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Abstract

Hyperscaling of data and parameter count in
LLMs is yielding diminishing improvement
when weighed against training costs, under-
lining a growing need for more efficient fine-
tuning and inference without sacrificing perfor-
mance. This is especially so for multimodal
language models (MLMs), where the overhead
of processing multimodal tokens can limit their
practical viability. Parallely, recent work has
uncovered implicit cross-modal alignment in
the deeper layers of large MLMs, deepening
our understanding of how MLMs process and
encode information. Motivated by this, and our
observation that MLMs naturally defer most
cross-modal token interactions to deeper layers
of the model, we propose a simple modifica-
tion. Instead of concatenation with the lan-
guage prompt at the start, we insert multimodal
tokens directly into the middle, allowing them
to entirely bypass the early layers. Our results
with diverse modalities, (i) LLaVA & BLIP for
vision, (ii) LTU for audio, and (iii) MoLCA
for molecular data, and model sizes, starting
from 350M to 13B parameters, indicate that
our method reduces both training and inference
costs, while at least preserving, if not surpass-
ing the performance of existing baselines.

1 Introduction

Advances in large language models (LLMs)
(Brown et al., 2020; Chung et al., 2022; Touvron
et al., 2023; OpenAI et al., 2024) have spurred
the development of models capable of multimodal
comprehension in diverse application domains.
While scaling has been crucial for this success
(Kaplan et al., 2020; Zhai et al., 2021; Hoff-
mann et al., 2022), the computational costs as-
sociated with large multimodal language models
(MLMs/MLLMs) (Strubell et al., 2019; Grattafiori

*Correspondence: moulikc2@illinois.edu; ∗Equal con-
tribution; Code: https://github.com/MoulikChoraria/
DeepInsert

et al., 2024) necessitates methods for efficient fine-
tuning and inference (Hu et al., 2021; Leviathan
et al., 2023). For multimodal tasks such as vision-
language understanding (Radford et al., 2021; Li
et al., 2022; Liu et al., 2024c), the use of pre-
trained unimodal models, rather than training from
scratch, is effective at reducing training overhead
(Qi et al., 2024). However, overall efficiency re-
mains a challenge, as multimodal inputs impose
additional computational costs, when processed
alongside language prompts.

Another key to multimodal training is effective
cross-modal alignment, which is achieved with a
combination of pretraining stages, followed by mul-
titask instruction finetuning for downstream tasks
(Dai et al., 2023). Preference tuning techniques can
be used to produce further improvements (Ouyang
et al., 2022; Sun et al., 2023b; Wang et al., 2024).
However, most works in this area tend to pro-
pose modifications to the training algorithm and/or
choice of dataset, while largely treating the pre-
trained components as replaceable black-box mod-
els. To complement this body of work from the
efficiency point of view, we begin our investigation
by analyzing the internal representations, relying
on pretrained VLMs as a starting point.

Our initial inspiration comes from Huh et al.
(2024), who argue that representations from dif-
ferent unimodal models converge towards a uni-
versal platonic representation. Although the pla-
tonic hypothesis itself is contentious, the underly-
ing evidence suggests that model representations
across modalities show increasing alignment in the
deeper layers (see Figs. 4, 5 in the Appendix). This,
coupled with the inner product mechanism of self-
attention, invites the next question: in a multimodal
setting, are cross-modal interactions more confined
to deeper layers? The attention maps indeed sug-
gest that the bulk of the activity is within the middle
and latter layers (see Fig. 2). The preceding expo-
sition culminates in our central investigation: Are
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Figure 1: Tradeoff between performance and computational efficiency (inference) in (a) LLaVA v1.5-7B and (b)
LTU-7B highlight our two contributions. First, we can reduce multimodal processing (efficiency gains), while either
maintaining or improving performance with DeepInsert (see layer 4). Second, it is possible to stay competitive with
the baseline, while having significant efficiency gains (∼ 20–25% speedup, see layer 12).

the early MLLM layers necessary for multimodal
token processing, and can we skip them without
sacrificing performance? More specifically,

1. We demonstrate redundancy in early layers
of multimodal LLMs, and that letting mul-
timodal tokens bypass them entirely offers
significant efficiency gains, with virtually no
degradation. We refer to this framework as
DeepInsert.

2. We showcase DeepInsert’s versatility across
modalities, via popular open-source MLLMs:
vision (LLaVA, BLIP (Liu et al., 2024a;
Li et al., 2023a)), audio (LTU (Gong
et al., 2024)), and molecules (MolCA (Liu
et al., 2024e)). We also reveal a natural
performance-efficiency tradeoff (see Fig. 1),
enabling practitioners to select models based
on their specific needs.

The remainder of the paper is organized as fol-
lows. Sec. 2 places our work in the context of
broader literature. Sec. 3 motivates our framework,
while Sec. 4 details the general notion of the archi-
tectural modification, highlighting implementation
and design considerations. Experiments in Sec. 5
demonstrate the versatility and effectiveness across
a variety of popular open-source multimodal mod-
els. Sec. 6 concludes with promising directions for
broader application.

2 Related Work

2.1 MLLMs & Alignment
The general architecture of MLLMs considered
here comprises a pretrained LLM, frozen percep-

tual encoders for different modalities (image, audio,
video, etc. (Gong et al., 2021; Radford et al., 2021;
Sun et al., 2023a; Zhao et al., 2024)), and a train-
able mapping module (can be a lightweight MLP or
a larger Perceiver (Jaegle et al., 2021)) that aligns
the modality with the LLM input space. The LLM
prompts consist of text and multimodal tokens, the
latter of which are obtained from the encoder via
the mapping module. This general regime encom-
passes a wide range of works (Alayrac et al., 2022;
Li et al., 2023a; Zhang et al., 2023; Bai et al., 2023;
Liu et al., 2024a; Gong et al., 2024; Ghosh et al.,
2024; Microsoft et al., 2025), and thus, DeepInsert
is fairly universally applicable.

Based on where alignment is achieved, our
method relates best to the idea of model stitching
(Lenc and Vedaldi, 2015; Moschella et al., 2023),
that is, grafting initial layers of a neural network
onto the latter half of another with an affine layer.
Our work can thus be interpreted as multimodal
model stitching for efficiency, without any addi-
tional bells and whistles.

2.2 Efficiency via parameter reduction

Low-rank adapters (LoRA) (Hu et al., 2021;
Dettmers et al., 2023) are commonly used for
computationally-efficient finetuning of LLM-based
models. The low-rank constraint enables finetun-
ing large models with only a small set of additive
parameters, reducing memory usage. However, in-
ference remains just as costly. An alternative is
model compression, where an existing model is ef-
fectively distilled, leading to accelerated inference
and almost-at-par capabilities (Fang et al., 2021;
Wang et al., 2022). While these techniques exploit
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parametric redundancies in LLMs, our approach is
motivated via functional redundancy, and therefore
largely complementary.

2.3 Layer skipping & Token reduction
Layer skipping, which has been employed in LLMs
for speculative decoding and speeding up infer-
ence (Corro et al., 2023; Elhoushi et al., 2024; Din
et al., 2024), has been recently applied to MLLMs
(Shukor and Cord, 2024; Zeng et al., 2025). Specif-
ically, Shukor and Cord (2024) combine layer skip-
ping with compression and pruning of the base
LLMs to demonstrate impressive efficiency gains
in their custom setup. However, it is unclear if their
method scales well as it falls 10 − 20% short of
baseline performance when trained in the LLaVA
setup. On the other hand, Zeng et al. (2025) pro-
pose adaptive token skipping by selecting top-k rep-
resentative tokens via cosine distances. However,
their token selection is inherently LLaVA-centric,
exploiting redundancies across vision tokens, and
it is unclear if it generalizes to other VLMs or other
modalities. FlexiDepth (Luo et al., 2025a) and
AdaSkip (Luo et al., 2025b) dynamically adjust
the number of layers executed based on input com-
plexity, while MoLe-VLA (Zhang et al., 2025) and
γ-MoD (Luo et al., 2024) introduce mixture-of-
expert or modality-specific modules to selectively
bypass computation. While effective within their
respective domains, these approaches are often tai-
lored to unimodal LLMs (FlexiDepth, AdaSkip)
or require architectural modifications for multi-
modal settings (MoLe-VLA, γ-MoD). In contrast,
DeepInsert, without relying on context-dependent
routing or auxiliary modules, provides a principled
framework for enabling full early layer skipping.
Importantly, DeepInsert maintains strong perfor-
mance across many modalities, while preserving
the same training setup.

Another line of research focuses on reducing
the number of input tokens processed during in-
ference such as ST3 (Zhuang et al., 2024), Skip-
Vision (Zeng et al., 2025), FastV (Chen et al.,
2024), VTW (Lin et al., 2024), PruMerge (Shang
et al., 2024), MADTP (Cao et al., 2024), and
PACT (Dhouib et al., 2025), which prune redun-
dant tokens or learn adaptive token selection strate-
gies. DeepInsert is conceptually orthogonal to this
direction: while these are either early-exit or to-
ken pruning techniques, DeepInsert is essentially a
late-entry method, which enables it to be applied
in conjunction to further improve efficiency. In

fact, we demonstrate this complementary nature
in Appendix E, that DeepInsert, when combined
with FastV, VTW or PruMerge, either maintains or
improves the baseline, suggesting increased robust-
ness to token pruning strategies.

3 Where Multimodal Tokens Matter

This section motivates our proposed framework.
We first explore the nature of representational align-
ment in pretrained unimodal models, in the setup of
Huh et al. (2024). While Figs. 4, 5 in Appendix B.1
offer evidence of emergent semantic alignment in
deeper layers, it is hard to quantify its role in mul-
timodal training. Consequently, we turn towards
analyzing the self-attention maps, to shed light on
how the multimodal tokens engage with the lan-
guage prompt during multimodal processing. We
start with a balanced subset of multiple choice ques-
tions (MCQs) drawn from the Visual7W dataset
(Zhu et al., 2016), based on COCO images (Chen
et al., 2015). Using MCQ-based questions allows
us to first isolate data samples where the model
succeeds in answering correctly by comparing the
token logit against the choices (A, B, C, or D) and
then, obtain the relevant attention activity for these
examples, in just one forward pass. Isolating the
correct instances is important, since instances of
hallucination can significantly alter the attention
behavior (Jiang et al., 2025).

With this setup in place, we analyze the atten-
tion activity as a function of model depth in two
ways. (i) Fig. 2a shows the corresponding attention
scores from the visual token to the last language
token responsible for prediction. We subsample
vision tokens (100 out of 576 tokens arranged left
to right in order of positional indices) and study
their layer-relative contribution, by normalizing
their per-layer contribution by its net contribution
across layers. This allows us to cleanly visualize
tokens that contribute high absolute value of atten-
tion scores (such as CLIP summary tokens (Neo
et al., 2025)) with those that do not. The attention
scores correspond to the average of top-k (k = 5
heads for each layer) attention heads, with other
cases in the Appendix B.2. (ii) Fig. 2b shows the
corresponding scores with respect to the first re-
sponse/answer token post prediction. Inspired by
(Jiang et al., 2025), we sum up attention scores
from vision tokens to the answer token across all
heads. Since the total incoming attention into a
given token (per head) must sum to one, we obtain
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(a) Vision to language token activation in LLaVA-7B. The
y-axis represents LLM depth, the x-axis consists of vision
tokens arranged in order of positional indices. The score
represents the relative layerwise contribution of that token.
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(b) Visual Attention Ratio (VAR) (Jiang et al., 2025) in LLaVA-
7B. This is the sum of attention scores from all the vision tokens
to the answer token, visualized as a function of attention heads
(sorted left to right in decreasing order of activity).

Figure 2: Attention activity of vision tokens, visualized pre-prediction in Fig. 2a and post-prediction, in Fig. 2b,
jointly indicate that vision tokens become relevant only after the initial few layers.

a ratio of vision to language attention in each layer.
If this ratio is high, it implies the answer token
receives most of the attention from vision tokens,
rather than language tokens. Thus this is referred
to as Visual Attention Ratio (VAR) (Jiang et al.,
2025). We note a consistent trend in both cases:
vision tokens interact with language predomi-
nantly in intermediate layers, indicating earlier
layers may be redundant in multimodal processing.

Remark: In the complete layer-wise depiction
(Fig. 6), there is a strong activation pattern in the
first two layers. However, this is unlikely to be
the key to vision-to-language information transfer.
Basu et al. (2024); Jiang et al. (2025) suggest that
this is LLaVA-specific and not observed for other
VLMs/encoders. Moreover, our experiments in Ap-
pendix C suggest that even in LLaVA, these layers
are largely redundant. So we skip the first two
layers in Fig. 2 to keep the visualization cleaner.

4 Proposed Framework

These observations bring us back to our central
question: Do we really need the early LLM layers
to parse multimodal information? To investigate,
we propose our simple yet effective modification
for general MLLM frameworks, DeepInsert: insert-
ing the multimodal tokens directly into the interme-
diate layers of the LLM, illustrated in Fig. 3.

4.1 Technical Challenges
Although straightforward as an abstraction, our ap-
proach poses several challenges. While multimodal

tokens are inserted in the intermediate layer, lan-
guage tokens must still be processed by the entire
LLM for accurate language processing. Conse-
quently, we must divide the prompt into language
and multimodal constituents. The first stage of the
forward pass processes just the language tokens.
In the second stage, these are recombined before
being processed by the latter layers of the LLM.
Note that while this can be theoretically achieved
by masking the vision tokens in the early layers,
it naturally lowers efficiency gains and, we find,
leads to noticeably worse performance. Therefore
for our implementation, we need to refactor the
LLM’s forward pass as well as the KV-cache struc-
ture, so the model can maintain efficient generation
capabilities. For interleaved text and multimodal
data, we must also ensure consistency in positional
embeddings through the splitting and recombining
of the prompt.

4.2 Design Considerations

With implementation out of the way, the next ques-
tion is: in which layer should the multimodal to-
kens be inserted? To prioritize efficiency, one can
insert only in the last few layers. However, care-
lessly reducing the number of layers through which
the tokens are processed will ultimately lower the
capacity of the MLLM to exploit that modality,
whether in moving information to language tokens
or in memory recall within the MLP layers. At
present, we sweep this tradeoff by training models
with DeepInsert in different layers and compar-
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Figure 3: The DeepInsert architecture contrasts with conventional MLLMs: We propose to entirely skip initial
layers for the multimodal tokens to exploit underlying redundancies and improve computational efficiency.

ing their performance. Indeed, characterizing the
morphospace and associated Pareto frontier for the
tradeoff between efficiency and learning capacity
is an intriguing theoretical question.

Nevertheless, woe befall us were we to let our
reader depart empty-handed; thus, we firstly offer
a compute-friendly heuristic for finding a suitable
layer for DeepInsert. It turns out that by simply
loading base MLLM weights onto the DeepInsert
architecture and inserting multimodal tokens di-
rectly into the middle layers, one can achieve com-
petent MLLMs. The corresponding performance
degradations, as one inserts deeper, offer a good
proportional signal for training the DeepInsert vari-
ant. We find this to be a nice and inexpensive sanity
check for both LLaVA and LTU models (see Ap-
pendix C). With regards to the frontier, we extend
this heuristic (see Appendix D) and offer a first step
towards quantitatively characterizing this trade-off
in a reinforcement learning setup, without needing
to train the entire model from scratch.

5 Experiments

We now test DeepInsert in a wide variety of settings
across: a) different modalities (Vision: LLaVA
& BLIP), (Audio: LTU), and (Molecular graph
data: MolCA), b) different base LLM sizes (rang-
ing from 350M to 13B parameter models), and
c) different LLM architectures (decoder-only &
encoder-decoder). To account for variations due
to training settings (training setup, missing data,
etc.), we also train the baseline versions for each
modality. Experiments on the open-source mod-
els i.e. LLaVA, LTU, and MolCA are faithfully

reproduced (see Sec. 5.2 for LTU missing data is-
sues) as per the available training code. On the
other hand, due to the scale as well as replicabil-
ity issues with BLIP (unavailable code, hyperpa-
rameters and dataset sampling ratios, takedown
of LAION dataset (Schuhmann et al., 2022; Thiel,
2023)), we design a custom multitask training setup.
For brevity, we move it to Appendix F.1. Finally,
to demonstrate the applicability for newer, more
multimodal intensive models, we present results
with LLaVA-NeXT (Liu et al., 2024b; Chen and
Xing, 2024) in Appendix F.2.

For all our experiments with LLaVA, LTU,
and MolCA, we use the default hyperparameter
configurations from the respective repositories to
stay fair to the baseline. While baselines for
LLaVA and LTU replicate close to the reported re-
sults, MolCA shows noticeable performance gaps
Liu et al. (2024e). However, both the baseline
and the DeepInsert versions give us very similar
performance, which verifies the essence of our
claim. Most of the experiments (some training
and all inference time estimates) were completed
on Nvidia’s 80 GB A100 GPUs on a standalone
machine. However, due to the scale of LLaVA-13B
model and LTU training (∼ 10m steps across all
stages), we used 4 × 96 GB H100s (on an academic
cluster), and 2× 141 GB H200 GPUs respectively.
Finally, we will refer to insertion at layer X as
DeepInsert-X or X (DI) for brevity.

Remark. The choice of no additional hyperpa-
rameter tuning is deliberate, to emphasize that once
we select an insertion layer, DeepInsert variants can
easily match baseline performance and yield effi-
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ciency gains, while requiring no additional hyperpa-
rameter tuning when being adapted to open-source
models in the wild.

5.1 Vision

LLaVA (Large Language-and-Vision Assistant) is
an end-to-end multimodal model that combines a
vision encoder with an LLM, along with a trainable
projector MLP that maps visual features onto the
LLM embedding space. The model is instruction-
tuned in two stages: pretraining for feature align-
ment and finetuning for multimodal conversational
tasks. Given its immense popularity and open-
sourced training code/data, it represents a natural
testbed for evaluating our framework at scale.

We evaluate our method on LLaVA v1.5, with
both 7B & 13B models (Liu et al., 2024a) serving
as our baseline. We use standard benchmarks for
evaluation, including GQA (Hudson and Manning,
2019), TextVQA (Singh et al., 2019), SciQA-IMG-
IMG (Lu et al., 2022), MME (Xu et al., 2025),
POPE (Li et al., 2023b), MMBench (Liu et al.,
2024d), MM-Vet (Yu et al., 2023), along with AI2D
(Kembhavi et al., 2016) to assess the model’s ability
to comprehend and interpret visual information
within diagrams, and MMMU (Yue et al., 2024) to
evaluate subject specific perception and reasoning
with multimodal information. For a more detailed
discussion of these benchmarks, the reader may
refer to Liu et al. (2024a).

Our results in Tables 1, 2 suggest that DeepInsert
at layer 4 on average either matches or outperforms
the baseline, while saving on compute. Beyond
this point, the efficiency gains come at the cost of
performance drops. DI-8 perhaps represents best
value, with an average performance drop ∼ 1%,
all while skipping 1/4th (in 7B) and 1/5th (13B)
of the multimodal compute respectively. Note that
MME is not included in the average calculation, so
as to not skew the numbers.

5.2 Audio

LTU (Listen, Think and Understand), introduced
by Gong et al. (2024), is a popular open-source
Audio LLM. The model integrates an Audio Spec-
trogram Transformer (Gong et al., 2021), finetuned
as an Audio encoder, with a Vicuna-v1.5-7B (Chi-
ang et al., 2023) LLM to enable text-based out-
puts. The key contributor to its strong performance
is the extensive pretraining and finetuning on the

OpenAQA-5M dataset1, comprising 1.9 million
closed-ended and 3.7 million open-ended audio-
question-answer tuples, which helps facilitate per-
ception and reasoning about audio.

The training comprises 4 stages: stage-1 trains
the audio projection layer with the closed-ended
classification and acoustic feature description tasks.
In stages 2–4, trainable LoRA adapters are intro-
duced, and the complexity of the training task is
gradually increased, including classification, acous-
tic feature description, and multiple closed-ended
and open-ended audio language tasks.

As before, we consider LTU as our baseline, and
compare with DeepInsert variants on benchmarks
used by Gong et al. (2024), with five audio classi-
fication and two audio captioning tasks. Classifi-
cation accuracies are computed on the eval splits
of the ESC50 (Piczak, 2015), Vocal Sound (Gong
et al., 2022), and VGG Sound (Chen et al., 2020)
datasets. Similarly, the mean average precision
(mAP) classification score is computed on FSD50K
(Fonseca et al., 2021) and AudioSet (Gemmeke
et al., 2017). Finally, SPICE scores (Anderson
et al., 2016) are used to evaluate the models on
captioning tasks using the AudioCaps (Kim et al.,
2019) and Clotho (Drossos et al., 2020) datasets.
The reader can refer to Gong et al. (2024) for more
details on evaluation, as we use the same process
and metrics.

Table 3 shows the performance of DeepInsert-
LTU as a function of the insertion layer. We ob-
serve that insertion at layer 4 results in the best
average performance for both classification and
captioning tasks. Somewhat surprisingly, all mod-
els up to DI-24 stay fairly competitive with the
baseline, as can be observed by the average perfor-
mances, hinting at higher redundancies in audio.

5.3 Molecular Data

MolCA (Molecular Graph-Language Modeling
with Cross-Modal Projector and Uni-Modal
Adapter) enables language models to process both
molecular graphs and text by bridging the two
modalities (Liu et al., 2024e). The training pipeline
is almost identical to InstructBLIP: it uses a Cross-
Modal SciBERT QFormer (Beltagy et al., 2019),
to translate molecular graph features into learnable
query tokens that are fed into the LLM. Addition-
ally, a unimodal low-rank adapter is used to fine-

1As reported in Ghosh et al. (2024), roughly 10% of the
data samples (mainly AudioSet (Gemmeke et al., 2017)) are
no longer usable during training.
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Table 1: Performance and runtime of LLaVAv1.5-7B models for various vision-language benchmarks. Bold and
underline indicate the best and second-best performance, respectively. Our results indicate inherent redundancy in
multimodal processing within LLaVA, which can be exploited by DeepInsert (DI-4), which can beat the baseline on
average while offering efficiency gains.

#Insert Layer GQA TextVQA SciQA-IMG MME POPE MMBench MM-Vet AI2D MMMU Avg. Fwd. pass Finetune
(acc.) (ms) (hrs:min)

0 (Baseline) 63.1 57.6 69.4 1436.2 86.0 66.1 31.3 56.2 36.1 58.2 101.1 45:32
4 (DI) 63.1 57.5 68.7 1483.9 86.0 66.0 32.6 56.0 36.3 58.3 93.8 42:01
8 (DI) 62.3 57.1 68.8 1455.5 84.8 65.3 28.8 52.9 34.9 56.9 89.1 39:46
12 (DI) 61.1 55.3 65.9 1248.5 83.9 55.2 30.3 52.2 35.6 54.9 84.5 36:48

Table 2: Performance of LLaVA v1.5-13B models for various vision–language benchmarks at different insert layers.
We again verify that DeepInsert can maintain average performance, while offering efficiency gains. Note that we
used a shared academic cluster for the training, where runtime and disk access speed can be affected by the usage
patterns of other users. As a result, we may not observe a clear trend in the finetune times, as is the case here.

#Insert Layer GQA TextVQA SciQA-IMG MME POPE MMBench MM-Vet AI2D MMMU Avg. Fwd. pass Finetune
(acc.) (ms) (hrs:min)

0 (Baseline) 63.7 60.6 71.8 1593.6 87.1 68.6 38.3 58.8 35.3 60.5 154.4 26:55
4 (DI) 63.5 60.0 71.7 1565.8 87.0 69.0 38.3 59.1 35.1 60.5 139.4 27:15
6 (DI) 63.0 60.0 70.8 1488.2 86.7 68.6 38.9 58.7 36.7 60.4 134.9 27:00
8 (DI) 63.0 59.6 71.5 1369.0 86.8 67.6 36.0 57.8 34.8 59.6 130.9 26:29

tune the LLM efficiently. The primary tasks include
molecular-captioning and IUPAC name prediction.

For our experiments, we follow the exact same
training regime as Liu et al. (2024e); We initial-
ize the model with the stage 1-pretrained QFormer,
and start with the pretraining stage 2 for aligning
molecular graphs with texts (10 epochs on Pub-
chem324k pretrain split (Liu et al., 2024e)), fol-
lowed by finetuning unimodal adapters for down-
stream datasets. We focus on the molecular caption-
ing experiments using Pubchem324k and CheBI-
20 (Edwards et al., 2022), as the code for IU-
PAC task is not open-sourced. For the LLM, we
consider the largest model, Galactica-1B (Taylor
et al., 2022) with 24 layers, with identical LoRA
configurations. DeepInsert injects the QFormer

queries into different layers and we report perfor-
mance via captioning evaluation metrics in Liu et al.
(2024e). For both datasets, we train the model for
the reported 100 epochs and check scores every 10
epochs. Since final performance is not the best for
the baseline, we report the best model performance
obtained during the entire training run.

Results in Table 4 are consistent with our find-
ings in other modalities; DI-9 and DI-12 can match
and/or outperform the baseline model with ease,
on both datasets. Due to the inherent drawbacks
of captioning metrics used in the paper, it is harder
to quantify the marginal gains as such. Notwith-
standing, the result indicates the redundancy of
multimodal processing also for molecular data, up
to even 50% (DI-12 ends up using only uses half

Table 3: Performance and runtime of LTU-7B for several audio-language benchmarks. The best performance scores
are in bold and the second best are underlined. We clearly see that models trained using multimodal insertion at
deeper layers not only match baseline performance, but often exceed it. As expected, computational time for both
training and inference drops as we insert deeper into the network (training was done on 2×H200 141 GB GPUs).

#Insert layer ESC50 VS VGG FSD AudioSet Classif. AudioCaps Clotho Cap. Fwd. pass Train time
(Acc) (Acc) (Acc) (mAP) (mAP) Avg. (SPICE) (SPICE) Avg. (ms) (hrs:min)

0 (Baseline) 85.45 56.42 49.64 46.51 19.13 51.43 16.55 11.77 14.16 8.20 17:30
4 (DI) 86.10 57.98 49.80 44.50 18.94 51.46 16.46 12.06 14.26 7.80 16:16
8 (DI) 84.45 57.34 48.87 46.57 18.97 51.24 16.32 12.01 14.17 7.37 15:38
12 (DI) 85.10 56.42 49.95 44.73 19.23 51.09 16.37 11.82 14.10 6.93 15:04
16 (DI) 85.90 52.74 49.64 42.93 19.15 50.07 16.62 11.71 14.17 6.49 14:26
24 (DI) 82.30 53.41 50.39 44.92 19.51 50.11 16.30 11.88 14.09 5.63 13:22
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Table 4: Molecular captioning performances on PubChem324k and CheBI-20 datasets. Bold and underline indicate
best and second-best performance, respectively. Both DeepInsert models (DI-9, DI-12), achieve similar or better
performance than the baseline, using roughly only half the the LLM for multimodal processing.

#Insert Layer BLEU-2 BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L METEOR

0 (Baseline) 58.3 49.5 66.1 51.4 59.9 61.3
9 (DI) 58.6 49.8 66.4 51.7 60.3 61.6
12 (DI) 58.2 49.5 66.2 51.6 60.1 61.3

(a) Molecular Captioning on the CheBI-20 dataset for Galactica-1.3B based MolCA models.

#Insert Layer BLEU-2 BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L METEOR

0 (Baseline) 34.1 26.4 48.5 33.9 43.1 41.8
9 (DI) 34.8 27.2 49.4 34.7 43.8 43.0
12 (DI) 35.3 27.7 49.7 35.3 44.3 43.4

(b) Molecular Captioning on the Pubchem324k dataset for Galactica-1.3B based MolCA models.

the LLM layers for the multimodal tokens).

5.4 Reflections on Performance vs. Efficiency

Our results validate the general efficacy of DeepIn-
sert in reducing multimodal redundancy. We also
include training and inference run-times in Tables
1, 2 and 3 to demonstrate the efficiency of our im-
plementation. This trade-off can be visualized as
a function of insertion layer in Fig. 1, where we
train models for LLaVA and LTU with insertions
upto layer 24, report their respective performances
on a representative set of benchmarks and overlay
it against the average inference forward pass time.
Furthermore, Appendix G gives a more objective
breakdown of gains in terms of expected FLOPs,
since above listed run-times are subjective due to
varying GPU/compute capabilities.

A natural question here is why certain models
and modalities (for instance, audio) demonstrate
higher redundancy. Specifically, while both LTU
and MolCA can be reduced to using only half the
LLM with virtually no degradations, LLaVA per-
formance seems to degrade faster after layer 8. We
speculate that the major contributing factor here
is down to the number of multimodal tokens. In
general usage, while both LTU and MolCA com-
press modality information into 32 QFormer to-
kens, LLaVA uses all 576 vision tokens from the
encoder. Consequently, this may lower redundancy
due to the increase in multimodal load. Addi-
tionally, redundancy in MolCA and LTU may be
more due to higher training exposures (higher ra-
tios of data/training iterations to the number of

multimodal tokens, when compared to LLaVA).

6 Conclusion & Future Work

In this work, we first analyze attention maps in mul-
timodal models, revealing significant redundancy
in their early layers. To exploit this, we introduce
DeepInsert, a method validated through extensive
experiments across different modalities. Our re-
sults demonstrate that DeepInsert achieves (a) sub-
stantial efficiency gains with negligible impact on
performance up to a certain threshold, and (b) a
favorable performance-efficiency trade-off when
pushed further. The most compelling advantage of
DeepInsert is its versatility: it can be seamlessly
applied to off-the-shelf MLLMs without any addi-
tional hyperparameter-tuning or adaptation.

Our findings open several research directions.
First, we must explore the empirical limits of
DeepInsert across model sizes and dataset diversity.
A natural extension is to video MLLMs, where
long-form content poses substantial computational
challenges. Second, rigorously characterizing
why different models yield varying performance-
efficiency trade-offs could advance both our mecha-
nistic understanding of multimodal processing and
practical methods for composing pretrained models.
Here, we point the reader to recent concurrent work
by Hartman et al. (2025), that studies this question
for VLMs with careful theoretical rigor. Finally,
formalizing our hypothesis that multimodal tokens
function as queries (see Appendix A) may illumi-
nate multimodal mechanisms for factual retrieval
analogous to those in LLMs.
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Limitations

We only tested our approach on a selective subset
of MLLMs. Secondly, despite the offered heuris-
tic, we are unable to offer concrete guarantees on
performance without retraining the model, which
does expend compute. Finally, since we stick to the
baseline evaluation setups, we do inherit their natu-
ral deficiencies (for instance, the known drawbacks
of captioning performance metrics in MolCA).

Further, since our work focuses on (pretrained)
MLLMs, we suffer from the standard pitfalls asso-
ciated with such models, including hallucination,
equitable access, lack of accountability, and data
attribution. At the same time, our proposed method
enhances efficiency, potentially lowering compu-
tational costs and energy requirements for multi-
modal model development while maintaining per-
formance, leading to positive societal, economic,
and environmental impacts.
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Geir Kjetil Sandve, Victor Greiff, David Kreil,
Michael Kopp, Günter Klambauer, Johannes Brand-
stetter, and Sepp Hochreiter. 2021. Hopfield Net-
works is All You Need. Preprint, arXiv:2008.02217.

Christoph Schuhmann, Romain Beaumont, Richard
Vencu, Cade Gordon, Ross Wightman, Mehdi
Cherti, Theo Coombes, Aarush Katta, Clayton
Mullis, Mitchell Wortsman, Patrick Schramowski,

Srivatsa Kundurthy, Katherine Crowson, Ludwig
Schmidt, Robert Kaczmarczyk, and Jenia Jitsev.
2022. LAION-5B: An open large-scale dataset for
training next generation image-text models. Preprint,
arXiv:2210.08402.

Yuzhang Shang, Mu Cai, Bingxin Xu, Yong Jae Lee,
and Yan Yan. 2024. LLaVA-PruMerge: Adaptive
token reduction for efficient large multimodal models.
Preprint, arXiv:2403.15388.

Mustafa Shukor and Matthieu Cord. 2024. Skip-
ping computations in multimodal LLMs. Preprint,
arXiv:2410.09454.

Amanpreet Singh, Vivek Natarajan, Meet Shah,
Yu Jiang, Xinlei Chen, Dhruv Batra, Devi Parikh,
and Marcus Rohrbach. 2019. Towards VQA models
that can read. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition,
pages 8317–8326.

Matthew Smart, Alberto Bietti, and Anirvan M.
Sengupta. 2025. In-context denoising with one-
layer transformers: connections between atten-
tion and associative memory retrieval. Preprint,
arXiv:2502.05164.

Krishna Srinivasan, Karthik Raman, Jiecao Chen,
Michael Bendersky, and Marc Najork. 2021. WIT:
Wikipedia-based image text dataset for multimodal
multilingual machine learning. In Proceedings of
the 44th International ACM SIGIR Conference on
Research and Development in Information Retrieval,
pages 2443–2449.

Emma Strubell, Ananya Ganesh, and Andrew McCal-
lum. 2019. Energy and policy considerations for
deep learning in NLP. arXiv 1906.02243 [cs.CL].

Quan Sun, Yuxin Fang, Ledell Wu, Xinlong Wang, and
Yue Cao. 2023a. EVA-CLIP: Improved training tech-
niques for CLIP at scale. arXiv 2303.15389 [cs.CV].

Zhiqing Sun, Sheng Shen, Shengcao Cao, Haotian Liu,
Chunyuan Li, Yikang Shen, Chuang Gan, Liang-Yan
Gui, Yu-Xiong Wang, Yiming Yang, Kurt Keutzer,
and Trevor Darrell. 2023b. Aligning large mul-
timodal models with factually augmented RLHF.
arXiv 2309.14525 [cs.CV].

Ross Taylor, Marcin Kardas, Guillem Cucurull, Thomas
Scialom, Anthony Hartshorn, Elvis Saravia, Andrew
Poulton, Viktor Kerkez, and Robert Stojnic. 2022.
Galactica: A large language model for science. arXiv
2211.09085 [cs.CL].

David Thiel. 2023. Identifying and Eliminating CSAM
in Generative ML Training Data and Models. Stan-
ford Internet Observatory.

Hugo Touvron, Louis Martin, Kevin Stone, Peter Al-
bert, Amjad Almahairi, and 1 others. 2023. Llama 2:
Open foundation and fine-tuned chat models. arXiv
2307.09288 [cs.CL].

7070

https://openreview.net/forum?id=ZmzLrl8nTa
https://openreview.net/forum?id=ZmzLrl8nTa
https://arxiv.org/abs/2503.01743
https://arxiv.org/abs/2503.01743
https://arxiv.org/abs/2503.01743
https://arxiv.org/abs/2410.07149
https://arxiv.org/abs/2410.07149
https://arxiv.org/abs/2410.07149
https://arxiv.org/abs/2008.02217
https://arxiv.org/abs/2008.02217
https://arxiv.org/abs/2210.08402
https://arxiv.org/abs/2210.08402
https://arxiv.org/abs/2403.15388
https://arxiv.org/abs/2403.15388
https://arxiv.org/abs/2410.09454
https://arxiv.org/abs/2410.09454
https://arxiv.org/abs/2502.05164
https://arxiv.org/abs/2502.05164
https://arxiv.org/abs/2502.05164


Tiannan Wang, Wangchunshu Zhou, Yan Zeng, and
Xinsong Zhang. 2022. EfficientVLM: Fast and accu-
rate vision-language models via knowledge distilla-
tion and modal-adaptive pruning. arXiv 2210.07795
[cs.CL].

Xiyao Wang, Jiuhai Chen, Zhaoyang Wang, Yuhang
Zhou, Yiyang Zhou, Huaxiu Yao, Tianyi Zhou, Tom
Goldstein, Parminder Bhatia, Furong Huang, and Cao
Xiao. 2024. Enhancing visual-language modality
alignment in large vision language models via self-
improvement. arXiv 2405.15973 [cs.CV].

Peng Xu, Wenqi Shao, Kaipeng Zhang, Peng Gao,
Shuo Liu, Meng Lei, Fanqing Meng, Siyuan Huang,
Yu Qiao, and Ping Luo. 2025. LVLM-EHub:
A comprehensive evaluation benchmark for large
vision-language models. IEEE Transactions on Pat-
tern Analysis and Machine Intelligence, 47(3):1877–
1893.

Weihao Yu, Zhengyuan Yang, Linjie Li, Jianfeng Wang,
Kevin Lin, Zicheng Liu, Xinchao Wang, and Lijuan
Wang. 2023. MM-Vet: Evaluating large multimodal
models for integrated capabilities. arXiv 2308.02490
[cs.AI].

Xiang Yue, Yuansheng Ni, Kai Zhang, Tianyu Zheng,
Ruoqi Liu, , and 1 others. 2024. MMMU: A massive
multi-discipline multimodal understanding and rea-
soning benchmark for expert AGI. In Proceedings of
the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pages 9556–9567.

Weili Zeng, Ziyuan Huang, Kaixiang Ji, and Yichao
Yan. 2025. Skip-Vision: Efficient and scalable accel-
eration of vision-language models via adaptive token
skipping. Preprint, arXiv:2503.21817.

Xiaohua Zhai, Alexander Kolesnikov, Neil Houlsby,
and Lucas Beyer. 2021. Scaling vision transformers.
arXiv 2106.04560 [cs.CV].

Hang Zhang, Xin Li, and Lidong Bing. 2023. Video-
LLaMA: An instruction-tuned audio-visual lan-
guage model for video understanding. Preprint,
arXiv:2306.02858.

Rongyu Zhang, Menghang Dong, Yuan Zhang, Liang
Heng, Xiaowei Chi, Gaole Dai, Li Du, Yuan Du,
and Shanghang Zhang. 2025. MoLe-VLA: Dy-
namic layer-skipping vision language action model
via mixture-of-layers for efficient robot manipulation.
Preprint, arXiv:2503.20384.

Long Zhao, Nitesh B. Gundavarapu, Liangzhe Yuan,
Hao Zhou, Shen Yan, Jennifer J. Sun, Luke Friedman,
Rui Qian, Tobias Weyand, Yue Zhao, Rachel Hor-
nung, Florian Schroff, Ming-Hsuan Yang, David A.
Ross, Huisheng Wang, Hartwig Adam, Mikhail
Sirotenko, Ting Liu, and Boqing Gong. 2024. Video-
Prism: A foundational visual encoder for video un-
derstanding. Preprint, arXiv:2402.13217.

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan
Zhuang, Zhanghao Wu, Yonghao Zhuang, Zi Lin,

Zhuohan Li, Dacheng Li, Eric P. Xing, Hao Zhang,
Joseph E. Gonzalez, and Ion Stoica. 2023. Judging
LLM-as-a-Judge with MT-Bench and Chatbot Arena.
arXiv 2306.05685 [cs.CL].

Yuke Zhu, Oliver Groth, Michael Bernstein, and Li Fei-
Fei. 2016. Visual7W: Grounded question answering
in images. Preprint, arXiv:1511.03416.

Jiedong Zhuang, Lu Lu, Ming Dai, Rui Hu, Jian Chen,
Qiang Liu, and Haoji Hu. 2024. ST3: Accelerating
multimodal large language model by spatial-temporal
visual token trimming. Preprint, arXiv:2412.20105.

7071

https://arxiv.org/abs/2503.21817
https://arxiv.org/abs/2503.21817
https://arxiv.org/abs/2503.21817
https://arxiv.org/abs/2306.02858
https://arxiv.org/abs/2306.02858
https://arxiv.org/abs/2306.02858
https://arxiv.org/abs/2503.20384
https://arxiv.org/abs/2503.20384
https://arxiv.org/abs/2503.20384
https://arxiv.org/abs/2402.13217
https://arxiv.org/abs/2402.13217
https://arxiv.org/abs/2402.13217
https://arxiv.org/abs/1511.03416
https://arxiv.org/abs/1511.03416
https://arxiv.org/abs/2412.20105
https://arxiv.org/abs/2412.20105
https://arxiv.org/abs/2412.20105


A Discussion on Potential Mechanisms
Behind Redundancy

Herein, we speculate on possible reasons for early
multimodal redundancy. The first hypothesis
comes from works on mechanistic interpretability,
which suggests that the forward pass of an LLM
can be broadly delineated into phases: a) the func-
tion determination phase that processes the prompt
to determine the task that needs to be executed (for
instance, get_capital()) and b) the execution of the
function for the given input query (for instance,
get_capital(France) = Paris) (Hendel et al., 2023;
Lv et al., 2024; Merullo et al., 2024). Based on
this, we can question whether a similar delineation
holds for LLM-based MLLMs: specifically, if we
interpret the multimodal tokens as the input query,
then the analogous query execution should take
place in the latter layers, which is consistent with
our observation that the tokens are used only in
the middle layers. Note that query execution here
would take an inherently different form, since mul-
timodal tokens are generally either prepended, or
inserted in the middle of language prompt.

Another, more theoretically inclined intuition,
comes from recent work in associative memories.
Associative memory models for understanding re-
trieval in transformers have gained traction in re-
cent years, in part due to the strong similarity of
the respective inner-product attention mechanisms
(Ramsauer et al., 2021; Smart et al., 2025). Specif-
ically, Betteti et al. (2025) propose a theoretical
model for input-driven dynamics for robust re-
trieval, wherein the retrieval matrix evolves as a
function of an additional input, besides the query.
Thus, we can extending our previous analogy, by
visualizing the instruction part of the prompt as
coaxing the model into the space of vision language
retrieval. This coaxing takes some initial process-
ing, beyond which the vision query actually comes
into effect. Devising a theoretical retrieval model
that can model this 2-stage process can help shed
light on any potential benefits that arise from these
dynamics (along with the observed redundancy).

B Additional Experiments:
Interpretability

B.1 Vision-Language Alignment in Pretained
Unimodal Models

We begin with some formal exposition to charac-
terize the notion of alignment, borrowed from Huh
et al. (2024). A representation is a function f :

X → Rn that assigns a feature vector to each input
in some data domain X . A kernel, K : X×X → R,
characterizes how its corresponding representa-
tion measures distance/similarity. It is defined as
K(xi, xj) = ⟨f(xi), f(xj)⟩, where ⟨·, ·⟩ denotes
the inner product, xi, xj ∈ X , and K ∈ K. Fi-
nally, a kernel-alignment metric, m : K ×K → R,
measures the similarity between two kernels, that
is, how similar is the distance measure induced by
one representation to the distance measure induced
by another. As in Huh et al. (2024), we rely on a
mutual nearest-neighbor metric that measures the
mean intersection of the k-nearest neighbor sets
induced by two kernels (normalized by k).

In essence, we measure the distance between
the kernels induced by the representation spaces of
language and vision. First, these representations
are obtained by passing paired image-caption data
through the respective pretrained models. Then,
we rely on a mutual k-nearest neighbor alignment
metric to estimate the alignment between the cor-
responding feature spaces. We want to understand
how alignment varies as a function of model depth,
with the intuition that layers capturing “world se-
mantics" are likely to align better, even across
modalities. For the LLaVA v1.5-7b model, its
starting components include the vision encoder,
clip-vit-large-patch14-336 (Radford et al., 2021),
and the decoder-only LLM vicuna-v1.5-7b model
(Zheng et al., 2023). To compute the alignment
metric, we use k = 10 nearest neighbors over 1024
samples from WIT (Wikipedia-based Image Text;
(Srinivasan et al., 2021)); additional details can be
found in Huh et al. (2024).

The alignment plot in Fig. 4 is in line with our
expectations: the penultimate layer of the vision
model aligns more with the latter layers of the
LLM. This may point to some shared semantics
in the deeper layers of the respective models, and
can perhaps be exploited in designing alignment
frameworks for VLMs. Note that this alignment
is more general. Fig. 5 shows a similar trend in
DINO-based encoders (Caron et al., 2021). This
is remarkable as it points to a more general pre-
existing alignment, since DINO vision encoders
are—unlike CLIP—trained in a self-supervised
language-agnostic fashion.
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Figure 4: Visualization of intrinsic alignment between pretrained vision (CLIP-based ViT) and language models
(Vicuna v1.5), as a function of depth. The vertical axis represents the LLM layer indices, whereas the horizontal
axis does the same for the vision encoder. The key point is that for the representations from the latter vision layers
(which are generally used as embeddings), alignment becomes stronger as one moves deeper into the LLM.
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Figure 5: Visualization of intrinsic alignment between pretrained vision (DINO-based ViT) and language models
(Vicuna v1.5), as a function of depth. The trend is similar to that for CLIP-based models, in for the representations
from the latter vision layers (generally used as embeddings), alignment becomes stronger as one moves deeper into
the LLM.
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B.2 Where Visual Tokens Matter
Here, we present the complete list of visualiza-
tions, to comprehensively demonstrate the middle
layer activation. We begin by visualizing the atten-
tion activation for all layers. As we can see, the
activation in the middle, while still prominent, is
overshadowed by the flurry in the first two layers.
Nevertheless, as mentioned in the main paper, this
is likely of little import for analyzing the general
trend. We also demonstrate that the visualization
when done over the average behavior of activation
heads as opposed to top-5 (see Fig. 7), or without
normalization (see Fig. 8) does not make a differ-
ence in terms of the nature of our conclusions. For
the latter, even though we see the high magnitude
CLIP tokens dominate the attention matrix, their
activity is also more middle layers heavy. Finally,
we present the visualization of average attention
to all language tokens in Fig. 9 (unlike the penulti-
mate token in the main paper), confirming that the
nature of our findings does not change.
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Figure 6: Full illustration of vision to language token
activations (including the first two layers), in the forward
pass of a LLaVA-v1.5-7B model.
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Figure 7: Illustration of attention activity, averaged over
all heads.
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Figure 8: Illustration of attention activity, without nor-
malization.

Figure 9: Illustration of vision to language attention
activity, averaged over all language tokens.
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C Layer Selection Heuristic

The key idea is as follows: if there is intrinsic ev-
idence that multimodal tokens are not being used
in the early layers, can we skip them even in base-
line pretrained models? Our somewhat surpris-
ing find is that it is possible to do so, without any
finetuning. Specifically, we load the pretrained
model weights of the MLLM (LLaVA-7B or LTU-
7B) onto the DeepInsert variant, by simply letting
the multimodal adapter insert tokens into the latter
layer.

Model POPE

LLaVA 86.0
DI-4 84.4
DI-8 77.9
DI-12 56.3
DI-16 47.8

(a) LLaVA on POPE

Model ESC50 VS

LTU 81.30 56.39
DI-4 81.70 56.36
DI-8 74.50 41.21
DI-12 66.40 31.05
DI-16 32.35 32.36

(b) LTU on ESC50 and VS

Table 5: Performance across layers for baseline pre-
trained weights on vision (left) and audio (right) bench-
marks.

From Table 5a and 5b, we note that both models
retain competency even when layers are skipped.
While the performance drops in LLaVA are modest
yet noticeable, LTU surprisingly improves for DI-4,
suggesting a strong implicit redundancy, at least for
classification benchmarks. We also note that these
trends are also indicative of which model/modality
are likely to be more susceptible to DeepInsert.

We did however notice that with both models,
the lengths of text generation seems to monoton-
ically decrease (to the point that the evaluation
benchmark for captioning seems to fail for LTU).
Therefore, direct insertion without retraining de-
grades performance on generative benchmarks and
there is still a need to retrain models from scratch.

D Predicting Insert Layer with RL

We consider a pretrained and frozen LLaVA model
augmented with a lightweight adapter whose goal
is to determine the transformer layer at which mul-
timodal embeddings should be integrated. The
adapter takes prompt embeddings as input and out-
puts a discrete prediction over layers, correspond-
ing to the insertion point for multimodal informa-
tion.

The adapter is trained using reinforcement learn-
ing (RL) with a reward function designed to bal-

Figure 10: Total reward (red) over optimization steps,
decomposed into the performance reward (blue) and the
efficiency-related penalty (orange). The dashed horizon-
tal line indicates zero reward.

ance task performance and computational effi-
ciency. Concretely, the reward consists of two com-
ponents: (i) the negative next-token prediction loss
on the given datapoint, which encourages perfor-
mance retention, and (ii) a redundancy reward that
incentivizes skipping later layers. The redundancy
reward is normalized to the range [0, 1], where 0
indicates no layer skipping and 1 corresponds to
skipping all layers. These two terms are combined
via a weighting coefficient λ, which controls the
trade-off between performance and efficiency. By
adjusting λ, the optimization can be biased toward
either higher accuracy or reduced computation.

The adapter is trained on a small subset (10%) of
the LLaVA instruction fine-tuning dataset, consist-
ing of samples from COCO, TextVQA, and GQA.
The adapter architecture is a simple multilayer per-
ceptron (MLP).

The Figure 10 illustrates the evolution of the
reward over time. In the early stages, the total
reward exhibits large negative values and high vari-
ance, reflecting unstable exploration and frequent
violations of efficiency constraints. As training pro-
gresses, the policy rapidly improves, with the total
reward increasing toward zero and fluctuations be-
coming less severe. After convergence, the reward
remains close to zero for most steps, punctuated by
occasional negative spikes. Overall, the trend indi-
cates successful learning of a policy that balances
task performance with efficiency considerations,
achieving stable behavior while respecting the im-
posed penalty structure.

The average predicted insertion depth is approxi-
mately 0.14 in normalized layer index, correspond-
ing to layer 4.8 in a 32-layer transformer (as used
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in 7B-scale models). This closely aligns with our
empirical findings for DI-4.

While further exploration is necessary, these re-
sults suggest a principled, data-driven approach for
identifying suitable insertion layers for multimodal
integration.

E Integrating with token-reduction
techniques

As we mention in Sec. 2, DeepInsert in complemen-
tary to token-reduction/token-pruning techniques
such as FastV (Chen et al., 2024), VTW (Lin et al.,
2024), and PruMerge (Shang et al., 2024), and ap-
plying these to DeepInsert models can give further
efficiency gains. These techniques drop less impor-
tant tokens in the attention mechanism, decreasing
the computational load of the model. Specifically,
we find that DeepInsert models generally respond
better to token-pruning methods, compared to the
baseline. In line with recommended hyperparame-
ters, for FastV, we use K=3 (layer to start pruning)
and R=25% (retention ratio). For DeepInsert, K=3
implies pruning 3 layers after the insertion layer.
Similarly, we use K=16 for VTW (implying to-
kens exit after layer 16). For PruMerge, we use the
training free-variant with R=12.5%. Table 6 lists
the average performance over AI2D, POPE, and
MMMU, when applying the token-reduction tech-
niques, to the baseline LLaVA-7B model as well as
the DeepInsert variants, highlighting that the latter
is equally or more robust to pruning methods.

Model Baeline Acc. +FastV +VTW +PruMerge

LLaVA 59.4 57.8 (-1.6) 59.9 (+0.5) 59.8(+0.4)
DI-4 59.4 59.2 (-0.2) 59.9 (+0.5) 59.8(+0.4)
DI-8 57.6 58.0 (+0.4) 58.0 (+0.4) 58.1(+0.5)
DI-12 57.3 57.9 (+0.6) 57.9 (+0.6) 57.8(+0.5)

Table 6: Average performance of LLaVA-7B and
DeepInsert models, showing that DeepInsert models are
equally or more robust to FastV, VTW, and PruMerge.

F Additional Experiments: MLLMs

F.1 BLIP

BLIP (Bootstrapped Language-Image Pretraining)
is a pioneering approach for vision-language mod-
eling (Li et al., 2022). It introduces a lightweight
Querying Transformer (QFormer) that extracts in-
formation from the embeddings of the vision en-
coder. Vision information is transferred into a set

of learnable query tokens (32 embeddings of di-
mension 768) via the QFormer’s cross-attention
layers, which are then fed into the LLM along with
the language prompt. Further improvements by: a)
scaling the LLM and pretraining dataset (Li et al.,
2023a), and b) multi-task instruction finetuning
(Dai et al., 2023) allows the model to solve a vari-
ety of tasks like image captioning, visual question
answering, and multimodal reasoning.

In our experiment, we will consider one such
model to demonstrate the potential of DeepInsert.
Specifically, we consider the VLM’s construction
with FlanT5-base (Chung et al., 2022) (encoder-
decoder architecture, 350M parameter model) as
our LLM and the Eva-clip-g/14 (Sun et al., 2023a),
a CLIP-based vision transformer, for our frozen
image encoder. The QFormer follows the default
architecture and initialization as in Dai et al. (2023).
Since FlanT5-base has an encoder-decoder archi-
tecture, insertion bypasses the encoder entirely. In-
stead of feeding the Qformer outputs (query tokens)
as inputs to the encoder, we feed them directly into
the decoder by prepending them to the language
tokens. The choice of bypassing the encoder is
intuitive, since the encoder output space is likely
to capture the semantics of the language prompt
and therefore align better with the image semantics
captured in the QFormer tokens.

Note that we do not intend to follow the training
recipe for the InstructBLIP models. Indeed, it is
impossible to replicate the model for two reasons:
a) lack of information on training recipe, includ-
ing learning rate schedules and dataset sampling
ratios, and b) parts of the LAION dataset, the key
component for pretraining, was taken offline so as
to comply with U.S. federal law, cf. Thiel (2023).
Furthermore, the high-level recipe calls for multi-
epoch pretraining on a dataset with roughly 130M
image-text pairs, which are beyond the scope of
this work. Instead, we define a smaller setup, which
still allows us fair testing of DeepInsert but with a
reasonable compute budget. Recall that the end-to-
end training phase for InstructBLIP involves two
steps: the pretraining step with image-caption pairs,
followed by the multi-task instruction finetuning
step. Consequently, we structure the experiment in
a similar vein, by first pretraining efficiency, fol-
lowed by a comparison post multi-task instruction
finetuning.
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F.1.1 Pretraining Efficiency
Reflecting the InstructBLIP setup, we consider
image-caption pretraining with the COCO captions
dataset (Chen et al., 2015) as the first stage. The
goal of this experiment is to compare the level of
alignment between the QFormer and the LLM, as
training proceeds. Specifically, we measure the
best possible captioning score achieved within a
fixed number of epochs (1, 10 and 20) for each
framework. This is done in accordance with dif-
ferent hyperparameter and learning rate configura-
tions available in the BLIP repository and for each
variant, we report the highest performance across
configurations. As shown in Fig. 11, we find that
our framework not only achieves better peak per-
formance, but also does it in much fewer epochs.
We limit our report to 20 epochs as both models
achieve over 95% of their respective peak scores
within that frame (the peak is achieved at around
50 epochs).

Figure 11: Pretraining comparison for Baseline
(QFormer) vs. DeepInsert (Ours) pipelines. Higher
score indicates that DeepInsert achieves better align-
ment, and in much fewer epochs.

F.1.2 Multi-task Training
Next, we consider instruction finetuning for two
tasks: Captioning and Visual Question Answering
(VQA). For each task, we sample from a fixed set
of text prompts in every training iteration.

To emulate InstructBLIP’s training stages, we
first pretrain with image-caption pairs for 20
epochs, and then perform multi-task instruc-
tion finetuning for captioning and VQA for 15
combined epochs (uniformly sampling from the
datasets without replacement). For captioning, we
consider the COCO captions dataset as before and
for visual question answering, we consider VQAv2
(Goyal et al., 2017) for training. Instruction fine-
tuned VLMs can demontrate remarkable zero-shot
abilities on unseen datasets, and so we also consider

OKVQA (Outside Knowledge VQA) (Marino et al.,
2019) for zero-shot evaluation. Coco Captions and
VQAv2 share the same train-val-test image split
that aims to prevent train-test information leakage
for a fair evaluation.

Results are given in Table 7. We find that for
the designated tasks, our method achieves signifi-
cant improvements over the standard QFormer. We
also see a remarkable gap in zero-shot OKVQA
performance, with the grounded model even out-
performing the reported performance of some of
the largest BLIP-2 models (Li et al., 2023a). (In-
structBLIP includes OKVQA during training, so
no direct comparison is possible.)

Model COCO Cap. (BLEU-4) VQAv2 (%) OKVQA (0-shot) (%)

Baseline 20.9 55.4 28.8
DI (Ours) 36.2 66.8 39.0

Table 7: Performance comparison for BLIP-inspired
multi-task instruction finetuned models, including 0-
shot evaluation on unseen dataset. We find that in our
custom setup, bypassing the encoder and inserting di-
rectly to the decoder can yield significant performance
gains.

F.2 Open-LLaVA-NeXT

Herein, we extend DeepInsert to a the newer
LLaVA-Next-7B (the open reproduction) (Liu et al.,
2024b; Chen and Xing, 2024), with a much larger
vision context yielding performance improvements.
Below, we report the average performances in Ta-
ble 8, indicating the robustness of DeepInsert to
exploit early layer redundancy even when number
of multimodal tokens are much higher (∼2k). We
note here that unlike retraining the baseline mod-
els in the main paper, we directly used the check-
point from Huggingface for the baseline due to
limited compute, meaning the DeepInsert models
had about 1-2k missing data points, which explains
the slight performance drop.

Model AI2D GQA POPE MMMU TextVQA (lite) Avg.

LLaVA-NeXT 64.6 64.2 87.3 39.0 63.4 63.7
DI-4 63.7 63.8 87.4 36.9 64.3 63.2
DI-6 62.7 63.6 87.0 37.1 61.9 62.4

Table 8: Performance of DeepInsert on Open-LLaVA-
NeXT-7B.
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Figure 12: Comparison of training losses of LLaVA
finetuning stage, for the baseline model against best per-
forming grounded model (layer-4), revealing a tendency
to achieve lower next token prediction loss and poten-
tially better learning.

F.3 Training Loss Comparison on LLaVA

G Efficiency Analysis

The number of FLOPs performed by a transformer
model in a forward pass can be analytically ex-
pressed as a function of the transformer’s various
hyperparameters such as model hidden dimension,
feedforward layer dimension, and number of layers.
In this section, we extend the analysis to DeepIn-
sert and compare the theroetically expected FLOPs
with the empirically measured runtime. Let the
transformer have N layers with a hidden dimen-
sion of dmodel and a feedforward dimension of dff.
Let the number of heads for multihead attention be
given by nhead. Assume the number of multimodal
tokens is Lmm and the number of text tokens in a
certain forward pass is Ltext. Let the DeepInsert
layer be given by NDI.

The total number of FLOPs (additions plus mul-
tiplications) in one forward pass can be divided
into the following parts: (i) the projections into
Query (Q), Key (K), and Value (V ) matrices, (ii)
the self attention mechanism, (iii) the feedforward
layers, and (iv) other computations such as acti-
vations, layer norm, etc. Since (iv) is negligible
compared to (i), (ii), and (iii), we ignore it here.

Expanding on (i), the input X ∈ RL×dmodel

needs to be multiplied with projection matrices
Wq,Wk,Wv ∈ Rdmodel×dmodel to give Q,K, V re-
spectively. For an input sequence of length L, each
XW matrix multiplies require 2Ld2model operations
including both additions and multiplications, giv-
ing us

Projection FLOPs = 6Ld2model. (1)

Moving to (ii), we first need to compute the
QK⊤ matrix, and since Q and K are both

in RL×dmodel , this requires nhead × 2L2 dmodel
nhead

=

2L2dmodel FLOPs. We then apply a row-wise soft-
max to get the L × L attention matrix for each
head, which requires another 2L2nhead FLOPs.
Next, the L× L attention matrices are multiplied
with the value matrices which takes up another
2L2dmodel FLOPs across all heads. Finally, the out-
put projection takes up another 2Ld2model FLOPs.
Adding all these up, and using the approximation
nhead << dmodel, we have

Attention FLOPs = 4L2dmodel + 2Ld2model. (2)

Computing (iii) is more straightforward as the
feedforward layers are pairs of linear layers, with
dimensions dmodel ×dff and dff ×dmodel. This gives
us

Feed forward FLOPs = 4Ldmodeldff. (3)

Adding (1), (2), and (3) gives us our final analyt-
ical expression for the number of FLOPs per layer
when the sequence length is L:

FLOPs per layer for L tokens

= 8Ld2model + 4L2dmodel+4Ldmodeldff. (4)

Using DeepInsert, the first NDI layers only see
Ltext tokens, while the remaining N −NDI layers
see all the Lmm + Ltext tokens. This give us the
total number of FLOPs for deep insertion at layer
NDI:

FLOPs(NDI)

= N
(
8(Ltext + Lmm)d

2
model

+ 4(Ltext + Lmm)
2dmodel

+ 4(Ltext + Lmm)dmodeldff

)

−NDI

(
8Lmmd

2
model

+ 4(2Ltext + Lmm)Lmmdmodel

+ 4Lmmdmodeldff

)
. (5)

As we see from (5), the number of FLOPs de-
creases monotonically as a function of NDI. Fur-
ther, a larger number of multimodal tokens Lmm
leads to a steeper decrease in FLOPs as we insert
deeper into the network.

To validate (5), we empirically measure the run-
time of LLaVA on 80 GB A100 GPUs and plot the
both the runtime and the theoretically estimated
FLOPs against the insertion layer in Fig. 13. As we
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Figure 13: Comparing the model runtime with the the-
oretically estimated FLOPs from (5). As we see, both
curves match very closely.

see in Fig. 13, there is a very close match between
the theoretically estimated FLOPs of (5) and the
empirically measured runtime of the forward pass
of the model, suggesting that (5) can be a useful
proxy for the computational efficiency of the model
when insertion is done at various deep layers.

H Potential Risks

Efficiency gains can lower deployment costs, po-
tentially enabling wider, sometimes unguarded use.
If models hallucinate or provide ungrounded ra-
tionales, this may scale harmful outcomes (e.g.,
disinformation, low-friction generation of mislead-
ing content) when safeguards are absent. As with
other MLLMs, the system remains vulnerable to
adversarial prompts and distribution shifts. Effi-
ciency itself neither increases nor decreases sus-
ceptibility, but wider, cheaper access can increase
attack surface (e.g., more attempts, faster iteration
by adversaries).

I AI Usage

AI models (part of Overleaf native tools) were used
in improving the writing of the paper.
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