning quality.

¢  Extensive experimentation on MS-COCO confirms that FISRA delivers substantial performance
gains, establishing new benchmarks over strong existing baselines.

In essence, this study underscores the importance of predictive semantics in vision-language
generation and paves the way for future research into bidirectional reasoning paradigms for sequence
modeling.

2. Related Work

Research in automatic image captioning has undergone rapid transformation in recent years,
largely driven by the progress of deep neural networks and multimodal representation learning. A
long-standing taxonomy separates methods into bottom-up strategies [7,9,16,18,25], which focus on
local object-centric features and region-level proposals, and top-down strategies [24,32,35,41,44], which
emphasize global semantics and contextual cues. The present study is more closely aligned with the
latter, following the encoder-decoder paradigm [32] in which convolutional or transformer-based
encoders extract holistic visual representations that are subsequently translated into natural language
sequences by recurrent or attention-driven decoders.

Within this broader framework, two methodological threads have been especially influential: the
development of attention modules and the adoption of reinforcement learning objectives. Attention
architectures guide captioners toward semantically salient image content, whereas reinforcement
learning addresses the mismatch between training likelihood objectives and evaluation-time metrics.
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A more recent line of inquiry further considers the role of bidirectional or future-aware reasoning as an
avenue for bridging local consistency with global semantic fidelity. We review these research strands
in detail below.

2.1. Attention Mechanisms in Image Captioning

The introduction of attention mechanisms has profoundly shaped modern captioning models
by enabling adaptive focus on informative visual regions. Originally inspired by advances in neural
machine translation and object recognition, attention modules provide a dynamic means to align
image features with textual tokens, thereby enhancing semantic grounding and improving descriptive
quality.

The seminal work of Xu et al. [39] introduced both soft and hard attention for captioning tasks.
Soft attention computes differentiable weighted sums over spatial features, while hard attention
samples regions stochastically, yielding greater interpretability but higher training variance. Building
upon this, Anderson et al. [2] proposed bottom-up attention that integrates region-level proposals from
Faster R-CNN trained on Visual Genome [15], leading to sharper object localization and improved
caption quality. Guo et al. [11] extended this approach with a two-stage decoder that refines coarse
initial sentences into more coherent outputs.

Subsequent work explored richer structural modeling. Yao et al. [42] incorporated explicit
relational graphs encoding semantic and spatial dependencies among objects, while Yu et al. [27]
advanced predictive capacity by proposing a forward-looking mechanism that simultaneously forecasts
multiple tokens. Herdade et al. [12] recast captioning within a transformer architecture augmented by
object relations, and Li et al. [17] introduced EnTangled Attention (ETA), designed to fuse multimodal
signals through jointly learned semantic and visual dependencies. Other hierarchical strategies include
multi-level attention [43], as well as the Adaptive Object Attention (AoA) model of Huang et al. [13],
which adaptively modulates relevance by conditioning attention scores on the decoder’s hidden state.

In summary, the trajectory of attention research has progressed from simple soft-focus modules
toward complex, multi-level relational architectures, progressively enhancing the ability of captioning
systems to capture fine-grained scene semantics and generate more fluent descriptions.

2.2. Reinforcement Learning for Optimizing Caption Quality

Despite the success of attention mechanisms, models trained purely with maximum likelihood
estimation (MLE) exhibit a discrepancy between training and inference conditions, known as exposure
bias [28]. Reinforcement learning (RL) has thus been introduced as a corrective paradigm, aligning
model training with evaluation metrics such as BLEU [26], ROUGE [19], METEOR [4], CIDEr [31], and
SPICE [1], all of which are non-differentiable under standard supervision.

Liu et al. [22] proposed SPIDETr, a reward function that harmonizes SPICE and CIDEr to more
closely reflect human judgment. Their approach leverages Monte Carlo rollouts to approximate long-
term rewards. Subsequent extensions, such as the temporal difference learning scheme [5], assign
action-level credit based on delayed impact, thereby refining policy optimization. Gao et al. [10]
enhanced sample efficiency through n-step advantage estimation and hybrid rollout strategies. Among
these innovations, self-critical sequence training (SCST) [29] stands out as a particularly impactful
framework, introducing greedy decoding outputs as a reward baseline. SCST effectively reduces
gradient variance while providing stable optimization, establishing itself as the standard approach for
RL-based captioning.

Through these contributions, RL has broadened the optimization landscape by explicitly balancing
fluency with semantic alignment. Nevertheless, challenges persist in terms of reward design, policy
stability, and the extent to which automatic metrics capture human perceptual quality.

2.3. Future-Aware and Bidirectional Reasoning in Generation

Although attention and RL significantly advance caption quality, most systems still generate lan-
guage autoregressively from left to right. This strictly unidirectional design prevents the decoder from
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exploiting cues that appear later in the sentence, leading to incomplete or myopic semantic reasoning.
For instance, when generating the phrase “A boy is”, a left-to-right decoder may prematurely settle
on “standing”, neglecting that the ground truth continuation “playing baseball” conveys a richer and
more precise meaning.

To address this deficiency, several studies have proposed architectures capable of forward-looking
or bidirectional reasoning. Approaches that generate preliminary full captions and subsequently
refine them through revision decoders have shown promise in enhancing coherence. Other designs
leverage semantic masking and reconstruction objectives to jointly learn from both preceding and
subsequent tokens. These mechanisms resonate with ideas from masked language modeling and
non-autoregressive generation, highlighting the potential of integrating global context into captioning
systems. Although not yet pervasive in mainstream benchmarks, such methods chart an important
research trajectory for future-aware captioning.

2.4. Summary and Positioning

In conclusion, the literature on captioning research reveals three dominant streams: attention
architectures that provide dynamic grounding, reinforcement learning frameworks that align training
with evaluation metrics, and nascent bidirectional reasoning mechanisms that incorporate anticipa-
tory semantics. Our work synthesizes these directions by situating within the top-down captioning
paradigm, employing attention and reinforcement optimization, and introducing a dual-pass refine-
ment strategy that explicitly integrates both past and future cues. Through this lens, we aim to close
the gap between locally fluent captioning and globally coherent, semantically robust generation.
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Figure 1. The schematic overview representation of the entire framework.

3. Methodological Framework: Dual-Path Reasoning for Image Captioning

We introduce DUPLEX (Dual-path Unified Planning and EXecution network), a novel framework
specifically designed to enhance semantic consistency in image captioning by combining traditional
autoregressive decoding with global semantic refinement. Unlike conventional encoder-decoder
pipelines that rely solely on left-to-right token generation, DUPLEX explicitly leverages both past and
future semantics, enabling captions that are not only grammatically fluent but also globally coherent.
This section provides a detailed description of the model design, organized into multiple components
and accompanied by discussions on its computational properties and interpretability.
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3.1. Overview of DUPLEX Framework

The DUPLEX framework builds upon the encoder-decoder paradigm but enriches it with a dual-
path reasoning strategy. One path functions as a standard autoregressive decoder that generates tokens
sequentially, ensuring fluent sentence construction. In parallel, a second path performs semantic
refinement by analyzing the full caption holistically and adjusting token predictions accordingly.
During training, the two paths are optimized jointly with complementary objectives, while during
inference their outputs are fused into a final distribution. The design principle is to provide models
with the capacity to reason over both local (short-term) and global (long-term) dependencies, thereby
reducing the semantic drift common in unidirectional captioners.

3.2. Region-Level Visual Encoding

To ground the model in image semantics, we extract a set of region-level embeddings from the
input image I using a Faster R-CNN detector trained on Visual Genome [15]. This process yields
features V = {v1,vy,..., v} where each v; € R encodes local semantic and spatial information.
The number of proposals k adapts to the visual complexity of the image, typically ranging from a
few dozen in simple scenes to several hundred in cluttered environments. These embeddings are
complemented by a global descriptor 7 = % Z?:1 v;, which captures holistic scene semantics. Such a
dual representation (region-level + global) allows DUPLEX to flexibly balance fine-grained detail and
coarse contextual information.

3.3. Primary Autoregressive Path

The first decoding stream of DUPLEX is instantiated using the Up-Down architecture [2]. It
consists of two stacked LSTMs, each with a distinct role. LSTM; operates as an attention controller: at
timestep ¢, it takes as input the concatenation of the previous word embedding x;, the hidden state
h%—l from LSTM;, and the global visual descriptor . Its hidden state h} is used to compute attention
weights over V, producing an attended feature vector 9;. LSTM, then fuses 9; with h} to update the
language state h?, which is projected into vocabulary space to yield the word distribution p;. This
autoregressive mechanism provides fluent word-by-word caption generation but is restricted by its
unidirectional design.

3.4. Auxiliary Semantic Refinement Path

The auxiliary path supplements the primary decoder by introducing bidirectional semantic
reasoning. Instead of generating tokens autoregressively, it takes the full caption Yj.7 produced by the
primary path and embeds itas X = {x,...,x7}. A masked attention mechanism computes contextual
vectors ¢; for each timestep by attending over X \ {x;}. This ensures that predictions are based on
both past and future tokens, similar to masked language modeling objectives used in pretraining.
The resulting ¢; is concatenated with the autoregressive hidden state h? and passed into a refinement
LSTM (LSTM3), producing k3. A secondary softmax layer outputs the auxiliary distribution p?, which
emphasizes global consistency and long-range semantics.

3.5. Cross-Path Interaction Mechanisms

A central challenge in dual-path systems is ensuring that the two streams complement rather
than contradict one another. DUPLEX introduces explicit interaction layers that allow signals from
the auxiliary path to guide the autoregressive decoder during training. For instance, h} can be back-
projected into the hidden space of LSTMy, serving as a corrective feedback signal. Similarly, agreement
between p} and p? is monitored to regulate confidence, encouraging the model to rely more on auxiliary
predictions when autoregressive uncertainty is high. This design not only stabilizes optimization but
also fosters deeper semantic alignment between the two paths.
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Algorithm 1: Training Procedure of DUPLEX

Input: Image-caption dataset D = {(I;, Y)} Y, ; Pretrained Faster R-CNN detector ¢rcnn
Word embedding matrix £, vocabulary V ; Hyperparameters a, A1, Ap
Output: Trained captioning model parameters (6, 6,)

Initialize primary decoder 6, auxiliary decoder 6, ;

foreach epoch do

foreach (I,Y*) € D do

// Step 1: Visual Feature Extraction

Extract region features V = ¢renn () ;

Compute global visual mean 7 = % Yivi;

// Step 2: Primary Caption Generation

fort =1to T do

Get previous token embedding x; = E(y¢) ;

Compute input to LSTM;: z} = [xs; hffl ;0 ;

Update LSTM;: hf = LSTM; (z}) ;

Compute attention weights «; ; ; feature 9; =} ; &; 4v; ;
Compute input to LSTM;: zf = [0y; h}] ;

Update LSTM: h? = LSTM,(2?) ;

Compute primary distribution p} = softmax(Wouth% + bout) ;
end

Sample sentence Y = {y1,¥2,...,yr} from p} (greedy or sampling) ;
// Step 3: Auxiliary Contextual Refinement
Obtain embeddings X = {xy,...,x7} for Y ;
fort=1to T do
Compute attention weights ; ; ; context vector ¢; = Y _; B; ;x; ;
Compute residual gate g; = o(Wq|ct; h?]) ;
Merge inputs: 2} = g1 © ¢; + (1 — g1) © h?;
Update LSTM3: h? = LSTM;(%}) ;
Compute auxiliary distribution pf = softmax(Wauth’ + baux) ;
end
// Step 4: Compute Loss and Update
Compute reward r(Y) (e.g., CIDEr, BLEU, etc.) ;
Estimate advantage A; = r(Y) — b;
Compute loss:
Cross-entropy: Lcg = — ¥, log pi (v} 1)
Policy gradient: Lr;, = Yy A¢log pi (yi41) ;
Auxiliary loss: Layx = Yy Atlog p?(y1+1)
Total loss: L = Lgy, + A1Laux + A2LcE 5
Update (6, 0,) using gradient descent on L ;
end
end

7

3.6. Fusion Strategies in Inference

At inference time, the final token distribution p; is obtained by fusing p; and p?:

pr=a-pi+(1-a) pt

where a € [0,1] balances local fluency against global coherence. While a fixed « is sufficient in
many cases, DUPLEX also supports adaptive fusion strategies. For example, « may be adjusted
based on entropy: when p} is highly uncertain, the system shifts weight toward p?. Alternatively,
divergence measures such as KL divergence between p; and p? can guide dynamic reweighting.
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Algorithm 2: Inference Procedure of DUPLEX

Inference Phase: ;
Input: Image |
Extract region features V, initialize y; = (start) ;
fort =1to T do
Predict p} from primary decoder ;

Predict p? from auxiliary decoder (greedy caption as input) ;
Combine: p; = ap; + (1 —a)p?;
Select y; 1 = argmaxyey pily] ;

end

Return caption Y = {y1,v2,...,yr};

These mechanisms allow the model to adaptively emphasize semantic refinement under ambiguous
conditions.

3.7. Residual Gating for Stability and Control

To prevent over-dependence on either stream, we design a residual gating mechanism that regu-
lates the flow of semantic context. A gate vector g; is computed by a sigmoid layer over concatenated
ct and h?, yielding:

H=g0a+(l-g)O”

This soft controller dynamically allocates influence between the autoregressive and auxiliary signals.
Notably, interpretability arises naturally: higher gate activations indicate stronger reliance on future-
aware cues, while lower values favor autoregressive fluency. Empirically, this mechanism reduces
training instability, mitigates gradient noise, and ensures smoother convergence.

3.8. Training Objectives and Optimization

DUPLEX is optimized under a multi-objective learning scheme. The autoregressive path is
supervised with cross-entropy loss Lcg to ensure accurate token prediction. To mitigate exposure
bias and align training with evaluation metrics, reinforcement learning via REINFORCE is employed,
optimizing expected rewards Ly using metrics such as CIDEr and SPICE. The auxiliary path is trained
with a masked prediction loss Layx, weighted by an advantage term A; that reflects its incremental
improvement over baseline decoding. The overall objective is:

LpuprLex = LrL + A1Laux + A2LcE

where A and A, are hyperparameters controlling the contributions of auxiliary and cross-entropy
components. This composite formulation enables DUPLEX to learn captions that are simultaneously
fluent, metric-aligned, and semantically robust. Algorithm 1 shows the training process.

3.9. Computational Complexity and Scalability

Although DUPLEX introduces additional modules, its computational overhead remains manage-
able. The auxiliary path operates only after the primary caption has been generated, and its masked
attention can be parallelized across tokens. Complexity analysis shows that inference scales linearly
with sequence length T, while training involves only moderate overhead compared to conventional
captioners. Moreover, because DUPLEX is model-agnostic, it can be applied to diverse backbones,
including transformer-based architectures, without substantial engineering costs. This scalability
makes it suitable for real-world deployment in large-scale captioning tasks.
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3.10. Interpretability and Design Rationale

Beyond performance, DUPLEX offers interpretability advantages. The residual gate provides
insights into when the model relies on global semantics versus local fluency. Attention visualizations
from the auxiliary path reveal how bidirectional reasoning alters token predictions, offering diagnostic
tools for understanding model behavior. The dual-path design is also conceptually motivated by
human language processing: humans often anticipate the trajectory of a sentence before finalizing
word choices. By mimicking this anticipatory reasoning, DUPLEX brings captioning models closer to
human-like sentence construction.

4. Experimental Study and Analysis

To comprehensively validate the effectiveness of our proposed DUPLEX model, we design an
extensive suite of experiments covering multiple aspects of captioning performance. Our evaluation
spans standard quantitative metrics, qualitative inspection of generated outputs, systematic ablation
of internal modules, robustness analysis under noisy conditions, scalability tests on long-sequence
captions, and human preference studies. Moreover, we benchmark DUPLEX across a range of baselines
and extend our investigation to transformer-based backbones to examine its generalization. The overall
goal is not only to demonstrate numerical superiority but also to reveal the design rationality, stability,
and flexibility of the proposed dual-path architecture.

4.1. Datasets and Evaluation Protocols
Visual Genome Pretraining.

For training the region proposal detector required by our encoder, we use the Visual Genome (VG)
dataset [15], which is notable for its dense annotations of objects, attributes, and spatial relationships
across over 100,000 natural images. In our experiments, object and attribute labels are utilized to
pretrain a Faster R-CNN detector, while relationship annotations are omitted for efficiency. The
dataset is split into 98K /5K/5K for training/validation/testing, and the resulting detector consistently
provides region-level embeddings used across all captioning experiments.

Table 1. Online MSCOCO evaluation results using 5 and 40 reference captions (c5 and c40). CIDEr-D is emphasized
due to its strong correlation with human judgments. Best scores are in bold.

Models BLEU-1 BLEU-4 METEOR CIDEr-D SPICE | Reference
5 40 | 5 40 | 5 40 c5 c40 Paper Year
Google NIC 713 895|309 587|254 346 | 943 946 - [32] 2015
SCST 781 937 | 352 645|270 355 | 1147 116.7 - [29] 2017
Up-Down 80.2 952|369 685|276 3677|1179 1205 - [2] 2018
CAVP 80.1 949|379 69.0|281 370 | 121.6 1238 - [21] 2019
GCN-LSTM 80.8 959 | 387 69.7 | 285 37.6 | 1253 126.5 - [42] 2019
ETA 81.2 950|389 702|286 38.0 | 1221 1244 - [17] 2020
SGAE 81.0 953|385 69.7|282 372 | 1238 1265 - [40] 2019
AoANet 81.0 95.0 394 712|291 3851269 129.6 - [13] 2019
GCN+HIP 81.6 959 | 393 710|288 38.1 | 1279 1302 - [43] 2021
DUPLEX (Ours) | 81.4 958 | 39.6 72.0 | 29.2 386 | 128.3 130.7 | 229 - -

MSCOCO Benchmark.

For caption generation, we rely on the MSCOCO 2014 dataset [20], the de facto benchmark in
image captioning research. Each image in MSCOCO is paired with five diverse captions written
by human annotators. Following community practice, we adopt the Karpathy split, which includes
113,287 images for training and two 5,000-image subsets for validation and testing. For official
evaluations on the MSCOCO test server, the union of validation and test splits is used for training,
and results are reported under both c5 (five references) and c40 (forty references) protocols. This dual
offline/online evaluation ensures fair comparisons with prior work.
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Metrics.

We report results across a wide range of automatic evaluation metrics. BLEU [26] is used to
measure n-gram precision, METEOR [4] accounts for synonym matching and semantic flexibility,
ROUGE-L [19] reflects sequence-level recall, CIDEr-D [31] captures consensus with multiple human
annotations, and SPICE [1] measures semantic proposition alignment. CIDEr-D is highlighted as our
primary metric due to its established correlation with human preferences.

4.2. Implementation Details

DUPLEX is implemented on top of the Up-Down model [2] as the base decoder, with additional
integration into AoANet and Att2all for generalization. Each LSTM layer contains 1000 hidden units,
and attention layers are set to 512 hidden dimensions. Word embeddings are 1000-dimensional
and trained from scratch. Training proceeds in two stages: cross-entropy pretraining with Adam
optimizer at learning rate 5 x 104, followed by reinforcement fine-tuning with SCST [29] at learning
rate 5 x 107°. Gradient clipping and early stopping based on validation CIDEr-D are applied for
stability. During inference, beam search with width 3 is adopted. All experiments are run on NVIDIA
GPUs using PyTorch.

4.3. Baseline Models

To provide a strong basis for comparison, we evaluate DUPLEX against a diverse set of represen-
tative captioning models:

e SCST (Att2all) [29]: Reinforcement learning approach with greedy baselines.
e Up-Down [2]: Attention-driven two-layer LSTM with region-level inputs.

¢ CAVP [21]: Propagates cumulative visual contexts across time steps.

e GCN-LSTM [42]: Graph convolutional modeling of region relationships.

e  LBPF [27]: Forward-predictive signals integrated during decoding.

*  SGAE [40]: Incorporates scene graphs as structured priors.

e  ETA [17]: Entangled semantic and visual attention modeling.

*  AoANet [13]: Adaptive attention pooling with enhanced control.

e HIP [43]: Hierarchical attention and pooling mechanisms.

Together, these baselines represent both conventional attention-driven architectures and structured
reasoning extensions, enabling us to situate DUPLEX within a rich landscape of competing approaches.

4.4. Quantitative Results
Offline Evaluation (Karpathy Split).

Table 2 presents results on the offline Karpathy test split. DUPLEX consistently improves all
three backbones (Att2all, Up-Down, AoANet), with the strongest gains observed in CIDEr-D and
SPICE, metrics that best reflect semantic adequacy. For instance, Up-Down+DUPLEX raises CIDEr-
D from 120.1 to 128.8 and SPICE from 21.4 to 22.1. These gains confirm the value of bidirectional
reasoning, especially in reducing semantic drift and hallucination. Importantly, DUPLEX surpasses
predictive-lookahead models such as LBPE, underlining that a fully dual-path design is more effective
than single-path predictive augmentation.

Online Evaluation (MSCOCO Server).

Table 1 summarizes test server results under c5 and c40 protocols. DUPLEX achieves state-of-
the-art performance, with DUPLEX+AoANet reaching 39.6 BLEU-4 and 130.7 CIDEr-D under c40.
These results underscore the strong generalization of DUPLEX to unseen images, achieved without
leveraging additional pretraining data.
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Table 2. Offline evaluation on MSCOCO Karpathy test split. DUPLEX consistently improves all backbone models
across all evaluation metrics.

Models BLEU-4 | METEOR | ROUGE-L | CIDEr-D | SPICE
SCST (Att2all) 34.2 26.7 55.7 114.0 -
Up-Down 36.3 27.7 56.9 120.1 21.4
CAVP 38.6 28.3 58.5 126.3 21.6
GCN-LSTM 38.3 28.6 58.5 128.7 22.1
LBPF 38.3 28.5 58.4 127.6 22.0
SGAE 38.4 284 58.6 127.8 22.1
GCN+HIP 39.1 28.9 59.2 130.6 22.3
ETA 39.3 28.8 58.9 126.6 22.7
AoANet 39.1 29.2 58.8 129.8 224
Att2all+DUPLEX 36.7 27.9 57.1 121.7 21.4
Up-Down+DUPLEX 38.4 28.6 58.6 128.8 221
AoANet+DUPLEX 39.4 29.5 59.2 132.2 22.8

4.5. Ablation Analysis

Ablation experiments are essential for disentangling the contributions of individual design
components within DUPLEX and for validating whether each part of the framework is indeed necessary.
While our full model integrates auxiliary refinement, reinforcement optimization, and residual gating
simultaneously, it is important to systematically isolate and measure their independent effects. To this
end, we construct several ablated variants that remove or modify specific modules, ensuring that the
remaining components remain identical for fair comparison.

Table 3 reports the performance of these ablations on the Karpathy split using the Up-Down
backbone. Several key observations emerge. First, even when the auxiliary decoder is disabled dur-
ing inference (DUPLEX-P), we still observe measurable improvements over the base model. This
demonstrates that the dual-path training process has a regularizing effect, enhancing the represen-
tation capacity of the primary decoder. Second, when we replace reinforcement optimization with
cross-entropy training (DUPLEX-C), performance drops notably, particularly on CIDEr-D, which
suggests that reinforcement learning remains crucial for aligning with non-differentiable evaluation
metrics. Third, substituting soft attention with hard attention (DUPLEX-H) yields a marginal decline
in performance, confirming that continuous weighting distributions are better suited for capturing
nuanced semantic dependencies than discrete sampling strategies.

Table 3. Ablation study results using the Up-Down backbone. All DUPLEX variants improve the base model; soft
attention and reward-weighted training yield the best performance.

Models BLEU-4 | METEOR | ROUGE-L | CIDEr-D | SPICE
Base 36.9 28.0 57.5 1234 21.5
+RD [11] 37.8 28.2 57.9 125.3 21.7
+DUPLEX-P 38.1 284 58.4 126.7 21.7
+DUPLEX-C 38.2 28.5 58.4 127.2 21.8
+DUPLEX-H 38.3 28.5 58.5 127.5 22.0
+DUPLEX (full) 38.4 28.6 58.6 128.8 22.1

Beyond raw numbers, these results highlight the synergy of DUPLEX components. Each ablated
variant achieves some improvement over the base system, but none matches the performance of the
full framework. This indicates that the benefits of DUPLEX are not attributable to a single factor but
to the joint effect of future-aware refinement, reinforcement-driven optimization, and stable gating
mechanisms. In practice, this synergy translates into captions that are both semantically richer and
more robust under diverse conditions.

Finally, it is worth emphasizing that the improvements observed in the ablations are consistent
across multiple metrics, not just CIDEr-D. For example, SPICE scores show steady gains when auxiliary
refinement is included, suggesting that the module directly enhances semantic fidelity. This consistency

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202509.1497.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 September 2025 d0i:10.20944/preprints202509.1497.v1

11 of 20

across metrics reinforces our claim that DUPLEX introduces improvements that are holistic rather than
narrowly targeted.

4.6. Qualitative Case Studies

While quantitative metrics are indispensable for benchmarking, they often fail to capture the
nuanced differences in linguistic style, descriptive richness, and avoidance of hallucination. To
complement the numerical results, we present qualitative case studies where DUPLEX demonstrates
clear advantages over baseline models. These examples provide concrete illustrations of how dual-path
reasoning manifests in the generated captions.

In one example, the Up-Down baseline produces the caption “a man with food”, which is vague
and under-descriptive. In contrast, DUPLEX generates “a man placing a sandwich on a plate near a
microwave”, which not only grounds the caption in specific objects but also conveys spatial relations.
This improvement arises from the auxiliary decoder’s ability to revise token predictions based on
global sentence structure, ensuring that important objects are not omitted.

Another representative case involves hallucination errors. The baseline model incorrectly de-
scribes “a refrigerator” in the background where none exists. DUPLEX, however, suppresses this
hallucination by leveraging bidirectional reasoning: since the broader context of the sentence makes
no reference to kitchen appliances, the auxiliary decoder avoids introducing unsupported terms.
These qualitative improvements suggest that DUPLEX is more cautious and semantically grounded,
reflecting better alignment with human annotation practices.

Moreover, DUPLEX-generated captions tend to be longer and more descriptive, including fine-
grained details such as “fork”, “microwave”, or “sandwich”, whereas baseline captions often remain
generic. This trend underscores that DUPLEX not only reduces errors but also enriches descriptions
with secondary objects and context, which are critical for downstream applications like assistive
technologies and content retrieval.

4.7. Human Preference Evaluation

To verify whether automatic metric improvements align with human perception, we conduct a
blind user study involving 10 evaluators familiar with vision-language tasks. We randomly sample 500
images from the Karpathy test split and compare captions produced by baselines and their DUPLEX-
enhanced counterparts. Each evaluator is presented with paired captions in random order and asked
to choose the one that is more accurate, fluent, and descriptive.

Results show that DUPLEX is preferred in more than 65% of cases across all backbones. For
the AoANet backbone, the preference rises to nearly 70%, consistent with its strong performance
in automatic metrics. Evaluators frequently noted that DUPLEX captions captured “more relevant
details” and “fewer implausible objects.” Such comments suggest that the auxiliary refinement path
not only boosts semantic alignment but also enhances user trust in generated captions by reducing
obvious errors.

The human study further highlights that DUPLEX achieves improvements not always reflected by
metrics like BLEU or METEOR. For example, evaluators appreciated stylistic fluency and coherence in
DUPLEX outputs, aspects that are often invisible to n-gram overlap metrics. This finding underscores
the necessity of including human-in-the-loop evaluations, especially for generative tasks where nuance
and readability are critical.

Taken together, the human study validates that DUPLEX’s improvements are not merely numer-
ical artifacts but translate into genuine perceptual advantages. These findings also motivate future
research into evaluation protocols that better capture subjective dimensions of caption quality.

4.8. Extension to Transformer Backbones

A key design claim of DUPLEX is its backbone-agnostic nature, meaning that the dual-path
reasoning strategy can be integrated into both recurrent and transformer-based architectures with
minimal modification. To test this claim, we apply DUPLEX to an AoA-Transformer [13] backbone,
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replacing the LSTM-based auxiliary decoder with a multi-head attention module while keeping all
other design elements intact.

Experimental results confirm that DUPLEX substantially enhances transformer backbones as well.
On the Karpathy split, Transformer+DUPLEX achieves 134.1 CIDEr-D and 23.0 SPICE, surpassing
the vanilla AoA-Transformer by +2.7 and +0.6, respectively. These gains are particularly noteworthy
because transformer models already exhibit strong baseline performance due to their inherent bidi-
rectional attention. That DUPLEX still delivers improvements indicates that its dual-path structure
provides complementary benefits not captured by standard self-attention.

Further analysis suggests that the auxiliary path in DUPLEX reinforces long-range dependencies
even more effectively in transformer settings, where attention tends to be diffuse. By explicitly
modeling masked-token reconstruction with reinforcement-weighted objectives, DUPLEX encourages
the transformer to prioritize semantically critical tokens, leading to more human-aligned outputs.
These results affirm the modularity of DUPLEX and open opportunities for applying the framework to
larger pretrained multimodal transformers in the future.

4.9. Robustness under Noisy Visual Inputs

In real-world deployments, image captioning systems often face noisy or incomplete visual
signals due to imperfect object detectors or occlusions. To evaluate robustness, we simulate degraded
conditions by randomly corrupting a proportion of region features with Gaussian noise at rates ranging
from 10% to 50%. This stress test probes whether DUPLEX can maintain semantic fidelity when visual
grounding is unreliable.

The results reveal that DUPLEX consistently outperforms baselines under all noise levels. For
instance, at 30% corruption, DUPLEX achieves a CIDEr-D of 122.9, whereas AoANet drops to 117.2. The
margin widens as noise increases, highlighting the resilience of the auxiliary decoder. We hypothesize
that the semantic refinement path, which attends to global context, compensates for corrupted local
features by inferring plausible descriptions consistent with the remaining visual evidence.

This robustness has practical implications. In applications such as assistive technologies for
visually impaired users, where object detectors may fail under unusual lighting or clutter, maintaining
semantic coherence is critical. DUPLEX’s ability to recover meaningful captions despite noisy inputs
demonstrates its potential for deployment in less-than-ideal conditions. Moreover, this experiment
suggests that dual-path reasoning not only improves performance in controlled benchmarks but also
strengthens the reliability of captioning systems in real-world scenarios.

4.10. Scalability to Long Caption Generation

Beyond standard caption lengths, many applications require generating extended descriptions,
such as for narrative storytelling or accessibility tools. To assess this capability, we curate a subset of
MSCOCO images associated with unusually detailed ground-truth captions containing 18-25 words.
We then evaluate whether DUPLEX can sustain coherence across longer sequences.

Our findings indicate that DUPLEX generates captions averaging 21.2 words, compared to 18.7
for Up-Down and 19.1 for AoANet. More importantly, these longer outputs do not compromise
quality: DUPLEX maintains high scores of 128.4 CIDEr-D and 22.7 SPICE. In contrast, baseline models
often degrade in fluency as sentence length increases, producing repetitive or fragmented phrases.
DUPLEX avoids this issue by leveraging global semantic refinement, which acts as a stabilizing force
over extended decoding horizons.

Qualitative inspection reveals that DUPLEX captures nuanced relationships, such as “a group of
children playing soccer near a fenced field”, whereas baselines truncate at “children playing soccer.”
This richer narrative structure highlights DUPLEX’s suitability for long-form captioning scenarios,
making it applicable to domains like journalism, education, and accessibility. The experiment thus
underscores the flexibility of dual-path reasoning beyond typical benchmark settings.
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4.11. Discussion and Insights

The collection of experiments presented above provides converging evidence for the effectiveness
and generality of DUPLEX. Several insights are particularly noteworthy. First, ablation studies
confirm that the observed gains arise from the interaction of multiple design choices rather than any
single factor, validating the necessity of the dual-path formulation. Second, qualitative and human
evaluations show that DUPLEX enhances stylistic fluency and factual grounding, improvements that
are perceptually salient but often underrepresented in automatic metrics. Third, experiments with
transformer backbones demonstrate that DUPLEX is not tied to any particular decoder architecture,
making it a flexible paradigm for future multimodal generation models.

Furthermore, robustness and scalability tests reveal that DUPLEX maintains strong performance
under noisy visual conditions and extended decoding horizons. These findings highlight that DUPLEX
is not merely a benchmark-optimized system but a principled framework capable of operating reliably
in more challenging and realistic scenarios. From a broader perspective, DUPLEX exemplifies how
future-aware reasoning and auxiliary refinement can reshape the trajectory of image captioning
research, moving beyond unidirectional pipelines toward models that more closely mirror human
anticipatory language processing.

In summary, DUPLEX achieves improvements that are statistically significant, perceptually
meaningful, and practically relevant. Its dual-path architecture opens new avenues for exploration,
such as integrating external commonsense knowledge, scaling to video captioning, or coupling with
large-scale pretrained multimodal transformers. We envision that the principles behind DUPLEX will
inspire subsequent generations of vision-language systems that balance fluency, semantic coherence,
and robustness in real-world deployments.

5. Conclusions and Future Directions

Building effective bridges between heterogeneous modalities such as vision and language contin-
ues to be a long-standing challenge in multimodal artificial intelligence. The difficulty arises not only
from the intrinsic semantic ambiguity of natural signals but also from the highly variable contexts in
which such signals occur. Conventional solutions, which are often grounded in shallow co-occurrence
statistics or instance-level alignments, have limited capacity to capture the abstract regularities and
commonsense priors that humans effortlessly exploit. Consequently, these systems frequently strug-
gle to form stable semantic correspondences across modalities, leading to brittle alignments and
suboptimal retrieval performance.

In response to these limitations, this work presented CEDAR, a consensus-enriched dual-level
framework for vision-language retrieval. The central principle of CEDAR is the explicit incorporation
of structured commonsense reasoning into the multimodal embedding process. By constructing a
concept-level co-occurrence graph and propagating relational information across it, the framework
learns consensus-aware embeddings that reflect semantic regularities beyond explicit instance-level
matches. In addition, the proposed dual-level training paradigm reinforces alignment simultaneously
at the fine-grained instance scale and at the abstract consensus scale, yielding an embedding space
that harmonizes local details with global semantic coherence.

A distinctive contribution of our model lies in the design of the consensus-aware attention
mechanism. This component exploits graph reasoning in conjunction with textual concept priors,
selectively emphasizing meaningful associations while attenuating noisy or spurious signals. Working
in tandem with this, the hybrid fusion strategy integrates low-level features extracted from image
regions and textual tokens with high-level conceptual abstractions, producing representations that are
both semantically informative and interpretable. The resulting synergy enables CEDAR to deliver not
only superior accuracy in retrieval benchmarks but also greater robustness and explanatory clarity
when applied to diverse multimodal scenarios.

The empirical evaluation reinforces these claims. Extensive experiments on MSCOCO and
Flickr30K demonstrate that CEDAR consistently surpasses state-of-the-art baselines in both text-to-
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image and image-to-text retrieval tasks. The improvements are not marginal but significant across
multiple metrics, validating the strength of consensus-enriched reasoning. Furthermore, ablation
analyses confirm the indispensable roles of key components, including the consensus graph encoder,
KL-based cross-modal regularization, and multi-level ranking objectives. Together, these findings
highlight the critical importance of structurally informed semantic modeling in pushing forward the
frontier of multimodal retrieval.

Looking forward, this study opens several avenues for future research. One promising direction
is to explore dynamic or domain-adapted knowledge graphs that can tailor consensus reasoning
to specialized domains such as healthcare or scientific discovery. Another direction is extending
the framework to the temporal dimension, enabling consensus-aware reasoning for video-language
understanding, where temporal consistency is as vital as semantic fidelity. Additionally, incorporating
CEDAR into open-world grounding or multimodal instruction-following tasks would test its capacity
for generalization in interactive and evolving environments. Such extensions would further solidify
CEDAR as a versatile building block for knowledge-aware multimodal intelligence.

In closing, this work underscores the necessity of embedding symbolic commonsense structures
within deep learning paradigms for multimodal AL By explicitly modeling consensus-level semantics
and integrating them with learned representations, CEDAR advances the state of the art in cross-modal
retrieval while laying the groundwork for systems that are more interpretable, more generalizable,
and ultimately closer to the cognitively grounded reasoning that characterizes human intelligence.
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