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Abstract

Traditional multimodal learning approaches require expensive alignment pre-
training to bridge vision and language modalities, typically projecting visual fea-
tures into discrete text token spaces. We challenge both fundamental assumptions
underlying this paradigm by proposing Inverse-LLaVA, a novel approach that
eliminates alignment pre-training entirely while inverting the conventional mapping
direction. Rather than projecting visual features to text space, our method maps text
embeddings into continuous visual representation space and performs fusion within
transformer intermediate layers. Through selective additive components in attention
mechanisms, we enable dynamic integration of visual and textual representations
without requiring massive image-text alignment datasets. Comprehensive exper-
iments across nine multimodal benchmarks demonstrate nuanced performance
trade-offs: Inverse-LLaVA achieves notable improvements on reasoning-intensive
and cognitive tasks (MM-VET: +0.2%, VizWiz: +1.8%, ScienceQA: +0.2%, cog-
nitive reasoning: +27.2%), while showing expected decreases in perception tasks
requiring memorized visual-text associations (celebrity recognition: -49.5%, OCR:
-21.3%). These results provide the first empirical evidence that alignment pre-
training is not necessary for effective multimodal learning, particularly for complex
reasoning tasks. Our work establishes the feasibility of a new paradigm that reduces
computational requirements by 45%, challenges conventional wisdom about modal-
ity fusion, and opens new research directions for efficient multimodal architectures
that preserve modality-specific characteristics. Our project website with code and
additional resources is available at https://inverse-llava.github.io.

1 Introduction

The rapid evolution of large language models has fundamentally reshaped our understanding of
artificial intelligence. Through the seemingly simple paradigm of next-token prediction, models like
GPT-3 [4], PaLM [8], and GPT-4 [30] have demonstrated that scaling neural networks can yield
remarkable capabilities in reasoning, comprehension, and generation. This success has naturally
prompted researchers to extend these powerful language backbones into the visual domain, leading to
the emergence of large vision-language models (LVLMs) that promise to bridge the gap between
textual understanding and visual perception.

The path toward multimodal intelligence began with foundational works that established the core
architectural principles still dominant today. Flamingo [2] pioneered the integration of vision encoders
with frozen language models through sophisticated cross-attention mechanisms, while BLIP-2 [22]
introduced the influential Q-Former architecture for bridging visual and textual modalities. Building
upon these early innovations, more recent models such as LLaVA [25, 23], Qwen2-VL [39], and
SEED-1.5-VL [15] have demonstrated that sophisticated multimodal reasoning can emerge from
relatively straightforward architectural designs. Across all these approaches, a consistent paradigm

ar
X

iv
:2

50
8.

12
46

6v
1 

 [
cs

.C
V

] 
 1

7 
A

ug
 2

02
5

https://inverse-llava.github.io
https://arxiv.org/abs/2508.12466v1


Figure 1: High-level overview of the proposed Inverse-LLaVA framework on an MME bench-
mark example [13]. (a) LLaVA projects visual features into discrete text space via an explicit projec-
tion, requiring alignment pre-training, and produces the wrong answer ("Yes"). (b) Inverse-LLaVA
maps text embeddings into continuous vision space for fusion, eliminating alignment pre-training,
and yields the correct answer ("No"). Blue indicates vision flow, green indicates text flow, red denotes
explicit projection, purple represents LLM components and orange indicates LLM output.

has emerged: visual information is processed by specialized encoders and then mapped into the
discrete token space that language models can process.

However, this conventional wisdom rests on a fundamental assumption that may be unnecessarily
constraining. The standard approach requires a computationally expensive two-stage training process
where continuous visual features must first undergo alignment training to conform to the discrete
distributional structure of text embeddings. During this alignment phase, the rich, continuous nature
of visual representations is forced to match the inherently discrete characteristics of linguistic tokens,
which originate from finite vocabulary lookups. This distributional conformity potentially limits
the preservation of fine-grained spatial and photometric details that could be crucial for visual
understanding. Moreover, this alignment stage typically demands hundreds of millions of paired
image-text examples, dominating the computational budget and creating significant barriers for
resource-constrained research environments.

What if this entire paradigm could be inverted? Rather than constraining continuous visual features to
conform to discrete text distributions, we propose mapping text embeddings into the richer continuous
visual space. This architectural inversion preserves the continuous nature of visual information while
maintaining compatibility with existing language model architectures. Our approach, which we call
Inverse-LLaVA, as shown in Figure 1, operates within the attention mechanism itself through a
LoRA-inspired projection strategy. Text embeddings are mapped to match the dimensionality of
visual features, concatenated along the feature dimension, and projected back to the original hidden
state dimensionality. This design eliminates the need for expensive alignment pre-training entirely
while preserving the expressive power of continuous visual representations.

In summary, our contributions are threefold:

• We propose an inverse mapping approach that projects text embeddings into continuous
visual space rather than constraining visual features to discrete token distributions, preserving
visual information continuity within standard transformer architectures.

• We demonstrate that this inverse mapping eliminates the alignment pre-training stage while
reducing training computational requirements by 45%, using only instruction tuning data
without the millions of image-text pairs required for alignment.
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• We provide empirical evidence across nine benchmarks showing that text-to-visual projection
achieves strong performance on reasoning-intensive tasks (MM-VET: +0.2%, ScienceQA:
+0.2%, cognitive tasks: +27.2% improvement) while acknowledging trade-offs in perception
tasks requiring memorized visual-text associations (overall perception: -12.4%), validating
our theoretical framework about when inverse mapping excels.

2 Preliminaries

2.1 Multimodal Training Paradigms and Alignment Bottlenecks

Current large vision-language models universally follow a two-stage training paradigm that has
become the de facto standard. Building on foundational work in contrastive vision-language learning
[31], modern LVLMs adopt generative approaches that integrate visual understanding with language
generation capabilities. Flamingo [2] pioneered cross-attention mechanisms for frozen language
models, while BLIP-2 [22] introduced the Q-Former architecture for efficient visual feature extraction.
The LLaVA family [25, 23] streamlined this with simple linear projections, achieving remarkable
performance with architectural simplicity.

The first stage involves alignment pre-training, where visual features are mapped into a semantic
space compatible with language models through massive image-text datasets [25, 23, 39, 15]. This
process typically requires hundreds of millions of examples and dominates computational budgets.
The second stage applies instruction tuning to teach multimodal task performance. This alignment
stage has proven crucial for the performance of current architectures, as demonstrated by significant
improvements achieved through proper vision-language alignment techniques [1].

However, while alignment is essential for existing paradigms, it creates both computational and
representational bottlenecks that limit scalability and accessibility. Beyond the enormous resource
requirements, the alignment process fundamentally forces continuous visual features to conform
to the discrete distributional structure of text embeddings, which originate from finite vocabulary
lookups. Research has shown that significant gaps can emerge between image and text embeddings
during training, particularly when using standard next-token prediction objectives [1], illustrating the
fundamental challenges in current alignment approaches. This distributional constraint potentially
limits the preservation of fine-grained visual information that exists naturally in continuous visual
manifolds.

Various efficiency improvements have been explored, including parameter-efficient training methods
and architectural innovations. Vision-as-LoRA (VoRA) [38] represents a notable departure by
eliminating external vision modules entirely, incorporating vision capabilities directly into language
models through vision-specific low-rank adaptation layers. However, these approaches typically still
require expensive alignment stages or introduce other training complexities, leaving the fundamental
computational bottleneck unaddressed.

2.2 Continuous Representations in Multimodal Models

The treatment of continuous versus discrete representations represents a fundamental design choice
in multimodal architectures. While language models operate on discrete tokens, their internal
representations are inherently continuous. Theoretical work has demonstrated that Transformer-based
language models implicitly learn to represent sentences as continuous-time functions defined over
continuous input spaces [28], suggesting that these models naturally operate in continuous embedding
spaces despite discrete input tokenization.

This perspective challenges the standard practice of constraining visual features to conform to discrete
text distributions. Visual features naturally exist in continuous manifolds that can preserve nuanced
spatial and semantic information when left unconstrained by distributional alignment requirements.
Alternative approaches have explored deeper integration strategies, such as incorporating visual
expert modules within transformer layers [40] or enabling modality collaboration through shared
functional modules [41], suggesting that multimodal processing may be more natural when performed
within the continuous representation spaces of the model’s internal layers rather than only at input
boundaries.
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Our approach builds on these insights by inverting the traditional mapping direction within the contin-
uous representation spaces of intermediate layers. Rather than constraining visual representations to
match discrete text distributions at the input level, we project text embeddings into continuous visual
spaces and perform fusion within the model’s hidden states, where both modalities naturally exist as
continuous representations. This design preserves the inherent continuity of visual information while
leveraging the continuous nature of transformer internal processing, eliminating both the computa-
tional expense of alignment training and the representational constraints imposed by distributional
alignment requirements.

2.3 Problem Formulation

Consider a multimodal input consisting of an image I and text sequence T = {t1, t2, . . . , tn}.
Traditional approaches first extract visual features V = fvis(I) ∈ Rdv×p where p is the number of
visual patches, then project them into text embedding space:

Vproj = Wv2tV + bv2t (1)

where Wv2t ∈ Rdh×dv maps visual features to the language model’s hidden dimension dh.

This conventional approach requires expensive alignment pre-training to learn Wv2t on massive
image-text pairs, forcing continuous visual representations to conform to discrete text distributions.

3 Methodology

We propose Inverse-LLaVA, a novel approach that eliminates alignment pre-training by inverting the
traditional modality mapping direction. Rather than projecting visual features into discrete text token
space, our method maps text embeddings into continuous visual representation space and performs
fusion within the transformer’s intermediate layers (See Figure 2 for the detailed architecture).

The motivation for this inversion stems from a fundamental asymmetry between modalities. Visual
features extracted from continuous pixel values naturally form dense, high-dimensional representa-
tions where spatial relationships and fine-grained details are encoded through continuous variations.
In contrast, text embeddings originate from discrete vocabulary lookups, representing a finite set of
semantic concepts. When we force continuous visual signals into discrete text space—as done in con-
ventional approaches—we inevitably lose information through quantization. This loss is particularly
problematic for tasks requiring precise spatial reasoning, numerical understanding, or fine-grained
visual details. By instead expanding discrete text into the richer continuous visual space, we preserve
the full expressiveness of visual information while text embeddings can naturally expand to fill the
available representational capacity, potentially enabling more nuanced cross-modal interactions.

3.1 Inverse Mapping Strategy

Our key insight is to preserve visual continuity by inverting this mapping direction. We maintain the
visual features V in their native continuous space and instead project text embeddings to match the
visual dimensionality:

Tproj = Wt2vT+ bt2v (2)

where T ∈ Rdh×n are the text embeddings and Wt2v ∈ Rdv×dh projects text into visual space.

3.2 Vision-Text Fusion Mechanism

We implement this inverse mapping through a novel vision-text fusion mechanism that, while inspired
by LoRA’s parameter-efficient philosophy, differs significantly in its architectural design and fusion
strategy. Unlike standard LoRA that applies low-rank decomposition to existing weight matrices, our
approach introduces selective additive fusion components that enable dynamic integration of visual
and textual representations.

For selected attention layers l ∈ S ⊆ {1, 2, . . . , L}, we augment the standard query, key, and value
projections with vision-fused components:
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Figure 2: Architecture comparison between LLaVA and Inverse-LLaVA. LLaVA employs a
two-stage training approach with alignment pretraining followed by instruction fine-tuning, where
vision and text tokens are concatenated before being fed to the LLM. In contrast, Inverse-LLaVA uses
single-stage training with text-guided visual fusion in intermediate layers, where vision information
is integrated through learnable text-to-vision projections and combined with original hidden states
via residual connections.

Ql = W
(l)
Q Hl + α

(l)
Q W

Q,(l)
concatconcat(W(l)

t2vHl,Vemb) (3)

Kl = W
(l)
K Hl + α

(l)
K W

K,(l)
concatconcat(W(l)

t2vHl,Vemb) (4)

Vl = W
(l)
V Hl + α

(l)
V W

V,(l)
concatconcat(W(l)

t2vHl,Vemb) (5)

where:

• W
(l)
Q ,W

(l)
K ,W

(l)
V are frozen pre-trained projection matrices

• α
(l)
Q , α

(l)
K , α

(l)
V ∈ R are learnable scaling parameters

• W
(l)
t2v ∈ Rdv×dh projects hidden states to visual dimensionality

• Vemb ∈ Rdv×p are the visual embeddings from the vision encoder

• W
{Q,K,V },(l)
concat ∈ Rdh×2dv are learnable concatenation projection matrices

• S is a configurable subset of layers where fusion is applied (can be one or more layers)
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Algorithm 1 Z← INVERSE-LLAVA-FORWARD(I, T | W,S)
Inputs: images I; text sequence T , length n.
Output: logits Z ∈ R|V|×n per-text-position vocabulary logits (probabilities via softmax(Z)).
Hyperparams: L = number of LLM layers; S ⊆ {1, . . . , L} = fusion layer indices.
Components (frozen unless noted):

fvis — vision encoder extracting visual token sequence.
Embedding layer + LLM (self-attention + FFNs).
W

(l)
t2v,W

Q,K,V,(l)
concat , α

(l)
Q,K,V — fusion params at layer l ∈ S (trainable).

Wlm,blm — LM head mapping hidden states to vocabulary logits.
Complementary slotting: choose disjoint Ptext,Pvis ⊂ {1, . . . , n}, covering all positions.

1: Vvis ← fvis(I) ▷ vision token sequence
2: H0 ← Embed(T ) ▷ text token embeddings
3: Build complementary padded streams:

Tpad: keep text embeddings at Ptext, zeros elsewhere.
Vpad: place vision tokens at Pvis, zeros at text positions.

4: for l = 1 to L do
5: if l ∈ S then ▷ fusion layer
6: Tproj ←W

(l)
t2v Hl−1 ▷ text→ vision projection

7: Fconcat ← concat
(
Tpad

proj,Vpad

)
8: Compute Ql,Kl,Vl from Eqs. (3)–(5)
9: Hl ← Attention(Ql,Kl,Vl)

10: else
11: Hl ← Attentionl(Hl−1)
12: end if
13: Hl ← FFNl(Hl) +Hl−1 ▷ residual
14: end for
15: Z←Wlm HL + blm ▷ per-position logits
16: return Z

The key distinction from LoRA lies in our fusion strategy: instead of decomposing existing weights,
we introduce an additive pathway that processes concatenated visual-textual features. The text-
to-vision projection W

(l)
t2v maps from the language model’s hidden dimension dh to the visual

dimension dv , where typically dv = dh

2 to dh

4 , creating a more compact yet expressive visual-aligned
representation space.

3.3 Training Objective

Our approach eliminates the alignment stage entirely. We train end-to-end using standard autoregres-
sive language modeling loss:

L = −
|Ttarget|∑
i=1

logP (ti|I, t<i; θ) (6)

where Ttarget is the target text sequence and θ represents all trainable parameters including the LoRA
adaptation matrices.

3.4 Advantages of the Inverse Approach

This design offers several key advantages: (1) Preserves visual continuity: Visual features remain in
their native continuous manifold without discretization constraints. (2) Eliminates alignment cost:
No separate pre-training stage is required, reducing computational overhead by orders of magnitude.
(3) Parameter efficiency: Only trains lightweight projection matrices and scaling parameters rather
than full model weights. (4) Maintains compatibility: The approach works with any pre-trained
vision encoder and language model combination without architectural modifications. (5) Adaptive
fusion: The learnable scaling parameters α allow the model to dynamically balance between original
language model representations and vision-fused features.

6



4 Experiments

We conduct controlled experiments to evaluate the effectiveness of our inverse mapping paradigm,
comparing Inverse-LLaVA with baseline LLaVA-1.5[23] across nine multimodal benchmarks. Our
experimental design isolates the architectural effect by maintaining identical training data, backbone
models, and optimization settings. We analyze performance patterns across diverse vision-language
tasks to understand how inverse mapping affects reasoning capabilities, visual understanding, and the
fundamental need for alignment pre-training. Through detailed performance analysis, particularly on
the MME[13] benchmark, we reveal significant performance gains in cognitive tasks while identifying
specific trade-offs in visual perception domains.

4.1 Experimental Setup

We implement Inverse-LLaVA using Vicuna-7B-v1.5[43] as the language model backbone and CLIP-
ViT-Large-Patch14-336[31] as the vision encoder, maintaining identical foundation components to
LLaVA-1.5 for controlled comparison. All experiments are conducted on 8 NVIDIA A100 GPUs,
matching the computational setup used for LLaVA-1.5 training.

Training Configuration. To ensure rigorous comparison, we adopt identical training protocols to
LLaVA-1.5: the LLaVA-v1.5-mix665k instruction tuning dataset containing 665,000 image-text pairs,
single-epoch training with cosine learning rate scheduling (learning rate 2× 10−4, weight decay 0.0,
warmup ratio 0.03), and batch size of 32 samples per device. Both baseline and proposed methods
employ LoRA fine-tuning [17] with rank r = 128 and scaling factor α = 256. Critically, our approach
applies LoRA adaptation only to transformer layers without visual information injection—specifically,
all layers except the first layer where vision-text fusion occurs.

Architectural Distinctions. The fundamental difference between our approach and LLaVA-1.5 lies
in the modality fusion strategy. LLaVA-1.5 employs a learnable MLP projector that maps visual
features V ∈ Rdv×p to language model dimensions dh, requiring expensive alignment pre-training on
massive image-text pairs. In contrast, Inverse-LLaVA eliminates vision-to-text projection entirely and
instead projects text embeddings to visual space via learnable matrices W(l)

t2v ∈ Rdv×dh , performing
fusion within the first transformer layer through our proposed concatenation mechanism.

Vision Feature Variants. We investigate two visual representation strategies: Inverse-LLaVA utilizes
final CLIP hidden states (dv = 1024), while Inverse-LLaVA-HD concatenates final and penultimate
CLIP hidden states (dv = 2048) for richer visual representation. Note that LLaVA-1.5 conventionally
uses penultimate CLIP features; our investigation explores optimal feature selection for inverse
mapping compatibility.

Evaluation Protocol. We assess performance across nine established multimodal benchmarks:
MM-VET [42], MMBENCH and MMBENCH-CN [26], MME [13], VizWiz [16], ScienceQA [27],
VQAV2 [14], TextVQA [35], and GQA [18], following standard evaluation protocols for each dataset.

4.2 Paradigm Validation: Inverse Mapping Without Alignment

We investigate two fundamental questions about multimodal learning:
1. Does the conventional vision-to-text mapping constrain the rich continuous nature of visual

representations, limiting multimodal understanding?
2. Can inverse text-to-vision mapping preserve visual information richness while eliminating

the need for expensive alignment pre-training?
Visual Information Preservation Through Inverse Mapping. Table 1 demonstrates that our inverse
mapping approach achieves competitive performance across nine vision-language benchmarks while
fundamentally rethinking how modalities interact. Unlike conventional methods that compress visual
features to match text distributions, we project text embeddings into the richer visual space, preserving
spatial relationships and fine-grained visual details.

The results reveal selective advantages: Inverse-LLaVA outperforms LLaVA-1.5 on MM-VET (31.2
vs 31.1), VizWiz (50.95 vs 50.0), and notably on ScienceQA-IMG (67.84 vs 66.80). However, we
observe consistent degradation on tasks requiring precise visual-text alignment, including TextVQA
(52.02 vs 58.2) and GQA (58.46 vs 62.0). This performance pattern suggests our approach excels at
reasoning tasks while struggling with direct visual-linguistic correspondence.
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Table 1: Performance comparison of vision-language models using Vicuna-7B[43] as the back-
bone LLM across multiple vision-language benchmarks. We evaluate models on MM-VET [42];
VizWiz [16]; SQAI: ScienceQA-IMG[27]; MMB: MMBench[26]; MMBCN: MMBench-CN [26];
MMEp: MME-Perception[13]; VQAV2: VQA-v2 [14]; VQAT: TextVQA [35]; GQA [18]. Bold indi-
cates the best performance and underlined indicates the second-best performance in each benchmark.

Model MM-VET VizWiz SQAI MMB MMBCN MMEp VQAV2 VQAT GQA

LLaVA-1.5[23] 31.1 50.0 66.80 64.3 58.3 1510.7 78.5 58.2 62.0
InstructBLIP[9] 26.2 34.5 60.5 36.0 23.7 - - 50.1 49.2
InternVL-Chat[6] - 52.5 - - - 1521.1 79.3 57.0 62.9
EVE-7B[10] 25.6 41.8 63.0 49.5 - 1217.3 75.4 51.9 60.8
Inverse-LLaVA 31.2 50.95 67.84 54.55 41.84 1293.15 74.76 52.02 58.46
Inverse-LLaVA-HD - - - - - 1335.67 - - 59.33

"-" denotes unreported results or experiments not conducted due to computational constraints. LLaVA-
1.5 results from [23]; InstructBLIP, InternVL-Chat, and EVE-7B results from [10]. Inverse-LLaVA-HD
evaluated on limited benchmarks due to computational constraints.

Table 2: Training data comparison. #Samples indicates the number of samples used in alignment
pre-training and instruction fine-tuning stages respectively.

Model Alignment #Samples Finetune #Samples
LLaVA-1.5[23] 558K 665K
InstructBLIP[9] 129M 1.2M
InternVL-Chat[6] 4.98B 665K
EVE-7B[10] 33M 665K
Inverse-LLaVA - 665K

Alignment-Free Learning Validation. Table 2 starkly illustrates our paradigm shift: while LLaVA-
1.5 requires 558K alignment samples, InstructBLIP uses 129M, and InternVL-Chat employs a massive
4.98B samples, Inverse-LLaVA achieves competitive performance with zero pre-training samples.
This 100% reduction in alignment requirements validates our hypothesis that architectural design can
substitute for data-intensive alignment procedures.

The performance patterns across benchmarks support this validation. Despite the absence of alignment
training, our approach shows advantages in reasoning-heavy tasks (ScienceQA-IMG: 67.84 vs 66.80)
while exhibiting systematic degradation on recognition and grounding tasks (MMB: 54.55 vs 64.3,
TextVQA: 52.02 vs 58.2, GQA: 58.46 vs 62.0). This dichotomy validates our hypothesis that inverse
mapping favors abstract reasoning over direct visual-text correspondence.

4.3 Performance Pattern Analysis: Visual Richness vs. Alignment Constraints

The MME benchmark breakdown (Figure 3) provides granular insights into how our architectural
choices manifest across different task types. Comparing Inverse-LLaVA models against LLaVA-1.5-
7B-LoRA (all using LoRA for fair comparison), we observe distinct performance signatures.

Emergent Advantages in Cognitive Tasks. Most strikingly, Inverse-LLaVA achieves a 27.2%
higher cognition score (328.21 vs 257.86), with dramatic improvements in numerical calculation
(+69.2%) and text translation (+125%). These gains were unexpected—our design prioritized visual
representation preservation, not cognitive enhancement. This emergence suggests that maintaining
continuous visual features enables richer cross-modal reasoning than anticipated.

The cognitive advantages persist in code reasoning (55.0 vs 52.5) and remain competitive in com-
monsense reasoning (105.71 vs 122.86). The HD model shows further refinement, improving
commonsense reasoning to 122.14 while maintaining strong text translation performance (97.5).

Recognition Task Trade-offs. As predicted by our theoretical framework, perception tasks show
clear trade-offs (1293.15 vs 1477.05). The gaps are most pronounced in tasks requiring learned
visual-text associations: celebrity recognition (-49.5%), OCR (-21.3%), and artwork identification
(-20.0%). These tasks benefit from the discrete pattern matching that alignment training optimizes
for, where specific visual patterns map to memorized text tokens.
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Figure 3: MME Benchmark Analysis comparing LLaVA-1.5-7B-LoRA, Inverse-LLaVA, and Inverse-
LLaVA-HD across cognitive and perception tasks in the MME benchmark[13]. Left (top): Cognitive
tasks performance showing Inverse-LLaVA achieving superior performance in numerical calculation
(+69%) and text translation (+125%) compared to the baseline LLaVA-1.5-7B-LoRA model. Right
(top): Overall performance comparison. Bottom: Perception tasks evaluation shows that Inverse-
LLaVA variants excel in Existence and Count tasks, with Inverse-LLaVA-HD achieving perfect
performance on Existence tasks. However, significant performance drops in Celebrity recognition
(-50%) and OCR tasks (-21%) primarily account for the overall perception score gap. The results
indicate that inverse training maintains strong cognitive capabilities while showing task-specific
effects on perception.

However, the progression from Inverse-LLaVA to Inverse-LLaVA-HD (1293.15→ 1335.67) demon-
strates that enhanced visual encoders can partially mitigate these gaps. HD achieves perfect existence
detection (200.0) and improves across multiple perception metrics, suggesting that richer visual
features can compensate for the lack of explicit alignment when properly utilized.

4.4 Architecture Analysis: Continuous Representations and Training Dynamics

Representation Space Asymmetry. Our inverse mapping exploits a fundamental asymmetry between
modalities: while text exists as discrete tokens from a finite vocabulary, visual features form a
continuous manifold in high-dimensional space. By projecting discrete text embeddings into the
continuous visual space rather than the reverse, we avoid the quantization error inherent in discretizing
continuous visual information.

Formally, let V ⊂ Rdv denote the visual feature space and T ⊂ Rdt the text embedding space.
Traditional approaches learn f : V → T , requiring continuous features to approximate discrete
text distributions. Our inverse mapping g : T → V preserves the full expressiveness of V while
maintaining injectivity for text features—ensuring no information loss from the text modality.

This design choice has measurable consequences: the preserved visual feature dimensionality enables
the model to maintain fine-grained spatial information (evidenced by strong ScienceQA performance)
and supports unexpected cognitive capabilities (demonstrated in Figure 3).

Training Dynamics and Convergence Properties. The elimination of alignment pre-training
fundamentally alters the optimization landscape. Traditional approaches require two-stage training:
first learning cross-modal correspondences through contrastive or generative objectives, then fine-
tuning for downstream tasks. This creates a sequential dependency where suboptimal alignment
limits downstream performance.
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Our single-stage training directly optimizes for task performance without the alignment bottleneck.
The training efficiency—achieving competitive results with 45% fewer total samples than LLaVA-1.5—
suggests that the inverse mapping creates a more favorable optimization landscape. The consistent
convergence across diverse benchmarks (Table 1) indicates that the expanded text representations
naturally align with visual features during task-specific training.

Preserved Language Model Priors. A critical design choice in our approach is preserving pre-
trained language model representations. By adapting text through learned projections rather than
modifying the core LLM weights during alignment, we maintain the linguistic priors acquired during
large-scale language pre-training. However, this preservation shows mixed effects: while certain
language-reasoning tasks benefit (Text Translation: 112.5), others requiring tight visual-text coupling
suffer (TextVQA: 52.02 vs 58.2).

This divergence reveals a nuanced trade-off: our projection mechanism excels when language
understanding can leverage expanded representations for reasoning (translation, calculation), but
struggles when tasks demand precise visual-to-text grounding (OCR, TextVQA). The expansion
of text embeddings into visual space, while preserving linguistic structure, may dilute the sharp
visual-textual associations needed for reading text in images.

4.5 Implications for Multimodal Learning

Our results challenge the conventional wisdom that alignment pre-training is essential for vision-
language models. The evidence suggests that:

1. Architectural innovation can substitute for data scale: Proper design choices eliminate
the need for millions of alignment samples while maintaining competitive performance.

2. Visual richness preservation enables emergent capabilities: Maintaining continuous
visual representations unexpectedly enhances cognitive reasoning tasks, suggesting deeper
connections between representation quality and reasoning ability.

3. Trade-offs reflect fundamental design choices: The performance patterns validate our
theoretical framework—tasks requiring memorized associations favor alignment-based
approaches, while complex reasoning benefits from preserved visual richness.

These findings have broader implications for multimodal foundation model design, suggesting that
future architectures should prioritize preserving each modality’s natural characteristics rather than
forcing convergence through alignment.

5 Limitations and Future Directions

Our experiments reveal both fundamental constraints and untapped potential of the inverse mapping
paradigm, offering insights for multimodal learning beyond vision-language tasks. Central to
understanding these findings is what we term the representational bias hypothesis, which explains
the systematic performance patterns observed across different task categories.

The Representational Bias Hypothesis. We propose that the performance dichotomy between
inverse mapping and alignment-based approaches reflects a fundamental difference in multimodal
representation learning [31, 22]. Current VLMs, through their alignment and pre-training stages,
effectively quantize continuous visual features into discrete tokens that are by design processed
as textual puzzles—alignment forces visual understanding to be encoded in the same linguistic
dimension as text [22, 24]. This process, while computationally efficient, transforms genuine visual
understanding into sophisticated puzzle-solving mechanisms where the backbone LLM learns to
decode visual information that has been artificially constrained to textual representations, rather than
processing the underlying continuous visual dynamics in their native dimensionality [2, 8].

This hypothesis explains several key observations in our MME benchmark results [13]. Current
VLMs demonstrate diminishing returns or even performance degradation when exposed to increased
training data—not because they lack capacity, but because they are fundamentally solving textual
puzzles embedded with visual patterns rather than understanding dynamic visual signals in their native
form [43, 42]. The token-based representation, while capturing task-relevant patterns, inherently
loses the rich continuous information necessary for genuine multimodal reasoning by forcing visual
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understanding through the constraints of textual encoding [4, 30]. Consequently, alignment-based
models excel at correspondence tasks like Celebrity recognition and OCR (where pattern matching
within textual representations suffices) but struggle with complex reasoning requiring integration of
fine-grained visual details processed in their continuous form, as evidenced by our substantial gains
in Numerical Calculation (+69.2%) and Text Translation (+125%).

Performance Dichotomy Explained. Our results show a clear split: correspondence tasks needing
precise visual-text matching (Celebrity: -49.8%, OCR: -21.3%) favor alignment-based, while reason-
ing tasks benefit from preserved visual richness (Numerical Calculation: +69.2%, Text Translation:
+125%). This dichotomy stems from the fundamental difference between pattern recognition within
constrained textual representations and genuine understanding across separate modality dimensions.

Critically, the nature of bias in multimodal representations manifests differently across task do-
mains [26, 16]. Like color-blindness affecting specific visual processing while leaving other capabili-
ties intact, our model exhibits selective limitations—notably in color-related tasks and OCR where
subtle color distinctions may be crucial—while excelling in domains requiring rich continuous infor-
mation. Our approach demonstrates a form of "color-blindness" in the MME benchmark, showing
reduced performance in Color tasks and OCR (where close color similarities may confound text
recognition), yet this selective limitation does not impair reasoning capabilities that benefit from
preserved visual richness.

This selective bias contrasts fundamentally with alignment-based approaches, where the bias toward
discrete textual representations is systemic and by design [22, 9, 2, 31]. Current VLMs like LLaVA are
architecturally constrained to process visual information through textual tokens, creating overfitting
to pattern-matching tasks that can be solved within these representational limits [25, 23]. This design-
level bias cannot be easily overcome through additional training, as it is embedded in the fundamental
processing paradigm. Conversely, our model’s current limitations (such as color sensitivity) represent
training-addressable challenges rather than architectural constraints, more targeted training could
resolve these specific deficits while preserving the advantages of continuous processing.

Alignment-based methods create efficient shortcuts for matching discrete visual patterns that have
been encoded as textual tokens, making them superior for tasks where such correspondences suffice.
However, when tasks [27, 13] demand reasoning across complex visual relationships or extracting
nuanced information that cannot be adequately captured through textual encoding, the preserved
continuous signals processed in separate dimensions in our approach provide crucial advantages.

The high-dimensional (HD) version’s mixed performance in cognitive tasks further validates this
hypothesis. While some cognitive tasks show slight degradation, this reflects the expected learning
curve of processing richer, more dynamic visual signals without pre-filtering through task-specific
abstractions. Significantly, the HD version achieves perfect scores in Existence tasks, demonstrating
that when given access to higher-dimensional continuous information, the model can achieve superior
understanding for tasks requiring precise visual analysis. This suggests that as models scale and
training strategies optimize, continuous approaches will increasingly outperform discrete methods
across broader task categories [8, 30].

Architectural Sensitivity and Precision Requirements. The inverse mapping approach shows
remarkable sensitivity to design choices, where simple modifications—replacing concatenation with
addition, or introducing gating mechanisms—cause substantial performance degradation. This brittle-
ness stems from operating directly in high-dimensional visual space, where preserving information
flow requires precise architectural configurations. Additionally, our approach requires maintaining
exact numerical precision from visual encoders throughout the pipeline, contrasting with conventional
methods’ tolerance for precision variations [19]. While this validates our information preservation
claims, it complicates deployment in resource-constrained environments.

Technical Constraints. Two implementation challenges emerged. Multi-layer injection attempts
(simultaneously at layers 1 and 3) resulted in significant performance degradation, producing un-
stable outputs with gradient instabilities. Without alignment pre-training to establish cross-modal
coordination, the model cannot effectively reconcile multimodal signals across different processing
depths—though hierarchical integration remains theoretically appealing, mirroring human sensory
processing [12, 33]. This limitation reflects the model’s need to develop new mechanisms for process-
ing continuous multimodal signals rather than relying on pre-established discrete correspondences.
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Scaling Potential and Future Promise. Despite current limitations, our approach demonstrates
clear improvement trajectories, indicating substantial headroom remains. The continuous nature of
our signals creates what we term a more "information-preserving representational framework"—one
that maintains access to the full spectrum of visual information rather than pre-filtering it through
task-specific statistical abstractions [37, 34]. This paradigm resembles providing visual signals
to "wisdom that was once blind": the model may initially appear less efficient than specialized
puzzle-solvers, requiring more computational resources to process uncompressed information, but
possesses fundamentally greater potential for genuine multimodal understanding [3, 21].

Three factors support scaling optimism. First, stronger LLM backbones should yield proportional
gains given our preservation of linguistic capabilities [8, 30]. Second, modern techniques like
AnyRes [24] naturally complement our approach since we maintain rather than compress visual
information and process modalities in their native dimensions [11, 39, 1, 38]. Third, our ablation
revealing modest degradation when simulating alignment-free LLaVA suggests the performance gap
may narrow with optimized training strategies, challenging assumptions about alignment necessity.

Toward Continuous Multimodal Integration. The temporary performance trade-offs observed in
correspondence tasks represent not fundamental limitations but rather the expected learning curve of
developing genuine understanding versus pattern matching [7, 29]. As foundation models continue
scaling [32, 36, 22, 5], we hypothesize that continuous approaches will increasingly outperform
discrete methods, particularly as tasks demand more sophisticated reasoning beyond simple visual-
textual correspondence. This positions our approach as complementary rather than competitive to
alignment methods in the near term, with hybrid architectures potentially applying each strategy
selectively—alignment for correspondence, preservation for reasoning—while transitioning toward
fully continuous integration as computational resources and training strategies advance.

Our findings delineate when inverse mapping excels: rich continuous modalities, reasoning-dominant
tasks, and sufficient computational resources. Beyond vision-language tasks, this principle extends
to other inherently continuous modalities—molecular structures, audio spectrograms, scientific
measurements—that may gain more from preservation than forced discretization. Vision-Language-
Action models [20]for robotics may particularly benefit from preserving continuous sensorimotor
dynamics for physical reasoning.

As foundation models expand beyond vision and text, the principle of preserving modality-specific
characteristics becomes increasingly vital. The inverse mapping paradigm thus represents not just an
alternative technique, but a fundamental rethinking of how to respect and leverage each modality’s
intrinsic properties in the pursuit of truly multimodal intelligence—moving from sophisticated pattern
matching to authentic multimodal understanding.

6 Conclusion
We presented Inverse-LLaVA, which inverts the conventional multimodal paradigm by projecting
text embeddings into continuous visual space rather than constraining visual features to discrete
textual representations. This architectural innovation processes text and vision in separate dimensions
through feature-wise concatenation, eliminating the need for alignment pre-training entirely while
achieving competitive performance across nine benchmarks with zero alignment samples.

Our empirical results reveal that preserving continuous visual signals in separate processing di-
mensions can break current bottlenecks in multimodal learning. The substantial improvements in
reasoning tasks—Numerical Calculation (+69.2%) and Text Translation (+125%)—demonstrate that
continuous processing enables enhanced understanding capabilities, while correspondence tasks
show selective limitations that appear training-addressable rather than architectural constraints. The
performance dichotomy suggests different approaches may be optimal for different task categories.

This work establishes a new research direction for multimodal architecture design, moving from
pattern matching to authentic multimodal intelligence. As foundation models expand to incorporate
diverse continuous signals, our results suggest that preserving each modality’s intrinsic characteristics
in separate processing dimensions offers a more principled path toward Artificial General Intelligence
(AGI) than forcing convergence through textual bottlenecks.
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