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Abstract

Vision-Language Models (VLMs) have achieved strong
progress in multimodal understanding. However, scaling
dense or sparse Mixture-of-Experts (MoE) models to improve
performance limits deployment in resource-constrained envi-
ronments due to the trade-off between high memory usage
from full loading and increased latency from on-demand load-
ing. Recently, the Per-Layer Embedding (PLE) architecture
addresses this by scaling models with large external embed-
ding tables stored in ROM and performing lightweight lookup
to retrieve relevant embeddings to enhance token representa-
tions. Nevertheless, existing PLE-style methods are primarily
designed for text embeddings due to the convenience of ID-
based retrieval, limiting their effectiveness in VLMs where
multimodal embeddings contain richer information for visual
tasks. In this paper, we propose LookME, the first framework
that enables lookup-based enhancement for multimodal em-
beddings in VLMs while supporting partitioned storage and
on-demand loading. To efficiently lookup arbitrary continuous
multimodal embeddings from large-scale embedding tables,
we propose a hierarchical two-level lookup method employ-
ing a coarse-to-fine strategy that performs lookups from the
scene-level to the intra-scene primitive-level. Furthermore, we
integrate the lookup method with a sparse injection strategy,
which adaptively prioritizes critical embeddings over volumi-
nous multimodal embeddings within layers, and facilitates em-
bedding table reuse across neighboring layers, improving the
trade-off among efficiency, model size, and performance. Ex-
periments on multiple visual benchmarks show that LookME
outperforms text-only PLE-style methods, validating the ef-
fectiveness of lookup-based multimodal embedding enhance-
ment.

Introduction

Vision-Language Models (VLMs) have become a dominant
paradigm for multimodal intelligence, achieving remarkable
performance across diverse visual tasks (Liu et al. 2023; Li
et al. 2023; Google DeepMind 2023; Chen et al. 2023). Fol-
lowing scaling laws (Alayrac et al. 2022; Kaplan et al. 2020),
recent VLMs have expanded to 72B parameters or larger (Bai
et al. 2023; Chen et al. 2024d; Team et al. 2025). How-
ever, dense scaling incurs prohibitive FLOPs, bandwidth,
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and energy costs (Hoffmann et al. 2022). Mixture-of-Experts
(MoE) methods activate only a fraction of parameters via to-
ken routing (Shazeer et al. 2017; Fedus, Zoph, and Shazeer
2022), enabling larger scales with low computational cost.
However, MoE typically requires sufficient GPU memory
to store the entire model. Otherwise, frequent loading of
large, non-contiguous expert weights introduces significant
latency, hindering deployment on resource-constrained edge
devices (Wu et al. 2024).

Recently, Per-Layer Embedding (PLE) has been proposed
as an alternative paradigm for sparse parameter activa-
tion (Google DeepMind 2025). Instead of directly increas-
ing the number of model parameters, PLE augments the
model with large-scale token-level external knowledge em-
bedding tables. During inference, PLE performs lightweight
lookups to integrate relevant embeddings for information
enhancement. By storing knowledge tables on offline me-
dia (e.g., ROM) (Ding et al. 2026) rather than GPU mem-
ory, PLE expands model capacity while remaining ideal for
resource-constrained edge devices. However, existing PLE-
based methods are primarily designed for large language
models (LLMs) (Cheng et al. 2026; Sadhukhan et al. 2026;
Liuetal. 2026), as discrete text tokens naturally facilitate effi-
cient lookup operations. Although some multimodal models
adopt PLE (Google DeepMind 2025), the enhancement is
typically restricted to text tokens. In contrast, VLMs are usu-
ally dominated by visual tokens (Dosovitskiy et al. 2021),
with text tokens comprising only a minor fraction. Conse-
quently, text-only PLE yields marginal gains for multimodal
understanding, as the primary multimodal information path-
way remains largely unenhanced.

In this paper, we propose LookME, the first framework
enabling lookup-based enhancement for multimodal embed-
dings in VLMs. As illustrated in Figure 1, LookME sup-
ports partitioned storage and on-demand loading, extending
lookup mechanisms beyond text to the dominant multimodal
stream. Since multimodal embeddings lack inherent discrete
IDs, we introduce a hierarchical two-level lookup method,
which first coarsely routes embeddings to individual scenes,
then performs fine-grained retrieval based on the relevance
to scene-primitives. This design ensures balanced lookups
while preventing collapse for a large-scale embedding table,
naturally extending to all multimodal embeddings like multi-
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Figure 1: Comparison of architectures between different
sparse models.

scale image embeddings and cross-modal embeddings. Fur-
thermore, to address redundancy and parameter overhead,
we propose a sparse injection strategy that adaptively selects
critical embeddings for lookup within layers and dynamically
reuses tables across layers, enhancing both efficiency and
performance. Experiments on multiple benchmarks demon-
strate that LookME consistently outperforms baselines and
text-only PLE-style methods. Our main contributions can be
summarized as:

* We propose LookME, a framework that extends PLE-style
methods from text to multimodal embeddings, enabling
offline embedding construction, lookup, and enhance-
ment for dominant multimodal information in VLMs.

* We design a multimodal embedding lookup method that
employs ID mapping for discrete text embeddings and
a hierarchical two-level lookup method for continuous
image and cross-modal embeddings.

* We design a sparse injection strategy that adaptively in-
jects looked-up embeddings within and across layers,
striking a balance between efficiency, model size, and
performance.

» Experiments on multiple visual task benchmarks demon-
strate that LookME outperforms baselines as well as text-
only PLE-style methods.

Related Works
Vision-Language Models

In recent years, VLMs have attracted significant attention
due to their strong capabilities in multimodal understand-
ing (Wang et al. 2023; Zhang et al. 2022). Empirical evidence
consistently supports the scaling law, where larger VLMs
tend to exhibit stronger visual understanding abilities. Conse-
quently, the parameter scale of VLLMs has steadily increased.
Early models such as LLaVA and InstructBLIP typically op-
erated at scales ranging from 7B to 13B parameters (Liu et al.
2023; Dai et al. 2023). Subsequent work adopted progres-
sively larger backbone architectures; for example, Qwen-VL,
InternVL, and DeepSeek-VL expanded model sizes to 72B
parameters or beyond (Bai et al. 2023; Chen et al. 2024d; Lu
et al. 2024). Despite the notable performance gains brought
by scaling, this trend also incurs substantial computational
and memory costs (Zhang et al. 2025b), creating significant
challenges for deployment in resource-constrained environ-
ments such as edge devices. This growing tension between
model capacity and inference efficiency motivates the ex-
ploration of parameter-efficient approaches that can enhance

multimodal capability without proportionally increasing the
number of active parameters (Zhang et al. 2025a).

Sparse Parameter Scaling

Sparse parameter scaling aims to expand model capacity
while activating only a subset of parameters, reducing com-
putational overhead. As a primary paradigm, MoE dynami-
cally routes tokens to expert subsets, achieving strong perfor-
mance in LLMs and VLMs (Dai et al. 2024). However, MoE
typically requires all parameters to be loaded on-device to
avoid switching latency, leading to substantial memory over-
head that limits its use on resource-constrained devices. To
address this challenge, Gemma-3 (Google DeepMind 2025)
proposes a parameter-efficient lookup method termed PLE,
which leverages ROM-stored embedding tables indexed by
vocabulary IDs. This approach strikes a balance between
memory constraints and efficiency while maintaining high
quality. MeKi (Ding et al. 2026) also equips LLM layer with
token-based embeddings and applies a re-parameterization
strategy to offload these parameters into a compact static
lookup table stored in ROM, supporting loading with low
latency. Engram (Cheng et al. 2026) and LongCAT (Liu
et al. 2026) further extend PLE from single text token to
N-gram using specialized hashing methods, They integrate
the retrieved embeddings into the backbone model through
contextualized gating, achieving performance competitive
with MoE. STEM (Sadhukhan et al. 2026) replaces FFN up-
projections with token-indexed lookups, enabling efficient
sparse scaling with improved stability and reduced overhead.

However, existing PLE-style methods are primarily de-
signed for LLMs and text tokens, limiting their direct appli-
cability to VLMs. In this paper, we propose LookME, which
extends the lookup mechanism to multimodal embeddings,
thereby enhancing the dominant information within VLMs.

Methods

Overview

Text-only PLE methods enhance the hidden states Hj, €
RLxdn at each predefined layer as

Hoy = DecoderLayer(Hiy) + G(Riext),

1
Riext = F [U]a M

where L denotes the sequence length, d}, denotes the hidden
dimension of the decoder layers, R the retrieved exter-
nal embeddings using the input text token IDs u from an
external embedding table £ € RIVI*% with |V| represent-
ing the vocabulary size, d, the embedding dimension, and
G the injection function. The process leaves the dominant
multimodal tokens in VLMs untouched and operates on all
positions indiscriminately, regardless of their heterogeneous
signal enhancement requirements.

To address these limitations, we propose LookME, as il-
lustrated in Figure 2. LookME layers L,,, are integrated
into intermediate decoder layers, supporting Text, Image, and
Cross-Modal as three complementary pathways for lookup.
By employing sparse injection, L., selectively augments
the decoder with retrieved multimodal external embedding
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Figure 2: The overall workflow of LookME. External embedding tables are separately stored in ROM from the main backbone.
LookME layers are inserted into the decoder, where consecutive layers communicate and share embedding tables via sparse
intra-layer propagation. Each LookME layer includes an SKA gate for sparse inter-layer activation and three parallel lookup

pathways to retrieve embeddings for enhancement.

across tokens and layers,

How = Lawg(Hin) =DecoderLayer(H;,) +

@)
S(R[ext + Rimg + Rcross) 9

where R, denotes the per-modality pathway retrieval (in
Section Multimodal Embedding Lookup) and S denotes the
sparse injection (in Section Sparse Injection).

Multimodal Embedding Lookup

For a given LookME layer £§fl)g, the multimodal embedding
lookup module retrieves external embeddings through three
complementary pathways to enhance H;,. Each pathway .
contains an individual input X, and a retrieval function 7,
that retrieves embeddings from its external embedding table
E.,

Ee),

text

Rt(éx)t = Tiext (X texts

Rl([ln)g - 7idmg(Ximg; El(l'fl)g)’ (3)
R(()ll'())§§ = %TOSS (Xc(rlng Eérl())si)

The external embedding tables E, for each pathway are ini-
tialized using principal component analysis (PCA) derived
from the pretrained backbone embedding matrix, providing
improved initialization while preserving a shared latent sub-
space across modalities. The input X, and retrieval function
T. vary across pathways. Specifically, the text pathway uses
discrete token IDs with direct lookup and is only applied
to text positions; the image pathway uses continuous mul-
tiscale visual encoder embeddings with a hierarchical two-
level lookup method and is only applied to image positions;
the cross-modal pathway uses continuous decoder hidden

states with a hierarchical two-level lookup method and is ap-
plied to all positions. Details of each pathway are described
below.

Text Embedding Index-Based Lookup The text pathway
is applied to the text positions in the original combined
image-query input. It directly retrieves embeddings from the
text external embedding table using the corresponding text
token IDs Eey [u], following the text-only PLE methods. This
O(1) lookup injects a context-independent lexical prior into
the text positions.

Image Embedding Hierarchical Two-Level Lookup The
image pathway is applied to the image positions in the orig-
inal combined image-query input. The image embeddings
v € REvXd generated by the visual encoder are used for re-
trieval, where L, and d, denote the number and dimension-
ality of image embeddings, respectively. These embeddings
are directly available without additional computation and
provide representative and stable retrieval signals. Since con-
tinuous image embeddings lack discrete vocabulary IDs for
direct indexing, the retrieval process is fundamentally formu-
lated either as a similarity-based matching (via a projection
p € R4*% against the embedding table Ejyg € RIVIxdey or
as a classification task (via a weight matrix w € R®*IV1),
As the visual vocabulary expands to a text-equivalent scale,
the computational overhead becomes exorbitant, and the re-
trieval process is prone to severe routing imbalance, resulting
in massive parameter under-utilization. To overcome this lim-
itation, we design a hierarchical two-level retrieval method.
Image embeddings are initially routed to a coarse-grained
scene, followed by a dynamic soft-combination of specific



scene primitives to enrich details. Details are presented in the
following sections.

* Two-level embedding table. A flat |V'|-way routing dis-
tribution is statistically sparse and prone to imbalance. For
hierarchical two-level retrieval, we reorganize the image
external embedding table into a two-dimensional struc-
ture

Eimg e RNSXN]JXdC’ (4)

with N, IV, denoting the numbers of scenes and scene-
primitives, respectively, and N X [N, being comparable to
|V'|. The scene axis governs where to look (a dense, dis-
crete Ng-way decision); the scene-primitive axis governs
what to read (a sparse, differentiable combination). This
factorization provides statistical stability at the scene level
and fine-grained expressivity at the scene-primitive level,
without increasing the number of parameters compared
with a flat table of the same total size.

e Level-1: scene retrieval. Level-1 performs coarse-
grained scene-level retrieval by categorizing image em-
beddings into different scenes according to their global
semantics, thereby facilitating subsequent fine-grained re-
trieval within the selected scene. We use scene-centered
embeddings ejmg € R:*% (o represent scene features,
which are dynamically updated during training

N,

1 b
€img = Z Eimg[:apa ] (5)
Np =

The image embedding is then routed to the corresponding
scene based on cosine similarity:

S = arg max (cos(ve, €img) + b) , (6)

where v, denotes the image embeddings projected into
the external embedding space via Wy_,. € R%xdv and
b € R™ is a per-scene router balancing bias adaptively
updated from the discrepancy between empirical rout-
ing frequencies and predicted probabilities (DeepSeek-Al
2024).

 Level-2: scene-primitive retrieval. Level-1 routes image
embeddings into coarse scenes, while Level-2 supple-
ments fine-grained details by generating soft combina-
tion weights over the scene-primitives within each scene.
Through the dynamic composition of scene-primitives,
Level-2 can synthesize an external embedding that is most
relevant to the input under the current scene context. Un-
like Level-1, Level-2 excludes scene-primitives from the
retrieval process to mitigate the parameter loading chal-
lenges similar to MoE, which arise when tokens target
diverse scenes whose primitives may, in the worst case,
encompass the entire external table, thereby necessitating
a trade-off between on-demand loading latency and one-
time preloading memory overhead. Thus, we leverage a
shared two-layer MLP to estimate the relevance scores
of scene primitives s, based on the projected image em-
beddings v. and scene-centered embeddings ejmg for a

selected scene S, and retrieve the top-T" primitives e,

$p = MLP(ve, €img[S, 1)), es,p = argTopT{s,}. (7)

These primitives are then integrated into external image
embeddings based on relevance scores and similarity

Rimg = Z ¢ (cos(ve,e5p) +7(sp)) - €5p, (8)
pELlf
where ¢ and 7 are softmax and tanh functions, respec-
tively.

* Multi-scale image retrieval. To capture visual features at
different granularities, we perform the hierarchical two-
level retrieval independently on image embeddings ex-
tracted from multiple intermediate layers of the visual
encoder, each equipped with its own table and coarse
ranker. The retrieved embeddings from different scales
are fused at each image position into a single representa-
tion through a token-wise softmax router conditioned on
the input sequence Hj,, enabling to determine the most
suitable combination of granularities for each token,

Rimg = d) ((HimgWhﬁe . ,ﬁq—rrng)/\/a) Iféimga
7éfimg = [Rimg,b oo ;Rimg,sL

where Wi, € R%*% is a projection matrix, Himg de-
notes the image-position hidden states of Hj, after the
decoder layer, Ring s represents the retrieved embeddings
using the img embedding at scale s.

€))

Cross-Modal Embedding Hierarchical Two-Level
Lookup The cross-modal pathway is applied to all
position. The retrieval input X, is obtained from Hj, after
the decoder in each LookME layer, as they directly provide
the cross-modal information. Similar to the image pathway,
the cross-modal pathway also adopts the hierarchical
two-level lookup method to retrieve continuous cross-modal
external embeddings, where each component in the method
is independent of the image pathway. The cross-modal path-
way provides a unified mechanism for retrieving external
embeddings at arbitrary positions. Unlike single-modality
pathways that operate on modality-specific token subsets, it
enables flexible embedding integration across text, image,
audio, or any combination of modalities.

Sparse Injection

For a given LookME layer £§f.)g, the multimodal em-
bedding lookup module retrieves three embeddings

{Rt(é,zt, Ri(rlng, R‘EQ)SS}, which are subsequently integrated
through the injection function S, as defined in Eq. 2. How-
ever, both retrieval and injection introduce additional compu-
tational overhead, particularly for the image and cross-modal
pathways with long sequences. Moreover, converting every
decoder layer into a LookME layer significantly increases the
model size due to the dedicated multimodal embedding ta-
bles. Thus, we propose a sparse injection method to address
these issues separately. The intra-layer sparse activation mod-
ule generates a per-token mask to filter out low-signal tokens,
retaining only informative tokens for retrieval and injection
(in Section Intra-Layer Sparse Activation). The inter-layer
sparse activation module converts only selected decoder lay-
ers into LookME layers and introduces a propagation net-
work that carries retrieved embeddings across non-LookME



layers, enabling shallow-layer knowledge to remain acces-
sible at deeper layers without repeated retrieval (in Section
Inter-Layer Sparse Activation). Details are described below.

Intra-Layer Sparse Activation The intra-layer sparse ac-
tivation is controled by sparse knowledge activation (SKA),
which is a per-token, per-pathway binary gate to decides
whether to invoke the embedding pathway at position 7. SKA
gate is computed as:

gi = oc(Wy;),

Ai = Attn(Hin)i, (10)

where W, € R?*1 denotes the gate projection, o represents
the Gumbel-Sigmoid function, which remains soft during
training for differentiability and exploration while reducing
to hard during inference. A; denotes the attention contri-
bution of the host LookME layer, specifically the additive
update produced by self-attention at position ¢ before the
residual connection in decoder layer. A; is obtained at no
additional computational cost, and tokens with large |A,]
are substantially updated by self-attention and are therefore
more likely to benefit from external embedding augmenta-
tion, whereas tokens with near-zero values remain largely
unchanged and receive limited benefit from additional em-
beddings. By conditioning on the shared attention contribu-
tion while applying distinct gate projections for multimodal
pathways, the SKA gate is able to adaptively learn suitable
pathway-specific activation patterns.

Each pathway in the multimodal embedding lookup mod-
ule is executed only on the activated positions:

S(R.) =90 f(Rlg]), (11)

where f denotes a SwiGLU-style FFN fusion that projects
the retrieved embeddings from dimension d_ to the backbone
dimension dy,, and S(R.) is further fused with the backbone
sequentially as Eq. (2).

Inter-Layer Sparse Activation Inter-layer sparse activa-
tion selectively transforms only a subset of decoder layers
into LookME layers, thereby avoiding the substantial param-
eter overhead of a full conversion while still allowing non-
LookME layers to benefit from the enhancement. Consider-
ing that adjacent layers tend to retrieve similar scene primi-
tives, we convert only a small subset of layers into LookME
layers, while allowing each intermediate non-LookME layer
to inherit the sparse injection output from the preceding
LookME layer through a lightweight bottleneck propagation,
instead of re-running the full retrieval process.

Assuming k is a non-LookME layer and [ is the nearest
LookME layer above k, the sparse activation for the non-
LookME layer £ is computed as

SF(R,®)y = ¢ @ P (R*(k) [g(l)])

R*(k) _ R*(kfl)ka + R*(kfl) (12)

where W € R%*% denotes the propagation projection in
the embedding space, which is more lightweight than the
backbone space since d. < dy. Through inter-layer sparse
activation, enhancements to the backbone network become
significantly more flexible and adaptable.

Experiments

In this section, we evaluate LookME against state-of-the-art
methods, and further provide visual analyses of the lookup
process together with comprehensive ablation studies. Addi-
tional experimental results are included in the supplementary
material.

Experimental Setup

Training Details Our training corpus is constructed en-
tirely from open-source image—text datasets, including but
not limited to (Gu et al. 2024; Wiedmann et al. 2025; Tong
et al. 2024; Yuan et al. 2025; Chen et al. 2024c,a; Deitke
et al. 2024). We curate and sample the data according to rep-
resentative vision tasks to maintain a balanced distribution
across diverse capabilities. The resulting dataset contains 60
million samples, comprising approximately 57 billion visual
tokens and 14 billion text tokens. To ensure fair comparison,
all models in this paper are pre-trained on the same unified
dataset.

We adopt Qwen2.5VL-3B (Bai et al. 2025) as the back-
bone, as it provides strong multimodal performance while
remaining suitable for deployment on edge devices. Based on
this backbone, we perform full-parameter fine-tuning to train
LookME and all corresponding baselines. Detailed training
configurations and hyperparameters are provided in the sup-
plementary material.

Evaluation Details We compare LookME against three
categories of baselines. First, the original Qwen2.5VL-
3B serves as a general baseline. Second, we include
Qwen2.5VL-3B further pre-trained on our unified dataset to
isolate the gains brought by the training data itself. Third, we
compare with state-of-the-art text-only memory-/knowledge-
enhanced methods, including Engram (Cheng et al. 2026)
and MeKi (Ding et al. 2026), using the same hyperparame-
ter settings as LookME to validate the effectiveness of our
multimodal embedding lookup framework.

To comprehensively evaluate performance, we conduct ex-
periments on 11 established benchmarks covering diverse
visual tasks using VLMEvalKit (Duan et al. 2024), includ-
ing STEM: MMMU (Yue et al. 2024) and MathVision (Wang
etal. 2024a); General VOQA: MMBench-EN (Liu et al. 2024a)
and MMStar (Chen et al. 2024b); Hallucination: Hallusion-
Bench (Guan et al. 2024); Document Understanding: In-
foVQA (Mathew et al. 2021) and OCRBench (Liu et al.
2024b); Visual Perception: HRBench8K (Wang et al. 2024b),
CV-Bench-3D and CCBench (Liu et al. 2024a); Multi-Image:
BLINK (Fu et al. 2024).

Main Results

Comparison with SOTA Methods We compare LookME
with four representative methods: the vanilla Qwen2.5-VL
and Qwen2.5-VLcpr baselines, as well as two recent state-
of-the-art memory-/knowledge-enhanced methods, Engram
and MeKi. Table 1 summarizes the results on 11 bench-
marks spanning six task categories. The results demonstrate
that integrating retrieved information directly into the back-
bone’s multimodal representation stream leads to consis-



Table 1: Comparison with SOTA methods. The best results are in bold and the second best are underlined. All models are

evaluated under the same zero-shot settings.

Task Benchmark

Models

Qwen25-VL  Qwen25-VLcpr

Engram

MeKi

LookME

LLM Params (Backbone / External) ~ 3.09B / - 3.09B /- 3.09B/2.35B 3.09B/0.26B 3.09B/0.82B
STEM . Nor 179 151 4 152 204
Guevor MESGR w2
Hallucination = HallusionBench 65.2 65.8 68.0 69.2 70.1
Document  InfoVQA 75.5 76.1 69.1 744 77.2
Understanding  OCRBench 82.9 837 82.5 82.7 85.1
Visual HRBench8K 63.3 63.4 60.9 62.9 66.5
Pereepion e 62 o1 o' 601 o
Multi-Tmage  BLINK 48.6 47.6 47.8 49.0 48.7

tent improvements over both standard baselines and prior
memory-/knowledge-enhanced approaches.

As shown in Table 1, LookME consistently achieves the
best performance across all six task categories, with the per-
formance gap becoming more pronounced on tasks that re-
quire stronger fine-grained multimodal alignment. On stan-
dard single-image benchmarks, the improvement over the
strongest baseline is modest (e.g., +1.6 on MMMU). In con-
trast, on more challenging visual perception benchmarks,
the gain increases to +2.8—+3.9 points (e.g., CV-Bench-
3D: 79.2 vs. 75.3). Notably, previous memory-/knowledge-
enhanced methods such as Engram and MeKi underperform
the Qwen2.5-VL backbone on most benchmarks.

We attribute these results to the fundamentally multimodal
design of LookME. Unlike prior methods that operate pri-
marily in the text domain and largely neglect visual represen-
tations, LookME explicitly models cross-modal interactions
and incorporates retrieved information within the visual-
language representation space itself. This advantage becomes
especially important in scenarios requiring evidence aggre-
gation and alignment across multiple images, where prior
approaches struggle and LookME demonstrates its largest
gains.

Ablation Experiment

Effectiveness of Multimodal Embedding Lookup A key
design of LookME is that the embedding lookup is driven
by multiple modalities rather than text alone. In the default
configuration, we construct three query pathways—text, im-
age, and hidden states—whose retrieved representations are
jointly integrated for subsequent augmentation. To evaluate
the contribution of each pathway, we perform an ablation
study over different modality combinations, with results re-
ported in Table 2.

Specifically, we compare three progressively richer vari-

Table 2: Ablation study on multimodal embedding lookup
pathways. v / x denote whether the pathway is enabled or
removed.

Modalities | Benchmarks
T| I| C| MMMU MMB. OCRB. HRB.
Ve X X 47.1 78.2 83.7 63.9
v v X 47.7 79.3 84.6 65.8
v v v 48.7 79.8 85.1 66.5

ants: Text-only, Text+Img, and the full Text+Img+Hidden
configuration. As shown in Table 2, performance improves
consistently as additional modalities are introduced. The
Text-only variant achieves the weakest results, while incor-
porating the image pathway yields clear gains across all four
benchmarks (e.g., +1.9 on HRBench and +0.6 on MMMU).
The complete Text+Img+Hidden model further delivers the
best overall performance.

These results indicate that each query pathway con-
tributes complementary information to the retrieval pro-
cess. More importantly, they support the core motivation be-
hind LookME: unlike prior memory-/knowledge-enhanced
approaches that operate primarily in the text-only regime,
LookME explicitly constructs multimodal query pathways
that remain aligned with the backbone’s joint visual-textual
representation space. This multimodal alignment is a key
factor underlying LookME’s performance advantage.

Effectiveness of Sparse Injection LookME introduces
sparse injection at two complementary granularities: within-
layer sparsity through Sparse Kernel Activation (SKA), and
across-layer propagation through NetProp. To assess their
individual contributions, we conduct separate ablations for
each component, and discuss the corresponding results in the



Table 3: Ablation study on across-layer sparse injection.

NetProp Range | MMMU  MMB. OCRB. HRB.

None 47.0 79.7 84.9 65.0
Full 47.8 78.8 84.3 67.6
Head-Tail 48.7 79.8 85.1 66.5

Table 4: Ablation study on the embedding dimension of re-
trieved content.

Dim | MMMU MMB. OCRB. HRB.
128D 47.0 78.7 84.1 64.5
256D 47.17 78.4 84.3 65.8
512D 48.7 79.8 85.1 66.5

following paragraphs.

Across-layer: NetProp. We compare three variants of
connecting the augmented layers: None (no NetProp), Full
(NetProp in every unaugmented layers), and Head-Tail (only
between the first and the last augmented layers). As shown in
Table 3, Head-Tail achieves the best performance on three of
the four benchmarks, while None consistently performs the
worst. Although Full attains the highest score on HRBench,
it leads to noticeable degradation on MMBench and OCR-
Bench. These results suggest that NetProp is most effec-
tive when propagating information between layers with rela-
tively aligned feature representations. Over longer propaga-
tion distances, feature distributions drift substantially, mak-
ing reused keys progressively less reliable. The Head-Tail
design therefore provides the best balance: it preserves a
lightweight global communication path between the entrance
and exit of the augmented region, while allowing intermedi-
ate layers to retrieve updated information based on their own
local features.

Hyperparameter Analysis LookME involves two key de-
sign choices: the embedding dimension of the retrieved con-
tent and the insertion layers within the backbone. By default,
we use an embedding dimension of 512 and inject the re-
trieved features at layers [2/10/18]. In this section, we con-
duct an ablation study to evaluate the sensitivity of the model
to these two factors. The corresponding results are reported
in Tables 4 and 5.

Embedding dimension. We evaluate three embedding
dimensions—128, 256, and 512—while keeping the injec-
tion layers fixed. As shown in Table 4, the 512-dimensional
setting consistently delivers the best performance across all
four benchmarks. Reducing the dimension to 256 and 128
leads to a steady decline in performance on every bench-
mark, with the largest drops observed on HRBench (66.5
— 64.5) and MMMU (48.7 — 47.0). This trend highlights
the importance of sufficient embedding capacity: the re-
trieved representations must encode diverse visual and tex-
tual information, including objects, attributes, relations, and
OCR cues. Lower-dimensional embeddings limit the dis-
criminability of the memory space, making reliable retrieval
under varied visual contexts more difficult. In contrast, a 512-

Table 5: Ablation study on the layers where retrieved content
is injected.

Layers | MMMU MMB. OCRB. HRB.
18/26/34 46.4 772 84.4 64.7
2/18/34 46.7 78.7 83.7 65.6
2/10/18 48.7 79.8 85.1 66.5

dimensional embedding provides adequate representational
capacity while remaining computationally and memory effi-
cient.

Injection layers. We compare three injection strate-
gies under the same overall budget: the default shallow-
focused configuration [2/10/18], the full-range configuration
[2/18/34], and the deep-only configuration [18/26/34]. As re-
ported in Table 5, both [18/26/34] and [2/18/34] consistently
underperform the default [2/10/18] across all benchmarks.
The deep-only strategy exhibits the largest degradation on
MMMU and MMBench, while the full-range setting suf-
fers a notable drop on OCRBench. This behavior can be at-
tributed to the functional roles of different backbone layers.
Deeper layers in vision-language models primarily encode
high-level semantic interactions, where representations are
already highly abstract and relatively saturated, leaving lim-
ited capacity for externally retrieved content to meaningfully
influence downstream behavior. In contrast, earlier layers
preserve richer fine-grained visual and textual features that
remain sufficiently plastic to absorb and propagate auxiliary
information. Consequently, the default [2/10/18] configura-
tion allocates the injection budget to the shallow and inter-
mediate stages, where retrieved content can more effectively
shape the subsequent visual-textual reasoning process.

Limitation LookME is continually pre-trained from a
foundation model. We believe that training it from scratch
on more comprehensive and diverse multimodal data could
further enhance knowledge retention and memory capabili-
ties, ultimately leading to improved performance.

Conclusions

In this paper, we proposed LookME, the first method that
extends PLE lookup-based enhancement from text to mul-
timodal embeddings in VLMs, addressing the limitation
that existing PLE-style methods only enhance text tokens
while leaving dominant multimodal information untouched.
LookME introduces a hierarchical two-level lookup method
that first coarsely routes continuous multimodal embeddings
to scenes, then performs fine-grained retrieval via soft com-
bination of scene-primitives, enabling efficient and balanced
lookup at text-equivalent vocabulary scales. A sparse in-
jection strategy further adaptively activates lookup based on
attention signals and propagates retrieved embeddings across
layers through lightweight transitions, achieving a favorable
trade-off among efficiency, model size, and performance. Ex-
tensive experiments demonstrate that LookME consistently
outperforms baselines and text-only PLE methods across di-
verse visual benchmarks. LookME supports offline table stor-
age and flexible pathway configuration, offering a promising



direction for parameter-efficient multimodal model expan-
sion.
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