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ABSTRACT

While language reasoning models excel in many tasks, visual reasoning
remains challenging for current large multimodal models (LMMs). As a
result, most LMMSs default to verbalizing perceptual content into text, a
strong limitation for tasks requiring fine-grained spatial and visual under-
standing. While recent approaches take steps toward thinking with images
by invoking tools or generating intermediate images, they either rely on
external modules, or incur unnecessary computation by reasoning directly
in pixel space.

In this paper, we introduce LANTERN, a framework that enables LMMs
to interleave language with compact latent visual representations, allow-
ing visual reasoning to occur directly in latent space. LANTERN augments
a vision-language transformer with the ability to generate and attend to
continuous visual “thought” embeddings during inference. We train the
model in two stages: supervised fine-tuning to ground visual features in
latent states, followed by reinforcement learning to align latent reasoning
with task-level utility. We evaluate LANTERN on three perception-centric
benchmarks (VisCoT, V*, and Blink), observing consistent improvements
in visual grounding and fine-grained reasoning. These results suggest that
internal latent representations provide a promising direction for more effi-
cient multimodal reasoning.
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Figure 1: The LANTERN framework enables interleaved reasoning between text and latent
representations that encode visual “thoughts”. During inference, LANTERN can automati-
cally decide when to start latent reasoning by outputting a special token.
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1 INTRODUCTION

Large Multimodal Models (LMMs) have achieved strong performance in a wide range of
vision-language tasks |Alayrac et al.| (2022); Liu et al.| (2023); Bai et al.| (2025)), yet their
reasoning processes remain predominantly linguistic. In most current systems, visual inputs
are encoded once and all subsequent reasoning is carried out in text, a regime referred to
as ‘thinking about images’. This forces high-dimensional perceptual information into a low-
bandwidth symbolic medium, a limitation that becomes particularly evident on perception-
heavy benchmarks, where purely textual chains of thought fail to capture fine-grained spatial
and visual structure (Fu et al., [2024; Xiao et al., |2024]).

To overcome these limitations, recent work has shifted toward ‘thinking with images’, in
which visual information actively participates in the reasoning process rather than being
consumed only at the input stage. Existing approaches in this category can be broadly
divided into two streams. The first consists of tool-based visual reasoning methods, which
allow models to invoke external vision modules during inference, such as cropping, object
detection, or image generation tools (Yang et al. (2023 [Suris et al.| [2023} |Chameleon Team),
2025)). These approaches are limited to a set of predefined tools and often incur significant
computational overhead. The second stream performs reasoning by explicitly generating
images during the reasoning chain, forcing intermediate visual thoughts to be expressed
in pixel space and spending significant computation on photorealistic details that may be
irrelevant for the task, which is wasteful (Chameleon Team| [2025; |Deng et al., 2025]).

More recently, latent visual reasoning has emerged as an internalized form of thinking with
images, in which models maintain and manipulate continuous visual representations in latent
space throughout the reasoning process (Li et al., 2025; [Yang et al. |2025b). By interleaving
latent visual states with text, these methods avoid explicit image generation while preserving
visual structure, enabling reasoning to operate over abstract visual representations rather
than pixel space.

In this work, we introduce LANTERN (Latent Visual Structured Reasoning), a framework
that enables LMMs to reason using compact latent visual tokens interleaved with language.
LANTERN augments a vision-language transformer with the ability to emit and attend to
latent visual states, allowing reasoning to occur directly in the visual feature space of the
model. We train LANTERN in two stages. First, we perform supervised fine-tuning on
a custom dataset with annotated visual reasoning traces, grounding latent states in the
outputs of the model’s vision encoder. Second, we apply reinforcement learning to optimize
both textual and latent reasoning as a sequential decision-making process, using final answer
correctness as the reward signal.

We evaluate LANTERN on challenging visual reasoning benchmarks, including Visual-
CoT (Shao et al., [2024a), V* (Cheng et all 2025), and Blink (Fu et al. 2024). Across
all settings, latent visual reasoning achieves comparable or superior performance, suggest-
ing that internal visual representations offer a promising direction for multimodal reasoning.

2 RELATED WORK

Text-based and tool-based visual reasoning. FEarly multimodal reasoning approaches
extended textual chain-of-thought methods to vision-language tasks, reasoning entirely in
text after a single visual encoding pass (Zhang et al.l 2024; [Shao et al.| 2024a)). To ad-
dress their perceptual limitations, subsequent work introduced tool-augmented reasoning,
enabling models to iteratively interact with images through external operations such as
cropping, detection, and image generation (Yang et al., {2023} [Suris et al., 2023; [Chameleon
Team, |2025)). While effective, these approaches depend on hand-designed tools and do not
learn internal visual abstractions.

Latent visual reasoning. Latent visual reasoning aims to internalize perceptual pro-
cesses by allowing models to generate continuous visual representations during inference. [Li
et al.| (2025 introduces Latent Visual Reasoning (LVR), a method that conditions the final
answer on latent visual tokens. Similarly, |Yang et al. (2025b) introduce machine mental



Published at ICLR 2026 Workshop on Multimodal Intelligence

imagery through latent image representations. These works show that preserving visual
information in latent space can improve fine-grained reasoning. However, unlike prior ap-
proaches that primarily append latent visual representations to support downstream decod-
ing, LANTERN formulates this paradigm as an interleaved reasoning process that alternates
between text and latent visual tokens, allowing iterative refinement of internal visual repre-
sentations and tighter coupling between perception and language.

3 OUR METHOD: LANTERN

LANTERN provides a structured mechanism for incorporating visually grounded latent states
alongside textual reasoning in LMMs. Standard LMMSs are constrained to verbalize ev-
ery step of visual processing, often forcing high-dimensional visual information into low-
bandwidth natural language. We propose a modeling approach where the model learns to
generate compressed, non-verbal “thought” vectors derived directly from visual features,
interleaving these latent states with discrete text generation.

3.1 MODELING LATENT VISUAL REASONING

We model reasoning as a hybrid trajectory 7 = [s1, S2,. .., $7], where each state s; lies in
either the discrete vocabulary space V or the continuous latent space R¢, with d denoting
the model’s hidden dimension. At each step t, the model outputs either a token w; € V
(text mode) or a latent vector z; € R? (visual latent mode).

To implement this, we build on the Qwen2.5-VL architecture (Bai et al., [2025)) and extend
its vocabulary with three control tokens: <|lvr_start|>, <|1lvr_sep|>, and <|1lvr_end|>.
These tokens act as gating signals that regulate transitions between operating modes:

1. Text Mode: The model functions as a standard autoregressive language model. The
hidden state at time t, h;, is passed through the language modeling head to predict a
probability distribution over the vocabulary V.

2. Visual Latent Mode: Upon generating <|1lvr_start|>, for the subsequent K time
steps (where K is a fixed latent size hyperparameter), the model bypasses the language
modeling head and outputs the unprojected hidden states of the final transformer layer.
These K vectors, denoted z1,2o, ...,z constitute a block of latent “thought” embed-
dings. After K steps, a terminating token <|1lvr_end|> is introduced and the model
returns to text mode. The latent vectors serve as internal reasoning context, allow-
ing the model to attend to its own high-dimensional visual thoughts without having to
verbalize that information into text.

3.2 SUPERVISED FINE-TUNING: GROUNDING LATENT STATES IN VISION

A fundamental challenge in latent reasoning is defining a ground truth for the model’s
internal visual thoughts. Since human annotators cannot provide high-dimensional vector
supervision, we devise a strategy to ground the latent states using the model’s own visual
encoder as a teacher signal.

3.2.1 VISUAL FEATURE EXTRACTION AS SUPERVISION

We leverage the pre-trained vision encoder of the base model as a teacher for the LMM
latent states. Consider a training sample (I, Q, A, T) consisting of an image I, a question
Q, the correct answer A, and a human-written reasoning trace 7 that references certain
visual regions. Let B be the set of bounding boxes in 7 corresponding to relevant regions
of I that the reasoning trace attends to. For each reasoning step associated with a region
b € B, we construct a target latent representation Zgarget as follows:

F, = VisionEncoder(I,b) , (1)
Ziarger = Pool(F;) € RFX4 (2)
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where F}, is the feature map extracted from the vision encoder (e.g. patch embeddings)
corresponding to region b. To produce the latent tokens, we follow the approach of |Yang
et al.| (2025b) and apply an average pooling operation to F}, to produce a fixed-size sequence
of K pooled feature vectors. This sequence Zarget = [zglget, cey zggget] serves as the target
for the model’s latent block, effectively capturing an aggregated representation of the visual

region b as perceived by the vision encoder.

3.2.2 HyYBRID OBJECTIVE FUNCTION

We train LANTERN with a multi-task objective that jointly optimizes for language genera-
tion and latent visual alignment. The total loss is a sum of two components:

LianteRy = Liext + 7 Llatent s (3)

where v is a weighting hyperparameter.

Text Generation Loss (Liext). For standard (non-latent) tokens, we use a cross-entropy
loss on the next-token prediction, as in conventional language model fine-tuning. This term
Liext preserves the model’s verbal fluency and ensures it can articulate answers correctly in
natural language.

Latent Alignment Loss (Ljatent). For each block of K latent tokens generated between
a <|lvr_start|> and <|1lvr_end|> marker, we apply a regression loss that encourages these

latent vectors to match the visual encoder’s features for the corresponding region of interest.
Let Hgen, = [héi)n, ces hgfn)] be the sequence of K hidden states produced by the LLM in
latent mode, and Ziarger = [zgizget, e ,zéiéet] be the pooled target embeddings as defined

above. We minimize the mean-squared error (MSE) between these two sequences:

R (4)

K
1 , ;
‘Clatent = E Z H hgs)n - Z'Ea)rgct
i=1

This encourages the LLM to autoregressively predict the latent representations computed
in Eq. equation |2l By learning to minimize the discrepancy ||hgen — ztarget|\2, the model is
effectively learning to “imagine” the visual content in its latent space, reconstructing the
key visual features needed to answer the question. The goal of this phase is to distill latent
visual reasoning capabilities into the LLM through explicit supervision of a predefined set of
latent visual thoughts. This trains the model to perform interleaved reasoning over text and
latent visual representations, grounding its explanations in internal visual states without
requiring it to verbalize every aspect of its visual “thoughts.” However, this supervised
objective primarily encourages representational fidelity, motivating the subsequent stage to
further align free-form latent reasoning with task-level utility.

3.3 REINFORCEMENT LEARNING

While SFT grounds latent representations in visual features, it primarily enforces a recon-
struction objective. This can lead to latent representations that match perceptual repre-
sentations, yet suboptimal for downstream reasoning. We therefore explore Reinforcement
Learning (RL) as a free-form mechanism to align latent visual reasoning with task wutil-
ity, rather than visual fidelity alone. We formulate latent visual reasoning as a sequential
decision-making problem and investigate whether policy optimization can encourage the
model to generate latent states that improve final answer correctness, similar in spirit to
outcome-driven RL for language models (Ouyang et al., |2022; [Schulman et al., 2017).

Policy Optimization with Hybrid Action Spaces. We adopt Group Relative Policy
Optimization (GRPO) (Shao et al., [2024b)) as our primary optimization algorithm. GRPO
is a PPO-style method that stabilizes training by normalizing rewards within sampled
groups, and has recently been shown to be effective for reasoning-heavy language model
fine-tuning (Guo et al., 2025; [Olmo et al., |2025). Unlike standard RL for LLMs, which
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operates over a discrete token space, interleaved latent reasoning is naturally formulated
as a hybrid action space: actions correspond either to discrete text tokens or to continuous
latent vectors z € R%. This raises a conceptual challenge, as policy gradient objectives are
traditionally defined over categorical distributions. Rather than defining an explicit proba-
bility density over latent vectors, we treat latent generation as an intermediate computation
that conditions subsequent text generation, following prior work on differentiable latent
reasoning in language models (Li et al., [2025; [Yang et al. 2025b)).

Under this formulation, optimization is applied only to the likelihood of discrete text to-
kens, while gradients propagate through the latent states via standard backpropagation.
This design implicitly encourages the model to generate latent representations that improve
downstream token predictions and, ultimately, task reward.

3.3.1 LATENT-AWARE GRPO OBJECTIVE

Given an input query ¢ and image I, we sample a group of G rollouts {o1,...,05} from
the old policy mg,,,. Each rollout consists of interleaved text and latent blocks. We define
the GRPO objective over the discrete text tokens while treating latent states as contextual
conditioning variables:

Li+(6) = min (ri,t(e)/ii, clip(r;.+(0),1 — €,1 + E)Ai)

G o]

T (0) = Efo,jmm,, éZ 1|Z<Ei,t<e)5DKL(m<.) ||mf<~>)> ‘q,f N )
=1 t=1

Joi] =

where We(y@t) = mo(yie | @ I R y; 1), 13,6(0) = 7o(Yit) /oo (¥ie) is the importance
ratio, and A; is the group-normalized advantage.

Latent State Replay. A practical challenge arises from the fact that latent vectors are
generated dynamically by the policy. Small parameter updates can lead to significant drift
in latent trajectories, which destabilizes the importance sampling ratio. To mitigate this
effect, we employ latent state replay: during policy updates, the model is forced to condition
on the exact latent vectors Hyonout generated during sampling. This ensures that probability
ratios reflect changes in the text policy under a fixed internal reasoning trace, while still
allowing gradients to flow back to the parameters responsible for producing latent states.

3.3.2 REWARD DESIGN

Since there is no direct supervision for the quality of latent thoughts, we rely on sparse
outcome-based rewards combined with structural constraints. The total reward is defined
as a weighted sum:

1. Accuracy Reward (Racc): A binary reward indicating whether the final textual an-
swer matches the ground truth. This sparse signal serves as the primary driver of task-
oriented latent reasoning, consistent with prior RL-based approaches to reasoning super-
vision (Ouyang et al., 2022; [Li et al., 2025).

2. Format Reward (Rgmt): A structural reward that encourages the explicit use of a set
of tags, such as <think>, </think> for the reasoning chain, latent reasoning delimiters
<|lvr_start|>and <|1lvr_end|> and <|answer|>, </answer> for the final answer. This

discourages collapse to purely textual reasoning and enforces the presence of a latent
block.

Overall, this RL stage is intended to test the hypothesis that outcome-driven optimization
can shift latent representations from merely encoding visual appearance toward selectively
representing task-critical visual information. Rather than assuming that visually faithful
latent states are optimal, we explore whether RL can induce more abstract and utility-driven
internal visual reasoning.
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4 EXPERIMENTS

We evaluate LANTERN through a two-stage training pipeline. First, we perform super-
vised fine-tuning (SFT) to initialize latent visual reasoning by grounding latent states in
perceptual features. Second, we apply reinforcement learning (RL) to evaluate whether
outcome-driven optimization can further refine the model’s latent reasoning capabilities.

4.1 SUPERVISED FINE-TUNING SETUP

Dataset Construction. To train the model to associate latent states with visually rele-
vant regions, we construct a synthetic dataset derived from Visual-CoT (Shao et al.,2024a)).
Visual-CoT provides image—question pairs accompanied by detailed reasoning traces and
a bounding box highlighting the region of the image the model should focus on in order
to answer the question effectively, making it a suitable foundation for structured latent
supervision.

We employ a large-scale reasoning-oriented multimodal model, Qwen3-VL-235B-
Thinking (Yang et al., |2025al), as the reference model. For each image—question pair
and its auxiliary images, we prompt the model to generate a structured reasoning trace
consisting of three components:

1. Pre-visual thought: A textual plan describing the visual information required (e.g., “I
need to identify the game title shown on the screen”).

2. Visual grounding: A set of bounding boxes highlighting regions of interest (ROIs) that
are relevant for answering the question (matching the ground-truth boxes).

3. Post-visual thought: A textual deduction derived specifically from the visual content
within those ROIs.

This procedure yields training samples in which bounding boxes are explicitly aligned with
individual reasoning steps in the supervision signal. During SFT, these bounding boxes are
used exclusively to extract the corresponding target feature representations from the vision
encoder, which are then used as regression targets for the model’s latent blocks. Importantly,
the bounding boxes themselves are never exposed to the model during training.

Training Configuration. We initialize all models from Qwen2.5-VL-3B-Instruct (Bai
et al [2025). To study the effect of latent capacity, we train variants with different latent
block sizes, each dubbed LantErn-SFT-{ K}, where K € {4,8,16,32}. We use a weighting
factor v = 0.1 for the latent alignment loss. These ablations allow us to examine how the
dimensionality of latent tokens affect downstream reasoning behavior.

Baselines. To isolate the contribution of continuous latent reasoning, we also train a
version with only next-token prediction, namely LantErn-NTP. This baseline uses the
same backbone architecture, same data, and special control tokens (e.g., <|1lvr_start|>,
<|1lvr_end|>), but treats the intermediate reasoning sequence as standard discrete text to-
kens. In particular, these intermediate reasoning tokens are autoregressively predicted using
the standard language modeling head, just like regular text tokens. The language modeling
head is never bypassed and no latent regression loss is applied. This comparison controls for
additional computation steps and token structure, ensuring that any observed differences
can be attributed specifically to the presence of continuous latent representations. We also
include Qwen2.5-VL-3B as the base pretrained model without task-specific fine-tuning. We
do not include direct comparisons with previously proposed latent visual reasoning methods
(e.g., LVR and Mirage) because they are trained and evaluated with significantly larger
backbone models (typically ~7B parameters), whereas our experiments are conducted with
a 3B-scale model. Given the substantial impact of model scale on multimodal reasoning
performance, such comparisons would not provide a controlled evaluation of the proposed
training approach.

Hyperparameters. All models are trained using AdamW with a learning rate of 1 x 107°
and a cosine learning rate schedule, together with a warmup ratio of 0.05. Additionally, the



Published at ICLR 2026 Workshop on Multimodal Intelligence

Model VisCoT V* Vg, VZp Blink Blinkor, Blinkgp
Qwen2.5-VL-3B  0.66 0.70 0.75 0.63 0.65  0.48 0.81
LantErn-NTP-4  0.80 0.72 0.71 0.72 0.60  0.45 0.72
LantErn-SFT-4  0.80 0.62 0.68 0.57 0.61  0.51 0.72
LantErn-SFT-8  0.81 0.65 0.71 0.60 0.60  0.52 0.68
LantErn-SFT-16  0.80 0.60 0.65 0.55 0.54  0.53 0.55
LantErn-SFT-32  0.79 0.72 0.72 0.71 0.58  0.49 0.66

Table 1: SFT evaluation results on V*, Blink and a subset of VisCoT datasets. DA = Direct
Attribution, RP = Relative Position, OL = Object Localization.

vision encoder is frozen to both simplify training and improve training stability, allowing the
model to focus on learning effective latent visual reasoning on top of fixed visual features.

4.2 EVALUATION BENCHMARKS

To evaluate LANTERN’s performance, we used a subset of Visual-CoT and two vision-centric
benchmarks V* Wu & Xie (2023) and a subset of Blink [Fu et al. (2024). V* assesses a
model’s ability to perform visual search in real-world scenarios, a fundamental capability
of human cognitive reasoning process involving visual information. Blink evaluates core
visual perception skills in scenarios where solving the task using text alone (textual priors)
is extremely challenging. We used a subset of Blink that focuses on object localization
and direct attribution, as it closely aligns with the skills learned in the previous stage
Together, these benchmarks provide a basis for evaluating the use of latent visual
representations.

4.3 SFT RESULTS

As shown in Table[1] all LANTERN variants improve over the Qwen2.5-VL-3B baseline on
Visual-CoT, indicating generalization beyond the supervision data. However, these gains
are comparable to the text-only LantErn-NTP baseline (0.80), suggesting that supervised
latent grounding alone already yields task-level benefits. SF'T mainly improves perception-
centric skills: for example, LantErn-SFT-8 increases Blinkgy, performance from 0.45 to 0.52,
indicating stronger object localization and perceptual grounding. In contrast, performance
on relational subsets (V{p and Blinkrp) remains similar or worse than LantErn-NTP, sug-
gesting that latent representations are not yet reliably used for complex reasoning.

Another observation is that performance does not increase monotonically with the latent
size K. For example, larger latent blocks can lead to degradation on some benchmarks (e.g.,
Blinkgp drops from 0.72 at K=4 to 0.66 at K=32), indicating a trade-off between latent
capacity and effective reasoning. This highlights a limitation of fixed-size latent reasoning
and suggests that future work could benefit from mechanisms that adapt latent capacity to
match the task complexity.

Overall, the SFT results suggest that supervised latent grounding provides perceptual struc-
ture but is insufficient on its own to produce consistent task-level improvements, motivating
the subsequent reinforcement learning stage.

4.4 REINFORCEMENT LEARNING SETUP

Following SFT, we apply RL on the LantErn-SFT-8 model to further refine the latent
reasoning policy. At the same time we keep the same baselines as before.

Dataset. For the RL stage, we use the VIRL-39k dataset (Wang et all [2025), which
contains a diverse collection of visual reasoning problems without explicit region-level su-
pervision. This setting allows us to evaluate whether RL can guide LANTERN in the absence
of bounding box annotations, relying only on task-level feedback.
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Model VisCoT V* Vj, Vip Blink Blinkos Blinkgp
Qwen2.5-VL-3B 0.66 0.70 0.75 0.63 0.65  0.48 0.81
NTP-RL 0.82 0.66 0.75 0.57 0.64  0.47 0.80
LantErn-RL-8  0.83 0.71 0.76 0.67 0.68  0.54 0.81

Table 2: RL evaluation results on VStar, Blink and a subset of Viscot datasets. DA =
Direct Attribution, RP = Relative Position, OL = Object Localization.

Implementation Details. We implement the RL training loop using the TRL li-
brary (von Werra et al. [2023)), extending the standard GRPOTrainer to support latent
state replay. As described in Section |3] latent replay records the continuous hidden states
generated during the rollout phase and reinjects them during the policy update step. This
modification stabilizes training by ensuring that importance sampling ratios are computed
under a fixed latent trajectory, while still allowing gradients to propagate to the parameters
responsible for latent generation.

Hyperparameters. We train with a learning rate of 5 x 10~% and a warmup ratio of 0.03
and latent size k = 8, as using 8 latent tokens seems to yield the best overall performance,
as indicated in Section . We set the KL regularization coefficient to 5 = 0.1 to limit
policy drift from the SFT initialization.

During the rollout phase, we sample G = 4 completions per prompt using temperature
T = 0.6 and top-p = 0.85 to encourage exploration of diverse latent reasoning trajectories.
The reward function combines a sparse accuracy reward (weight 1.0) with a format reward
(weight 1.0), which encourages the explicit use of latent reasoning blocks and prevents
collapse to purely textual solutions.

4.5 RL RESULTS

Applying RL on top of LantErn-SFT-8 leads to consistent performance improvements, out-
performing both the base model and the NTP-RL variant, across all evaluated benchmarks.
The largest gains appear on out-of-distribution, perception-heavy benchmarks. No-
tably, performance on Blinkgp improves from 0.68 (SFT) to 0.81, representing a substantial
gain. This trend is consistent across additional tasks: compared to the NTP baseline, per-
formance increases on Vip (0.57 — 0.67) and Blinkor, (0.47 — 0.54), further indicating
improved spatial and relational reasoning.

These results support our hypothesis that RL is the stage at which latent states transi-
tion from perceptually faithful reconstruction to task-driven internal visual representations.
Although additional ablations are needed to fully characterize this effect, the consistent
gains across benchmarks indicate that RL enables more effective internal use of visual in-
formation. Finally, achieving parity with a 7B model on several benchmarks highlights the
potential of latent visual reasoning as a compute-efficient alternative to model scaling for
perception-centric tasks.

5 CONCLUSIONS

In this paper, we present LANTERN as a novel multimodal hybrid reasoning framework
that interleaves latent visual reasoning with standard text generation. Our framework is
trained in two stages. First, we perform SFT to distill this capability into the model by
explicitly joint supervision in the latent representations and text tokens, enabling it to
align these latent representations with visual concepts and to form abstract visual thoughts.
In the second stage, we apply RL to further train the model to generate its own latent
representations without being constrained to maintain strict fidelity enforced by the previous
stage. This grants the model greater freedom to explore task-specific solutions and to revamp
abstract visual thoughts, resulting in improved performance on visual reasoning benchmarks.
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Limitations and Future Work: Despite its effectiveness, the framework has some limita-
tions. First, interleaved latent reasoning depends on the quality and diversity of multimodal
trajectories, which are currently concentrated in a narrow visual domain. Second, the model
uses a fixed number of latent tokens; enabling dynamically sized latent blocks that adapt to
task complexity is a promising direction. Finally, a deeper analysis of latent dependencies
is needed, including methods to visualize latent representations and better understand their
utility and alignment with generated text.
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6 ETHICS STATEMENT

LANTERN is a multimodal reasoning framework designed to improve visual reasoning capa-
bilities in large vision—language models. While such systems can enable beneficial applica-
tions in accessibility, education, and scientific analysis, they also raise ethical considerations
related to misuse, bias, and transparency. Multimodal models may inherit biases present in
their training data, including cultural, demographic, or representational imbalances. These
biases can affect model outputs and may disproportionately impact underrepresented groups.
Although Lantern focuses on reasoning mechanisms rather than dataset expansion, it re-
lies on existing multimodal corpora whose limitations may propagate into the model. Care
should be taken when deploying such systems in high-stakes settings.

7 REPRODUCIBILITY STATEMENT

We prioritize reproducibility by providing detailed descriptions of the Lantern architecture,
training pipeline, and evaluation protocols. The paper specifies the model backbone, latent
reasoning mechanism, and the two-stage training procedure (supervised fine-tuning and re-
inforcement learning). Hyperparameters, optimization settings, and dataset compositions
are reported in the main text and appendix. We use publicly available benchmarks for
evaluation and clearly describe preprocessing and evaluation procedures. All experiments
are conducted using deterministic training configurations where possible, including fixed
random seeds and documented hardware setups. To facilitate replication, we plan to release
implementation details, training scripts, and configuration files upon publication. These
materials will include instructions for reproducing the main experiments, along with pre-
trained checkpoints where licensing permits. We acknowledge that training large multimodal
models requires significant computational resources. To mitigate this barrier, we provide
ablation studies and smaller-scale configurations that reproduce key findings using reduced
compute budgets.
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