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Abstract

Table images present unique challenges for effective and effi-
cient understanding due to the need for question-specific fo-
cus and the presence of redundant background regions. Exist-
ing Multimodal Large Language Model (MLLM) approaches
often overlook these characteristics, resulting in uninforma-
tive and redundant visual representations. To address these
issues, we aim to generate visual features that are both in-
formative and compact to improve table understanding. We
first propose progressive question conditioning, which injects
the question into Vision Transformer layers with gradually in-
creasing frequency, considering each layer’s capacity to han-
dle additional information, to generate question-aware visual
features. To reduce redundancy, we introduce a pruning strat-
egy that discards background tokens, thereby improving effi-
ciency. To mitigate information loss from pruning, we further
propose token focusing, a training strategy that encourages
the model to concentrate essential information in the retained
tokens. By combining these approaches, we present TabFlash,
an efficient and effective MLLM for table understanding.
TabFlash achieves state-of-the-art performance, outperform-
ing both open-source and proprietary MLLMs, while requir-
ing 27% less FLOPs and 30% less memory usage compared
to the second-best MLLM.

Code — https://github.com/mlvlab/TabFlash

1 Introduction

Table data is a vital information source, widely used to or-
ganize and communicate structured knowledge across di-
verse domains. With the recent success of Multimodal Large
Language Models (MLLMs) (Alayrac et al. 2022; Li et al.
2023; Liu et al. 2023; Chen et al. 2024b), MLLM-based
methods have gained popularity for table image understand-
ing (Zheng et al. 2024; Zhao et al. 2024; Zhou et al. 2025).
While these methods demonstrate the potential of MLLMs
in table understanding, they often overlook the unique chal-
lenges posed by table images.
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Figure 1: Performance-cost comparison. TFLOPs (x-axis)
and average accuracy on 7 benchmarks (y-axis) are plot-
ted. We propose TabFlash, an efficient MLLM with supe-
rior table understanding capability (Tab. 1) with significantly
lower computational cost and GPU memory usage (Tab. 2).

Unlike natural images, table images require focused at-
tention on localized regions relevant to a specific question,
as the majority of the image content is typically irrelevant
to the target task. In addition, they often include substantial
redundancy, such as empty or background areas. Existing
MLLMs struggle to handle these characteristics effectively,
leading to the generation of uninformative and redundant vi-
sual representations. This not only degrades performance but
also incurs high inference costs. To address these limitations,
we aim to produce compact and informative visual represen-
tations tailored to the unique structure of table images.

As a solution, we first introduce progressive question con-
ditioning, a strategy that injects question information into
the Vision Transformer (ViT) (Dosovitskiy et al. 2021) to
produce more informative visual features. Specifically, we
embed the question into ViT layers with gradually increas-
ing conditioning frequencies. In this design, early layers
are conditioned less frequently, while later layers are condi-
tioned more often. This approach is based on the observation



that early layers are more sensitive and unstable, whereas
later layers are more stable and better suited to incorporate
additional information (Dosovitskiy et al. 2021; Raghu et al.
2021). By adjusting the conditioning frequency to match
each layer’s capacity, progressive conditioning enables sta-
ble and effective integration of question context. As a re-
sult, the ViT generates visual features that are more closely
aligned with the question, improving their informativeness.

In addition, we propose a background pruning strategy
to generate more compact visual features. Previous MLLM-
based approaches (Chen et al. 2024b; Zhao et al. 2024; Zhou
et al. 2025) often provide a large number of visual tokens to
the language model (LM), in some cases exceeding 3,000 to-
kens. Given the quadratic complexity of an LM concerning
input tokens, this leads to a significant computational bur-
den. However, much of a table image consists of redundant
background pixels. We observe that the L norm of output
tokens from the ViT can serve as an effective signal to iden-
tify background regions, with tokens having lower norms
typically corresponding to background areas (Fig. 3). Based
on this observation, we introduce a token pruning strategy
that removes low-norm tokens and passes only the retained
tokens to the language model, reducing computation.

Still, we observe that a simple token pruning leads to sig-
nificant performance loss. Through observation, we identify
that useful information for answering the question is still
present in tokens to be discarded. As a result, pruning those
tokens without additional guidance causes information loss
(Sec. 5.2). To address this issue, we propose token focus-
ing, a training strategy that encourages the model to concen-
trate important information within the tokens that will be re-
tained. Token focusing guides the model to produce correct
answers based on the retained tokens, while discouraging
correct predictions when only using the tokens designated
for removal. By doing so, the model is promoted to store
important information only on tokens to be retained during
inference, thereby minimizing information loss.

Combining the proposed methods, we introduce
TabFlash, an efficient MLLM for table understanding.
These components work together to produce visual features
that are both informative and compact, resulting in substan-
tial improvements in effectiveness and efficiency. As shown
in Fig. 1, TabFlash achieves state-of-the-art performance
while requiring significantly lower computational resources.
Remarkably, TabFlash even surpasses proprietary models
such as GPT-40 and Gemini 2.5 Pro, highlighting both the
challenge of table image understanding and the strength of
our approach. In sum, our contributions are threefold:

* We propose progressive question conditioning, injecting
questions to ViT layers in a progressively increasing fre-
quency, thus obtaining question-aware visual features.

We prune visual tokens based on their Ly norm for effi-
ciency. We also introduce token focusing, a training strat-
egy that enforces information concentration on tokens to
be retained, minimizing the information loss by pruning.

We introduce TabFlash, an efficient MLLM achieving
state-of-the-art results. TabFlash outperforms the second-
best open-source model by 3 points while requiring 27%
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less FLOPs and 30% less memory. It also surpasses pro-
prietary models, such as GPT-40 and Gemini 2.5 Pro.

2 Related Works

Table understanding with MLLMs. Table understanding
involves interpreting and reasoning over tabular data, in-
cluding tasks like question answering (Pasupat and Liang
2015;Zhu et al. 2021; Lu et al. 2023), fact verification (Chen
et al. 2020; Gupta et al. 2020; Akhtar, Cocarascu, and Sim-
perl 2022), and text generation (Lebret, Grangier, and Auli
2016; Wiseman, Shieber, and Rush 2017; Cheng et al. 2021).
Following the success of Multimodal Large Language Mod-
els (MLLMs) across domains (Alayrac et al. 2022; Li et al.
2023; Liu et al. 2023; Park et al. 2024, 2025), MLLM-based
architectures (Zhao et al. 2024; Zhou et al. 2025; Chen et al.
2024b; Zheng et al. 2024) have shown potential in table un-
derstanding tasks. Previous works largely focused on data
construction and still struggled to interpret table images. In-
spired by studies that condition vision encoders on input in-
structions (Abramovich et al. 2024; Ganz et al. 2024), we
enhance table understanding by generating question-aware
features while simultaneously reducing output tokens, yield-
ing a more informative and compact representation.
Efficient MLLM. MLLM:s suffer from high computational
costs, primarily due to the quadratic complexity of self-
attention in Language Models (LMs) concerning input token
length. To address this, recent works have explored apply-
ing token pruning or merging strategies (Bolya et al. 2023;
Liang et al. 2022; Lee, Choi, and Kim 2024; Choi et al.
2024) for MLLMs. For instance, FastV (Chen et al. 2024a),
FitPrune (Ye et al. 2025), and SparseVLM (Zhang et al.
2024) prune low-attention tokens based on attention scores,
while LLaVA-PruMerge (Shang et al. 2025) clusters sim-
ilar tokens to retain key visual context with fewer tokens.
These methods either rely on attention scores, which are
incompatible with FlashAttention (Dao et al. 2022), or in-
volve additional similarity computations, adding substantial
overhead. In this work, we propose a simple yet effective
pruning method that is fully compatible with FlashAttention
and requires negligible extra computation. Moreover, unlike
prior works that focus solely on better token selection cri-
teria, we introduce a complementary strategy that explicitly
encourages the model to retain essential information in the
non-pruned tokens, thereby minimizing the information loss
induced by pruning.

3 Method

In this section, we first outline general MLLM architectures
(Sec. 3.1). We then introduce progressive question condi-
tioning, which injects question embeddings into ViT layers
with gradually increasing frequency to produce question-
aware visual features (Sec. 3.2). Next, we introduce an Lo
norm-based pruning strategy that removes background to-
kens for efficiency. We also propose token focusing, which
adapts the model to pruning by encouraging essential infor-
mation to reside in the retained tokens. (Sec. 3.3). Finally,
we combine these components to form TabFlash, an efficient
MLLM for table understanding (Sec. 3.4).



3.1 Overall architecture of MLLMs

In this section, we outline the general pipeline of Multi-
modal Large Language Models (MLLMs). MLLM gener-
ates a response given an input image I and a question Q. An
input image I is first fed into a Vision Transformer (ViT),
which extracts a processed set of visual tokens V, which
summarizes the image, through multiple attention layers.
The process within ViT is formally defined as follows. Pro-
vided an input image I, an initial input embedding is gen-
erated as V; = Emb, (I) € RV*¢, where Emb,(-) denotes
an image embedding layer, v and d denote the number of
tokens and ViT feature dimension, respectively. Then, the
embedding is passed through multiple ViT layers with in-
dex of I = 1,2..., L, where L denotes the number of ViT
layers. In the [-th layer, self-attention is first applied to in-
put V;, followed by an MLP projection layer, resulting in
refined output V1, which is fed to the (I 4+ 1)-th layer as
input. The process is defined as:

Vi1 € R4 = MLP; (Self-Attn; (V7)) . (1)

After the L-th layer, V4, is generated, which is an im-
age representation extracted by ViT. In the rest of the paper,
we denote V41 as a visual token set V for conciseness.
Obtained V are then fed into a projector (e.g. MLP (Liu
etal. 2023)) which maps visual tokens to the language model
(LM) space. Finally, My, an LM parameterized by 6 takes
visual tokens V and a question Q as input, and generates
final response. The model is trained by minimizing the con-
ventional LLM loss, defined as:

Lim = CE(Myp (3IV,Q) ly) 2)

where CE(-) denotes the cross-entropy loss between the pre-
diction ¥ and the correct response y. Although the archi-
tecture has been successful on natural images, we identify
two key limitations when applying it to tabular understand-
ing tasks. First, the visual token set V is generated without
considering the question Q. This is especially problematic
for table images, where focus on local regions relevant to
the question is crucial. Also, as a large number of visual
tokens are generated to represent table images in detail, a
significant computational burden is induced, as LM gener-
ally has quadratic complexity regarding the number of in-
put tokens. To this end, we propose a question-conditioning
method to generate V relevant to the question, and a pruning
strategy along with tailored fine-tuning objectives to pursue
efficiency while minimizing information loss.

3.2 Progressive Question Conditioning for ViT

Question conditioning for ViT. To obtain a visual token
set 'V relevant to the question, we additionally condition
ViT layers with the question Q, motivated by previous
works (Ganz et al. 2024; Abramovich et al. 2024). A ques-
tion Q is first converted to embeddings with length of ¢ via
an embedding function Emb,/(-), which is a tokenizer of the
LM. Then, a two-layer MLP P;(-) projects converted em-
bedding to ViT feature dimension d, resulting in question
embedding Q; for layer [ as follows:

Q; € R = P, (Emb, (Q)) . 3)
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Then, generated question embedding Q; is concatenated to
input embedding V; as:

Vi e RUTD*4 — Concat ([V;, Q1)) , )

forming a combined embedding V¢, where v and ¢ denotes
number of input and question tokens, respectively. Then, in-
formation between tokens is fused through a self-attention
operation as:

V; € ROFDXd = Self At (V) ®)

resulting in fused embedding V;. Then, only the first v to-

kens from V; corresponding to original input tokens are se-
lected and fed into the MLP projection layer as:
Vi1 € RV = MLP, (V; [0: v]) , ©6)
resulting in the layer output V;; having the same number
of tokens as the layer input V;. By injecting the question
embedding into ViT, the final visual token set V that is more
relevant to the question is obtained.
Progressive question conditioning. Although question
conditioning might help obtain a better visual representa-
tion, selecting layer / to conduct conditioning is non-trivial.
As shown in (Ganz et al. 2024), conditioning on inappro-
priate layers might even degrade the performance. To this
end, we propose progressive question conditioning, which
injects the question into ViT layers with progressively in-
creasing frequencies. In other words, early ViT layers are
intermittently conditioned with a large interval, while the
interval decreases as the layer progresses, conditioning late
layers more frequently. Such a design choice is grounded on
previous observations (Dosovitskiy et al. 2021; Raghu et al.
2021) that early ViT layers are volatile as they focus on de-
tails of the image, while latter layers, aggregating global in-
formation, are relatively stable. Intuitively, progressive con-
ditioning allows stable injection of question information by
adjusting the conditioning frequency proportional to each
layer’s capacity to handle the question. Note that question
conditioning adds only a negligible total computation cost
of 0.4%, making it highly efficient.

3.3 Token Focusing with Background Pruning

Background token pruning. Conventional MLLMs (Chen
et al. 2024b; Zhao et al. 2024) produce up to 2—-3k visual to-
kens, incurring high computational cost due to the quadratic
complexity of LMs. However, tabular images are highly re-
dundant, with a large portion of tokens representing back-
ground. We observe that the Ly norm of visual tokens effec-
tively distinguishes content from background. In detail, high
norms align with content regions, while low norms indicate
background (Fig. 3, left). Based on this observation, we pro-
pose a background pruning strategy. Given pruning rate p,
we take N, = | (1 — p) - v| tokens with the highest norms to
get retained set V. as:

Vv, = {Vi | (AS Top'k(“VHQ;NT)}v @)

where ||V |2 = {||vil|l2}¥_; is a set consisting of Ly norms
of tokens v; € V, and Top-k(+; N,.) is an operation returning
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Figure 2: Overall pipeline of TabFlash. Progressive question conditioning injects question information into ViT layers with a
progressively increasing frequency, producing a question-relevant visual token set V (Sec. 3.2). The tokens are divided into a
pruned set V,, and a retained set V., where only V. is used during inference for efficiency. To concentrate information in V.,
token focusing encourages accurate prediction with V. while suppressing prediction using V, (Sec. 3.3).
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Figure 3: Visualization of Lo norms of ViT output to-
kens (left) and norm-based pruning results (right). Red
and blue color denotes high and low L9 norms, respectively.
30% of tokens with the lowest norms are pruned (p = 0.3).

indices of N, elements with highest values. The remaining
tokens form the pruned token set V,,, formally defined as:

V,=V\V,. ®)

During inference, only the retained set V,. is fed to LM.
Visualization of the retained set V, (Fig. 3, right) shows
successful removal of background tokens. Unlike attention-
based or similarity-based pruning, our method is compatible
with FlashAttention (Dao et al. 2022) and avoids costly sim-
ilarity map construction, making it highly efficient.

Token focusing. While background pruning successfully
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discards background tokens, simply discarding the pruned
set 'V, and using the retained set V. for inference leads to a
significant performance drop (Tab. 4, row 4). A closer look
reveals that the model can still answer questions to some ex-
tent using only 'V, (Tab. 5), indicating that important infor-
mation is still being stored in the pruned tokens. This behav-
ior is undesirable since only the retained tokens V. are used
during inference, meaning any useful information in V,, is
lost, aggravating the performance degradation. To address
this, we introduce foken focusing, a novel training strategy
that encourages the model to focus important information in
the retained tokens V.. Token focusing explicitly promotes
information retention on V., while discouraging it on V.
Specifically, we define the token promotion loss £, to en-
courage accurate predictions based solely on V.:

ﬁr =CE (MB (yT|VT7 Q) 7}’) ) (9)

where CE denotes the cross-entropy loss, ¥, is prediction
with V,. and y is the target answer. On the other hand, to
suppress the information retention in V,, we define a to-
ken suppression loss £, as the KL divergence between the
model’s prediction based on V,, and a uniform distribution
U over the vocabulary:

L, = Dxr (U Me (3,1V,,Q)),

where ¥, is prediction with V,,. Minimizing £,, penalizes
meaningful prediction from V, thereby discouraging the
storage of meaningful information in pruned tokens. Com-
bining both objectives, the token focusing loss is defined as:

Lo=Lr+\-Lp, (11)

(10)



‘ LM Size ‘

In-domain Out-domain |

Method Avg.
\ \ TABMWP WTQ HiTab TAT-QA FeTaQA AIT-QA TabMCQ \
Proprietary MLLM
GPT-40 - 47.5 25.7 10.2 25.1 10.8 18.2 40.0 254
Gemini 2.5 Pro (Comanici et al. 2025) - 48.1 49.2 24.2 19.6 54 37.6 18.2 28.9
GPT-4VT - 60.0 48.0 27.5 32.5 11.0 62.5 66.0 43.9
Open-Source MLLM
LLaVA-1.5 (Liu et al. 2024) 7B 6.1 1.2 2.0 3.0 8.2 - - -
Vary-toy (Wei et al. 2024) 1.8B 4.4 8.0 34 8.8 2.4 9.4 - -
Monkey (Li et al. 2024) 7B 13.3 19.1 6.4 12.3 34 - 18.9 -
TabPedia (Zhao et al. 2024) 7B 12.3 20.4 1.2 9.7 12.5 17.2 1.0 10.6
mPlug-DocOwl1.5 (Hu et al. 2024) 7B 114 26.8 11.1 12.4 3.6 46.2 3.2 16.4
Table-LLaVA (Zheng et al. 2024) 7B 57.8 18.4 10.1 12.8 25.6 5.5 44.5 25.0
Table-LLaVA (Zheng et al. 2024) 13B 59.8 20.4 10.9 15.7 28.0 6.1 51.5 27.5
SynTab-LLaVA (Zhou et al. 2025) 7B 88.3 39.6 35.7 51.9 35.5 28.6 70.6 50.0
InternVL-2.5 (Chen et al. 2024b) 3B 93.1 452 53.7 55.7 31.8 58.7 64.1 57.5
TabFlash 3B 93.7 46.4 60.5 59.9 36.1 54.9 71.9 60.5
Low-cost models* (<5 TFLOPs)
InternVL-2.5 (Chen et al. 2024b) 1B 86.3 30.5 32.3 35.5 26.6 39.8 50.0 43.0
TabFlash 1B 88.5 32.1 40.9 44.8 32.9 41.9 57.8 48.4

Table 1: Results on table question-answering benchmarks. Best results among open-source MLLMs highlighted bold.

Avg.

performance averaged over seven benchmarks. Out-domain: model is not trained with the training set of the dataset. {: evaluation
results on subset (Zheng et al. 2024). {: models with exceptionally low cost (< 5 TFLOPs). See Tab. 2 for cost analysis.

where )\ is a hyperparameter. Unlike existing pruning meth-
ods that aim to find better V,, with minimal information
loss, token focusing takes a complementary approach: it reg-
ularizes the location of information storage itself, guiding
the model to preserve critical content within V. rather than
V.. Our analysis (Sec. 5.2) demonstrates that token focus-
ing contributes to the transfer of information from V,, to V.,
thereby minimizing the information loss by pruning.

3.4 TabFlash

TabFlash. Combining progressive question conditioning
and pruning with token focusing, we present TabFlash.
Equipped with both methods, a compact and informative to-
ken set V.. is obtained, improving both the effectiveness and
efficiency. Fig. 2 outlines the overall pipeline of TabFlash.
Training process. We train TabFlash in two stages. First,
the model is trained for 3 epochs using progressive ques-
tion conditioning with conventional LLM loss Ly, (Eq. (2)).
Then, it is trained for an additional epoch with both pro-
gressive question conditioning and background pruning ap-
plied, utilizing the token focusing loss L (Eq. (11)). The 3B
variant model is efficiently trained within 22 hours using 8
NVIDIA H200 GPUs.

4 Experiments
4.1 Implementation Details

We develop TabFlash by fine-tuning the 1B and 3B vari-
ants of InternVL-2.5 (Chen et al. 2024b). Following Table-
LLaVA (Zheng et al. 2024), we train on the MMTab-pre and
MMTab-instruct datasets, totaling 383k samples. LoRA (Hu
et al. 2022) with rank 16 is applied to both the ViT and LLM,
while all other parameters remain frozen. Training is con-
ducted for 4 epochs with a learning rate of 4e—5, A = 2e—4,
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and pruning rate p = 0.3. The exact configuration of ques-
tion conditioning layers is in the supplementary material.

4.2 Datasets and Evaluation Metrics

We evaluate the performance on seven table question-
answering datasets, TABMWP (Lu et al. 2023), WTQ (Pa-
supat and Liang 2015), HiTab (Cheng et al. 2021), TAT-
QA (Zhu et al. 2021), FeTaQA (Nan et al. 2022), AIT-
QA (Katsis et al. 2021), and TabMCQ (Jauhar, Turney, and
Hovy 2016) over 17.9k samples in total. For evaluation pro-
tocol and metrics, we directly follow the settings of Table-
LLaVA (Zheng et al. 2024) without any modification. Ac-
curacy is adopted as a metric for all datasets except for Fe-
TaQA, adopting BLEU (Papineni et al. 2002) as a metric.

4.3 Main Results

In Tab. 1, we compare TabFlash with proprietary and open-
source MLLMs on seven table QA benchmarks. While QA
is our main focus, we also report results on fact verification
and table-to-text generation in the supplementary material.

Results TabFlash (3B) achieves the highest average perfor-
mance (60.5), outperforming all open-source models on six
of seven benchmarks and ranking second on AIT-QA. The
1B variant also performs well, surpassing most prior models
with an average score of 48.4. Importantly, this is achieved
with significantly lower computational cost, as detailed in
the next section. Notably, TabFlash also outperforms pro-
prietary models (e.g. GPT-4V, Gemini 2.5 Pro) on average,
highlighting both the difficulty of table understanding and
the effectiveness of our approach.



Method | LM Size | TFLOPs | Memory| | Avg.t Method | TFLOPs | | Pruning |  Avg.t
TabPedia 7B 27.08 22.7G 10.6 Upper bound (unpruned) | 2.59 | | 50.3 (100%)
DocOwll1.5 7B 26.60 24.0G 16.4 Ours (both £, £,) 178 v 48.4 (96%)
Table-LLaVA 7B 10.42 150G | 25.0 " without £ 178 v | 473 04%)
SynTab-LLaVA 7B 15.21 16.4G 50.0 ! i i
InternVL-2.5 3B 14.23 247G 57.5
TabFlash 3B 10.38 17.3G 60.5 Table 4: Ablation on token focusing loss. v: pruning used
Low-cost models (<5 TFLOPs) at inference. Percentages are relative to the unpruned model.
InternVL-2.5 1B 2.59 18.5G 43.0
TabFlash 1B 178 11.2G6 484 Training Loss | Token set for inference | Avg. A
Table 2: Cost Analysis. Memory: Peak GPU memory usage. L, ‘ xr ‘ égg 33.8
» .
Injection layers | Interval #cond. layers  Avg. L., L, ‘ xr ‘ 40861 48.4
All (1-24) 1 24 43.4 L i
Early (1-8 1 8 44.8
Midy(9(-1 6; 1 8 48.0 Table 5: Performance comparison using V, and V, for
Late (17-24) 1 8 48: 8 inference. A denotes the difference in average performance
between the retained set V. and pruned set V, for inference.
2 12 48.0
Sparse 3 8 48.6
4 6 49.0 ers, all with a fixed interval of 1. We then consider sparsely
rogressive (Ours rogressive ! conditioning at every 2, 3, or 4 layers (‘Sparse’). Finally, we
Progressive (Ours) | Progressi 6 50.3 ditioni 2,3,0r41 (‘S ’). Finall

Table 3: Ablation on progressive question conditioning. #
cond. layers: total # layers conditioning is applied to.

4.4 Cost Analysis

In Tab. 2, we report the LLM TFLOPs and peak GPU mem-
ory usage of TabFlash and previous open-source MLLMs.
TabFlash (3B) achieves the best overall performance while
maintaining high efficiency, requiring only 10.38 TFLOPs
and 17.3 GB of memory. Compared to the second-best
model, InternVL-2.5 (3B), TabFlash reduces FLOPs by 27%
and memory usage by 30%, while achieving a 3-point gain
in accuracy. The 1B variant of TabFlash further improves
computational efficiency, consuming just 1.78 TFLOPs and
11.2 GB of memory, and still outperforms five of the seven
baselines. Compared to SynTab-LLaVA with a difference
of 1.6%p in accuracy, TabFlash (1B) requires 88% fewer
FLOPs and 32% less memory, highlighting its exceptional
cost-effectiveness for resource-constrained scenarios. La-
tency analysis is provided in the supplementary material.

S Analysis

In this section, we present various analyses to investigate the
effect of each component. All experiments report the aver-
age accuracy achieved by TabFlash (1B). Detailed results for
each dataset are provided in the supplementary material.

5.1 Ablation Study

Progressive question conditioning. In Tab. 3, we compare
conditioning strategies based on injection layer choices. We
evaluate conditioning at all layers (‘All’), as well as selec-
tively at early (‘Early’), mid (‘Mid’), and late (‘Late’) lay-
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propose conditioning with a progressively decreasing inter-
val, where the conditioning frequency increases as the layer
progresses (‘Progressive’). Please refer to the supplementary
material for more detailed configurations. Results suggest
that early layers are particularly sensitive to conditioning,
and overly frequent injection degrades performance, mak-
ing stable information integration difficult. Nevertheless, our
method achieves the best performance, demonstrating its ro-
bustness in injecting question information across layers.

Token focusing. In Tab. 4, we present ablation results for
token focusing. Compared to TabFlash without pruning, ap-
plying pruning with the proposed token focusing reduces
FLOPs by 31%, while limiting the performance degrada-
tion to only 3.8%. Removing the token suppression loss (L)
leads to an additional performance drop of 1.1 points, show-
ing its importance. Furthermore, removing the token promo-
tion loss (L£,.) results in a substantial decline in performance.
These results highlight the significance of token focusing,
demonstrating the necessity of a proper fine-tuning strategy
facilitating the model’s adaptation to pruning results by en-
forcing information concentration on the retained token set.

5.2 Effect of Token Focusing

To investigate whether the suppression loss operates as de-
sired, we compare the performance of models trained with
and without the suppression loss £,,, evaluating when differ-
ent token sets are provided to the LM for inference (Tab. 5).
When trained solely with the token promotion loss £, accu-
racy of 13.5 is achieved even using the pruned set V,, indi-
cating the presence of useful information in V,. Adding the
suppression loss £,, addresses this by penalizing the model’s
ability to answer correctly from V,,, thereby concentrating
valuable information in the retained set V.. Thus, the model
trained with £,, shows 1.1 points higher accuracy with V.



TabFlash (Ours)

What is the average unvested

Baseline (InternVL-2.5)

restricted stock?

@bted r@stricted stgek]

i ).6

Based on the given table: (0.6+0.4)/2=0.5

Therefore, the answer is "0.5".

0.5((0.6+0.4)/2=0.5)

— Failed to Attend to Relevant Cells

X

Based on the given table: (44.3+44.3)/2 = 44.3
Therefore, the answer is "44.3".

Figure 4: Qualitative results. Near-white regions indicate low attention, while stronger red colors represent higher attention
scores. Best viewed when zoomed in. Please refer to the supplementary material for further qualitative results.

Pruning rate p | TFLOPs | Memory| |  Avg?t Method | Small Medium Large
0.0 | 2.59 (100%) 18.7G (100%) | 50.3 (100%) InternVL-2.5 (1B) 85.1 64.1 29.9
01 231 (89%) 153G (82%) 49.4 (98%) TabFlash (1B) 87.6 (+3%) 67.6 (+5%) 34.4 (+15%)
0.2 2.03 (78%)  12.4G (66%) | 48.5(96%) ) .
03 1.78 (69%)  11.2G (60%) | 48.4 (96%) Table 7: Performance by table size. Small, Medium, and
0.4 1.52(59%) 11.1G (59%) | 46.7 (93%) Large each include equal-sized subsets sorted by image size.
0.5 1.28 49%)  11.0G (59%) | 44.0 (87%)

Table 6: Analysis on pruning rate p. Percentages are rela-
tive to the unpruned baseline (first row).

than without £,,. Also, the gap between V,. and V,, widens
from 33.8 to 48.4 points, indicating information transfer
from V,, to V.. These results validate the effectiveness of
token focusing for retaining information on V., making the
model more compatible with the pruning strategy.

5.3 Analysis on Pruning Rate p

Tab. 6 reports TFLOPs, peak memory, and accuracy across
pruning rates (p). Without pruning (p = 0.0), the model
achieves its full performance of 50.3. At p = 0.1, the model
retains 98.2% of its original performance, while reducing
TFLOPs and memory usage by 11% and 18%, respectively.
A more aggressive pruning rate of p = 0.5 yields substantial
efficiency gains, cutting TFLOPs by 51% and memory by
41%. These results show that the pruning rate offers a tun-
able trade-off between performance and efficiency. We set
the default rate to p = 0.3, achieving 31% TFLOPs and 40%
memory reduction with only a modest performance drop.

5.4 Performance Comparison by Table Size

In Tab. 7, we compare the accuracy of TabFlash with the
baseline architecture, Intern VL, across three subsets divided
by image sizes: small, medium, and large. Difficulty in-
creases proportionally to the image size, as the portion of the
question-relevant region gets smaller in larger images. The
performance gap between baseline and TabFlash widens as
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the size of the image enlarges, reaching the 15% gap in the
‘large’ group. These results highlight TabFlash’s capability
in capturing fine-grained details in larger images with infor-
mative visual tokens.

5.5 Qualitative Analysis

Fig. 4 shows the average attention each visual token receives
during generation, where higher scores indicate stronger in-
formation extraction. TabFlash concentrates attention on the
question-relevant rows, which appear in only a small portion
of the image, whereas the baseline spreads attention broadly
and overlooks key regions. This focus enables TabFlash
to identify the correct evidence row (“Unvested restricted
stock”) and use the required values (‘0.6°, ‘0.4’) for the fi-
nal calculation. Meanwhile, the baseline attends to irrelevant
rows, leading to an incorrect result (e.g. ‘44.3’). These find-
ings show that progressive question conditioning produces
question-aware visual features and more accurate attention.

6 Conclusion

We present TabFlash, an efficient MLLM for table under-
standing. Progressive question conditioning injects the ques-
tion into ViT layers at progressively increasing frequency.
Background pruning discards redundant tokens based on the
norm of each token, effectively removing uninformative re-
gions. Token focusing minimizes the information loss in-
duced by pruning by enforcing the concentration of essential
information on retained tokens. Together, TabFlash achieves
the state-of-the-art performance with significantly reduced
computational cost.
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