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Figure 1. Training with the optimal template scale significantly improves MLM’s performance and reduces the performance vari-
ance. LLaVA-1.5-7B trained with 5K templates and LLaVA-1.5-13B trained with 100 templates achieve the highest average performance
and the lowest performance variance among similar-scale MLMs on the SeedBench [19]] dataset, evaluated across 25 held-out instruction

templates that are not included in the visual instruction tuning.
Abstract

Current multimodal language model (MLM) training ap-
proaches overlook the influence of instruction templates.
Previous research deals with this problem by leverag-
ing hand-crafted or model-generated instruction templates,
failing to investigate the scaling effect of instruction tem-
plates on MLM training. In this work, we propose a pro-
grammatic instruction template generator capable of pro-
ducing over 15K unique instruction templates by filling ran-
domly sampled positional synonyms into weighted sampled
meta templates, enabling us to comprehensively explore
MLM'’s performance across various template scales in the
training process. Our investigation into scaling instruction
templates for MLM training demonstrates that MLM ca-
pabilities do not consistently improve with increasing tem-
plate scale. Instead, optimal performance is achieved at
a medium template scale. Models trained with data aug-
mented at the optimal template scale achieve performance

gains of up to 10% over those trained on the original data
and achieve the best overall performance compared with
the similar-scale MLMs tuned on at most 75 times the scale
of our augmented dataset.

1. Introduction

Multimodal Language Models (MLMs) have revolution-
ized vision-language learning by performing visual instruc-
tion tuning on diverse, high-quality multimodal instruction
data [214130,162,165]. However, previous studies [32} 48] 161]]
reveal a critical limitation: MLMs exhibit substantial per-
formance variability across different instruction templates
(as shown in Figure |2[) For instance, a succinct instruc-
tion and a detailed instruction can yield performance gaps
exceeding 40% [|61]]. This pronounced sensitivity to instruc-
tion templates compromises the reliability of MLM evalua-
tion and diminishes the practical utility of MLMs in down-
stream applications.
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Input Image

Considering the provided picture, give
your answer to the question: How many
towels are in the image?

Here are the selections: (A) One (B)
Two (C) Three (D) Four

x Ground truth:

Model: (B) Two (A) One

The question related to the provided
image: How many towels are in the image?
Potential choices which include only one
correct answer are:

(A) One (B) Two (C) Three (D) Four

Ground truth:

Model: (A) One (A) One

Figure 2. An example of using different instruction templates to
prompt MLM without changing the original QA pairs. The in-
struction templates are marked in blue. Prompting MLM with
different instruction templates can twist the output of MLM.

Recent studies have empirically demonstrated that in-
corporating multiple instruction templates during MLM’s
training process improves model performance and reduces
instruction sensitivity [62]]. However, existing ap-
proaches primarily depend on either human-designed or
model-generated small-scale templates, which suffer from
limitations such as high costs, inherent design biases, and
limited diversity in instruction formulations. Considering
the success of scaling up training data significantly im-
proves model’s performance [16] and the fact that multi-
template training can improve MLM, this raises a critical
question: How many instruction templates should be used
during training to optimize MLM performance?

To investigate the scaling effect of instruction templates
for MLM training, we propose a programimatic instruc-
tion template generator that leverages diverse meta tem-
plates to produce semantically equivalent instruction tem-
plates automatically and scalably. Our template generator
can construct diverse instruction templates by random sam-
pling from carefully curated word and phrase spaces to pop-

ulate predefined placeholders, enabling the efficient gener-
ation of semantically consistent yet diverse instruction tem-
plates at scale. Our method can produce an extensive tem-
plate space comprising 15K visual instruction templates. To
ensure the diversity of sampled instruction templates from
our template generator, we use a sentence-pattern tree or-
ganizational framework based on grammatical structures
complemented by an efficient diverse sampling algorithm.
This programmatic approach ensures the generation of in-
struction templates that maximize diversity across multi-
ple dimensions, including grammatical construction, lexical
choice, and symbolic representation.

Leveraging our programmatic instruction template gen-
erator, we finetune two widely-used MLMs (LLaVA-1.5-
7B and LLaVA-1.5-13B) and conduct a series of ex-
periments by performing visual instruction tuning on the
same dataset while varying the scale of instruction tem-
plates (from 10 to 15K). Our study reveals that the per-
formance of MLMs does not consistently improve with the
increasing scale of instruction templates. Instead, MLMs
achieve the best general capabilities at a medium template
scale, which varies with the model’s parameter size. We
find LLaVA-1.5-7B’s performance peaks at 5K templates
and LLaVA-1.5-13B peaks at 100 templates. We further
compare our models trained under the optimal template
scale with other MLMs fine-tuned on a significantly larger
scale—up to 75.19 times the size of our instruction tun-
ing datasets. Evaluation across five benchmarks reveals that
our tuned models achieve the best overall performance (We
showcase the comparison results on the SeedBench [19]
dataset in Figure [I), thereby demonstrating the capacity of
training with appropriate template scale to enhance MLMs
in a data-efficient and cost-effective manner. Additionally,
our analysis reveals that, compared to the original model,
fine-tuning with the optimal template scale results in a sub-
stantial reduction in performance variance across various
out-of-domain instruction templates. Our approach not only
confirms the practical utility of the scaling effect of instruc-
tion templates but also provides promising insights into ef-
ficient strategies for improving MLMs. We summarize our
main contributions as follows.

* We introduce a novel programmatic instruction template
generator that enables fast and scalable generation of di-
verse, semantically equivalent instruction templates.

* We comprehensively investigate the scaling effect of in-
struction templates for MLM training, demonstrating that
MLM capabilities do not monotonically improve with in-
creasing template scale and instead peak at a medium
template scale.

* We propose a simple yet effective approach to en-
hance visual instruction tuning by augmenting the orig-
inal instruction tuning dataset with the optimal scale of
templates we investigated. Our extensive experiments
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demonstrate its effectiveness.

2. Programmatically Scaling Instruction Tem-
plates

To investigate the scaling effect of instruction templates in
MLM’s visual instruction tuning, we propose a program-
matic instruction template generator. Our template gener-
ator can efficiently produce diverse, grammatically correct,
and semantically consistent instruction templates. Specif-
ically, we generate instruction templates by programmati-
cally filling the pre-defined placeholders in a meta template
with randomly sampled positional synonyms (phrases), en-
suring flexibility and diversity while keeping the original
meaning (Sec. 2.I). We organize our meta templates in a
sentence pattern tree, along with a diverse template sam-
pling algorithm to ensure the sampling probability across
all instruction templates is uniformly distributed (Sec. [2.2).

2.1. Meta Templates

We design meta template p;,i € {1,...,N} as a formal
blueprint for constructing instruction templates, consisting
of a sequence of fixed string segments interspersed with

placeholder (h;i)>,j € {1,..., M}, where M; is the num-
ber of placeholders. We associate each placeholder <h§.i)>

with a predefined set of synonyms (phrases) sy) We de-
sign sy) according to the semantic position of (h§i)>, in-
cluding nouns, verbs, adjectives, or more abstract functional
tokens pertinent to the context of the instruction. The po-

tential template variations 7 (p;) grow combinatorially as
T(p:) = H]]Vil |s§l) |, where |s§-l)\ is the size of each syn-
onym set. As illustrated in Figure 3] consider the meta
template, “<verb> me <answer> to the question <re-
lated> the <image>: {question}”, where each placeholder
is associated with a predefined set of positional synonyms,
such as <verb> corresponds to three different candidates:
“give”, “provide”, and “offer”. When generating templates,
each placeholder is randomly assigned a candidate, allow-
ing for diverse instruction templates to be produced. For
example, one possible generated template is, “give me a
response to the question concerning the provided image:
{question}” Fixed strings establish the foundational sen-
tence structure, ensuring grammatical correctness and se-
mantic coherence, while placeholders introduce flexibility
and diversity, enabling the rapid generation of varied, high-
quality instruction templates. To ensure the diversity of gen-
erated visual instruction templates, we design 24 meta tem-
plates, yielding a template space capable of producing 15K
distinct instruction templates.

2.2. Diverse Template Sampling

Sentence pattern tree. We build a sentence pattern tree
to systematically organize our meta templates. We use

Meta Template

<verb> me <answer> to the question
<related> the provided <image>: {question}

Positional Synonyms

hgi) <verb> h(;) <answer> hgi)<related> hy) <image>
i i (2) i
SY) Sé) s Si)
* give * your answer * related to * image
e provide * the correct * based on e picture
e offer answer * concerning « figure
* a response * regarding

Generated Instruction Template

give me a response to the question
concerning the provided image: {question}

Figure 3. Example of the instruction template generation through
a meta template.

T = (V, E) to denote the sentence pattern tree, where V'
is the set of sentence patterns and F is the edge between
related sentence patterns. 1" consists of four levels, ranging
from coarse-grained to fine-grained, according to the tax-
onomy of sentence patterns. We use level 1 to represent
the highest level of a sentence pattern, including declarative
and imperative sentences. Level 2 decomposes Level 1 into
simple, complex, and compound sentences. Level 3 further
breaks Level 2 into subject-predicate, subject-predicate-
object, subject-subject, noun clause, gerund clause, and
linking clauses. Leaves in the final Level 4 represent the
meta templates belonging to the above parent nodes. Build-
ing on the sentence pattern tree framework, we can perform
weighted sampling on Level 4 according to vertex features
from Level 1 to Level 3.

Weighted sampling through sentence pattern tree. To
achieve diverse sampling across the extensive template
space, we implement a top-down weighted sampling ap-
proach within the sentence pattern tree. Specifically, our
approach begins by assigning a weight to each tree node.
The weight of each leaf node /(¥ corresponds to the num-
ber of potential templates that can be generated by the as-
sociated meta template p;. These weights accumulate pro-
gressively up each level of the tree. The weight w, of each
node v € V at any level represents the sum of weights of
its descendant nodes in the next level. The detailed proce-
dure for weight accumulation is outlined in Algorithm [T}
During the template sampling process, we select nodes in
a top-down manner, with the probability of sampling each
node v at a given level proportional to w,. Upon reaching a
leaf node corresponding to a meta template, we program-
matically fill the placeholders in the meta template with
randomly selected positional synonyms. This process en-
sures that the sampling probability across all instruction
templates remains uniform, promoting diversity in gener-
ated templates while preserving the semantic consistency
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Algorithm 1 Weight Accumulation

1: procedure ACCUMULATEWEIGHTS(T)
for each leaf node v in 7" do
w(v) < NumTemplates(v) > Set weight to
number of potential generated templates in the leaf
end for
5: for each non-leaf node v in T in reverse topological
order do
C' < children(v)
: w(v) & Yoee wle)
child nodes

> Retrieve children of v
> Sum the weights of

8: end for
9: return 7' > Return tree with accumulated weights

—
=

: end procedure

Algorithm 2 Weighted Sampling and Template Generation

1. procedure GENERATETEMPLATE(T')
2 vV 4+ g > Initialize at the root node of T’
3: while v is not a leaf node do
4 C' «+ children(v) > Retrieve child nodes of v
5 W+ {w(c):ceC} > Collect weights of
child nodes
6: v < WeightedRandomChoice(C, W) © Select
a child node based on weights
end while
p < pattern(v) > Retrieve the meta template from
the selected leaf node
9: for each placeholder (h;) in p do
h;

10: S; < synonyms((h;)) > Retrieve synonyms
for the placeholder

11: s; « UniformRandomChoice(S;) >
Randomly select a synonym

12: Replace (h;) in p with s; > Substitute
placeholder with synonym

13: end for

14: return p > Return the constructed instruction

template
15: end procedure

of each instruction template. We describe details of the
weighted sampling algorithm in Algorithm[2]

3. Investigating Scaling Instruction Templates
on MLM Training

To investigate the scaling effect of instruction templates in
MLM’s visual instruction tuning, we train multiple model
variants using the same instruction tuning dataset while
varying the scale of instruction templates. We then evalu-
ate these template-tuned models across various benchmark
datasets to observe the impact of the instruction template
scale on MLM performance. We first present our experi-

mental setup (Sec[3.1)), followed by the experimental results
and analysis (Sec[3.2).

3.1. Experiment Setup

Training configurations. We trained our template-tuned
models based on the two pretrained checkpoints: LLaVA-
1.5-7B-Base and LLaVA-1.5-13B-Base, which are strong
starting points for visual instruction tuning due to the open-
source nature of data and models in this series. We used
Low-Rank Adaptation (LoRA) [15] to train all models un-
der the same hyperparameter settings. We used a batch size
of 128 and a learning rate of 2 x 10~° with a cosine decay
schedule. The learning rate warmup ratio is set to 0.03. We
used the AdamW [34] optimizer and performed fine-tuning
with DeepSpee(ﬂ at stage 3. We trained all models with 16
x A100 (40G).

Scaling instruction templates in training data. We con-
structed six template-augmented versions of the original
665K-scale multimodal instruction-following datzﬂ (pro-
vided by the LLaVA-1.5 series) by applying randomly sam-
pled 10, 100, 1K, 5K, 10K, and 15K templates from our pro-
grammatic template generator. Without introducing addi-
tional data sources, we applied instruction templates to the
instruction part of the training data, resulting in template-
diversified training datasets that maintain the same size as
the original. The enhanced datasets were subsequently used
to finetune the pretrained LLaVA-1.5-7B-Base and LLaVA-
1.5-13B-Base models. We trained a total of twelve models,
comprising six models with 7B parameters and six models
with 13B parameters.

Benchmark datasets. To comprehensively examine the
performance of our template-tuned models trained with dif-
ferent template scales across diverse tasks and domains,
we conduct the evaluation using five popular Visual Ques-
tion Answering (VQA) benchmark datasets: BLINK [12],
SeedBench [19], MMBench [33], TaskMeAnything [61]],
and MMMU [60]. Each data point in the above bench-
mark datasets contains an image or multiple images, a ques-
tion, several choices, and a correct answer. We filter these
datasets to retain only the single-image samples for our
evaluation. Specifically, we randomly select 100 data points
for each dataset according to their category distribution,
then combine each data point with instruction templates
to test. To evaluate the robustness of these template-tuned
models, we conducted evaluations under the following two
evaluation template settings.

(1) In-domain templates: We generated 100 templates us-
ing our template generator, which our template-tuned mod-
els have encountered during training.

Ihttps://github.com/microsoft/DeepSpeed

Zhttps : / /huggingface . co/datasets / liuhaotian /
LLaVA-Instruct—-150K/blob/main/llava_vl_5_mix665K.
Jjson
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(d) Evaluation of 13B models on out-of-domain templates.

Figure 4. Scaling trends of MLM performance with increasing template scale on each benchmark dataset. We also show the performance
spread across models and datasets. Optimal template scale vary across different datasets.

(2) Out-of-domain templates: To assess the generaliza-
tion ability of these template-tuned models, we manually
wrote 25 templates that are outside the template space of
our instruction template generator. These templates serve
as a held-out set for evaluation.

Populating evaluation data with the two template sets
yields two new templated benchmark datasets with 10K and
2.5K samples for each original dataset.

Evaluation Protocol. We fix the choice order according
to the original dataset to eliminate this confounder and fo-
cus solely on the effects of template scale on model perfor-
mance [64]]. To retrieve answers from MLMs’ replies, we
follow [61]] and adopt a two-step approach. First, we ap-
ply a string-matching algorithm to determine if the model’s
output matches any of three specific option representations:
(1) the option identifier, e.g., (A); (2) the option content,
e.g., cat; or (3) both the identifier and the name, e.g., (A)
cat. If no direct match is identified, we employ a sentence-
transformer [46] to calculate the embedding similarity be-

tween the model’s output and each answer option, selecting
the option with the highest similarity as the predicted an-
swer. We adopt the answer accuracy on each dataset as our
evaluation metric.

3.2. Comparing MLMs on Different Template
Scales

Figure [ provides detailed scaling curves of MLM perfor-
mance with increasing template scale on each individual
benchmark, while Figure [3]illustrates the scaling curves of
the average performance across all datasets with increasing
template scale. These results reveal three main findings.

Training with diverse templates can improve MLMs. As
illustrated in Figure [4] and Figure [5] models trained with
a diverse range of instruction templates, spanning from 10
to 15K templates, consistently outperform those trained ex-
clusively on the original instruction tuning data. This im-
provement is clearly observable in both the average per-
formance and individual performance across all five bench-
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(d) 13B models on out-of-domain
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Figure 5. Scaling trend of MLM performance with increasing template scale on the average performance across five benchmarks. There
exists an optimal template scale for MLLM’s general capabilities, with stronger models requiring a smaller template scale.

mark datasets. Furthermore, this trend holds true for mod-
els with varying parameter sizes (7B and 13B) and remains
consistent for both in-domain and out-of-domain evaluation
template settings. These results highlight the value of our
exploration into the scaling effects of instruction templates
in MLM training, showing that incorporating a broader set
of instruction templates can lead to more robust and gener-
alized model performance.

Optimal template scale vary across datasets. As shown
in Figure [} the scaling trend of MLM performance with
increasing template scale exhibits significant variability
across different datasets, with the optimal template scale
differing for each dataset. Furthermore, we observed that an
inappropriate template scale can lead to a decrease in per-
formance or an increase in performance fluctuation range
compared to the original model on certain datasets, high-
lighting the significance of finding the optimal template
scale to improve model performance.

MLM capability presents clear scaling trend with in-
creasing template scale. As illustrated in Figure [3] the
model’s average performance across all five datasets ex-
hibits a consistent scaling trend, initially increasing before
declining, with peak performance achieved at a medium
template scale. This trend holds across different model
sizes (7B and 13B parameters) and evaluation settings (in-
domain and out-of-domain templates). However, the op-
timal template scale varies depending on model capacity:
the 7B model reaches peak performance at 5K templates,
whereas the 13B model achieves its best results at a signifi-
cantly smaller scale of 100 templates. This discrepancy sug-
gests that models with stronger baseline capabilities (e.g.,
the 13B model) require fewer templates to attain optimal
performance. Furthermore, while Figure @] demonstrates
that model performance exhibits dataset-specific variabil-
ity at smaller template scales, the performance consistently
declines as the template scale increases beyond a certain
threshold, demonstrating that the optimal template scale lies
within a medium range, eliminating the need for exhaustive
large-scale searches.

4. Visual Instruction Tuning on the Optimal
Template Scale

To demonstrate the practical impact of the scaling effect of
instruction templates for MLM’s visual instruction tuning,
we compare the performance of our template-tuned models
trained on the optimal template scale against other promi-
nent MLMs of similar parameter sizes. We first outline the
experimental setup (Sec. [f.I), then detail the comparison
results and analysis (Sec. [.2)).

4.1. Experiment Setup

Our method. We selected our best-performing template-
tuned models—LLaVA-1.5-7B trained with 5K templates,
and LLaVA-1.5-13B trained with 100 templates—to com-
pare against other prominent MLMs of comparable scales.
Baselines. To establish our baseline models, we used
original visual instruction data to perform conventional
visual instruction tuning on the LLaVA-1.5-7B-Base and
LLaVA-1.5-13B-Base models, yielding LLaVA-1.5-7B and
LLaVA-1.5-13B [28]], which serve as our primary baseline
models. In addition, for the 7B parameter size, we se-
lected LLaVA-Next-7B [29]], Qwen-VL-7B and Qwen-VL-
Chat-7B [3]], and IDEFICS2-8B [17]] as additional baseline
models; for the 13B parameter size, we selected LLaVA-
Next-13B [29] as an additional baseline model. Notably, as
shown in Table [T} each of these additional baseline models
was finetuned on a substantially larger training dataset than
ours. We evaluate all models under the same evaluation pro-
tocol to ensure fair comparisons.

Benchmark datasets. We evaluated on the BLINK, MM-

Bench, Seedbench, TaskMeAnything, and MMMU
datasets. For consistency, we employed both in-
domain templates and out-of-domain templates in

Sec. 3] as evaluation templates.  To further mea-
sure the ease of use of the template-tuned models,
we selected three most commonly-used simple tem-
plates in VQA tasks: (1) {question}\n{choices},
(2) Question: {question}\nChoices: {choices}, and
(3) Question: {question}\nSelect from the following
choices: {choices}.
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BLINK MMB SeedB TMA MMMU
Model # IT-Data Overall
S D 00D S D 00D S D 00D S D 00D S D 00D
7B / 8B Models
Avg. 4367 3726 3872 7000 6855 6920 60.67 S57.35 56.16 37.00 4294 4260 3667 3719 36.16 48.94
LLaVA-1.5-7B 665K @————
Max-Min  8.00 15.00 15.00 18.00 16.00 9.00 5.00 18.00 16.00 14.00 26.00 18.00 4.00 14.00 13.00 13.93
Avg. 4533 3892 37.64 6267 6043 5808 70.00 6529 6216 50.67 4406 44.60 3367 3151 2924  48.95
LLaVA-Next-7B 760k —m——
Max-Min 700 1600 1200 1000 2000 900 200 1800 1000 1600 1700 11.00 200 1800 800 1173
Avg. 36.00 3444 34.04 50.07 4751 47.16 30.67 29.66 28.80 31.67 29.76 30.76 25.67 28.06 2840 34.18
Qwen-VL-7B oM @ —
Max-Min 400 900 800 300 1100 1100 1000 1700 1200 900 1900 1400 200 17.09 11.00 1047
Avg. 3167 4009 4028 6267 7402 7516 5600 5877 5832 3933 5155 5148 39.00 3649 3636  50.08
Qwen-VL-Chat-7B 50M _
Max-Min  4.00 21.00 20.00 3.00 17.00 14.00 2.00 20.00 13.00 8.00 17.00 12.00 10.00 16.00 10.00 12.47
Avg. 3933 4597 4636 7100 7073 7028 4333 5336 5404 3600 4740 4620 2933 2748 2836 47.28
IDEFICS2-8B I.8SM —
Max-Min 400 17.00 10.00 6.00 11.00 9.00 7.00 16.00 17.00 8.00 20.00 17.00 3.00 14.00 11.00 11.33
Avg. 46.33 43.19 4544 68.67 71.66 73.20 64.33 65.13 64.16 52.00 51.78 52.64 39.33 3746 3732 54.18
LLaVA-1.5-7B w/ 5K templates 665K
Max-Min 500 1300 255 1000 1200 800 300 1100 600 400 2200 1000 900 1100 600 884
13B Models
Avg. 40.00 3875 4120 7233 7342 71.24 67.00 68.87 6692 54.00 5238 5224 3733 39.00 37.20 54.13
LLaVA-1.5-13B 665K ——m8M—
Max-Min  7.00 1600 1400 300 1200 600 500 900 10.00 800 1600 1500 600 1600 10.00 10.20
Avg. 39.67 40.72 38.16 64.67 6347 6340 6833 68.76 66.88 54.67 51.53 47.68 31.00 3323 3380 51.06
LLaVA-Next-13B 760k ——m——
Max-Min 100 1500 1300 900 1900 1500 100 1200 1100 500 2100 1400 200 2100 1000 1127
Avg. 3767 4122 42.68 7000 7388 74.68 69.33 69.37 69.48 5133 5049 50.68 39.67 4321 4440 5521
LLaVA-1.5-13B w/ 100 templates 665K
Max-Min 14.00 15.00 8.00 12.00 10.00 10.00 3.00 7.00 5.00 1.00 12.00 500 7.00 1500 15.00 9.27
Table 1. Comparison of our tuned models trained under the optimal template scale against similar-scale MLMs. Avg. denotes the average
accuracy and Max-Min denotes the difference between best and worst accuracy across all templates. # IT-Data is the size of instruction
tuning data the model used. S indicates the evaluation of three commonly used simple templates, ID refers to the evaluation of 100
instruction templates that our template-tuned model has encountered during training, and OOD denotes the evaluation of 25 manually
crafted templates not included in our instruction template generator’s template space. The best results are marked in red bold and the
second best in blue. Training with optimal template scale can boost performance across most benchmarks.
367 Evaluation Protocol. In this section, our evaluation set- larger datasets (up to 75.19 times larger). This underscores 390
368 tings are consistent with those in Sec. [3.I] For the eval- the efficiency and effectiveness of our approach of training 391
369 uation metric, in addition to the answer accuracy, we fol- MLMs with the optimal template scale to achieve superior 392
370 low [48] and report the range (Max-Min) between the best performance without the need for extensive data scaling. 393
371 and worst accuracy across all evaluation instruction tem- By focusing on the quality and diversity of instruction tem- 394
372 plates to quantify MLM’s performance fluctuation to in- plates rather than the quantity of training data, our method 395
373 struction template variations. demonstrates a more resource-efficient pathway to enhanc- 396
ing visual instruction tuning. 397
374 4.2. Main Results . . L. .
Training on the optimal template scale significantly mit- 398
375 As presented in Table [T, we compare the performance of igates MLM’s sensitivity to diverse instruction tem- 399
376 our tuned 7B and 13B models, which we trained with the plates. Compared to LLaVA-1.5-7B and LLaVA-1.5-13B, 400
377 optimal template scale, against several prominent MLMs of which rely on original instruction tuning data, our approach 401
378 similar scale, revealing the following two key findings. of training MLMs under the optimal template scale not 402
379 Training on the optimal template scale significantly only achieves superior overall performance but also sig- 403
380 enhances MLM’s performance without increasing the nificantly reduces the performance fluctuation range (Max- 404
381 scale of training data. Compared to LLaVA-1.5-7B Min) across multiple evaluation instruction templates in 405
382 and LLaVA-1.5-13B, which utilize the same pretrained most cases. This reduction in fluctuation range indicates 406
383 models as our template-tuned models but rely on origi- that training on the optimal template scale enhances model 407
384 nal instruction tuning data, training with the optimal tem- stability and adaptability when faced with varying instruc- 408
385 plate scale achieves substantial performance improvements tion formats, a critical requirement for real-world applica- 409
386 across most datasets in all three evaluation settings. Ad- tions where input instructions can vary widely. Further- 410
387 ditionally, our tuned models trained with the optimal tem- more, when compared to other prominent MLMs of similar 411
388 plate scale outperforms other prominent MLMs of similar scale, our tuned models trained with the optimal template 412
389 scale, despite these models being trained on significantly scale consistently exhibit a lower performance fluctuation 413
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range. This consistency holds true across both in-domain
(ID) and out-of-domain (OOD) instruction template set-
tings, demonstrating the robustness of our approach across
diverse evaluation scenarios. However, counterexamples
are more likely to arise with commonly used simple tem-
plates (S), likely due to the limited diversity of only three
evaluation templates. Notably, even when evaluated using
manually crafted out-of-domain templates—which lie en-
tirely outside the template space of our instruction template
generator, our template-tuned models frequently demon-
strate a smaller performance fluctuation range. This ob-
servation underscores the ability of training on the optimal
template scale to generalize beyond the specific instruction
templates encountered during training, rather than merely
memorizing them.

5. Related Work

Multimodal language model. In recent years, multi-
modal language models (MLMs) have advanced visual-
language learning by integrating visual encoders within
various pretrained large language models [2, 4, |6} (7, 20,
25, 131} 135 138, 142, 44) 149H53L 155, 158]. With the in-
creasing availability of open-sourced LLM backbones and
extensive visual instruction-tuning data, models like the
BLIP series [10, 22} 23] 143} |58]], QwenVL series [3}, 56],
LLaVA series [27, 129, 130], and InternVL series [8} 9], have
achieved unprecedented performance in a wide range of vi-
sual tasks [} 126}, 37,139,157, 159, 163]]. These models, which
take both visual content and language as input and output
language, are now considered a new type of foundation
model with exceptional visual understanding capabilities.
However, these MLMs largely overlooked the significance
of instruction templates of prompts, resulting in unreliable,
unstable evaluation results.

Influence of template perturbation. Recent research il-
lustrated how prompt perturbations affect the performance
and robustness of large language models (LLMs) and
MLMs [13} 14 36} 40, [66]]. Liang et al. [24] performed
a comprehensive examination of MLM outputs under di-
verse prompt designs, emphasizing the importance of sys-
tematic evaluation to ensure MLM robustness. Liu et al.
[32] highlight that MLMs often produce incorrect responses
when presented with nuanced, leading questions, underlin-
ing their susceptibility to prompt design variations. To solve
this problem, Chatterjee et al. [5] propose a prompt sen-
sitivity index method that captures the relative change in
log-likelihood of the given prompts, making it a more re-
liable measure of prompt sensitivity. Some former meth-
ods [[18 141, 54]] also have proposed to extend the evaluation
benchmarks from a single prompt to multiple variants for
each prompt. However, these former methods are all based
on hand-crafted methods, which are not comprehensive
enough to evaluate LLMs and MLMs. Meanwhile, most

existing benchmarks, such as BLINK [12], SeedBench [19],
MMBench [33]], TaskMeAnything [61]], and MMMU [60]],
still keep using a single template of the prompts for the per-
formance evaluation.

6. Discussion

6.1. Limitation

Designing the template space requires manual effort.
The development of meta templates and the association of
placeholders with synonyms demand minimal manual in-
tervention. Despite the automation of template generation,
ensuring semantic consistency and grammatical correctness
across diverse templates demands human checking.

An inappropriate template scale during training can de-
grade model performance on specific datasets. The re-
sults in Sec. [3] indicate that models achieve peak perfor-
mance at a medium template scale, which varies based on
model scale. Disproportionate scaling templates can lead to
performance variability and generalization challenges.

6.2. Future Work

Budget-constrained instruction template optimization
tailored to specific models and tasks. For a specific model
and dataset, it is practical and valuable to identify the most
effective instruction template from a large pool of prede-
fined options within a constrained computational budget.
Our future work will explore developing efficient meth-
ods for optimizing instruction templates to enhance task-
specific model performance.

Enhancing the generalization of template-augmented
training. The conclusions present in Sec. [3] highlight the
limitations of our approach when faced with an inappro-
priate template scale. To address this, our future research
will explore developing advanced techniques to enhance
the generalization capabilities of our template augmentation
methods, ensuring its robustness across diverse scenarios
and benchmark datasets.

7. Conclusion

We introduced a programmatic instruction template gener-
ator to efficiently produce diverse, high-quality instruction
templates at scale, aimed at investigating the scaling effect
of instruction templates for MLM’s visual instruction tun-
ing. Our investigation into scaling instruction templates for
MLM training showed that MLLM capabilities did not mono-
tonically improve with increasing template scale and in-
stead peaked at a medium template scale, which varies with
the model’s parameter size. Additionally, using this instruc-
tion template generator, we proposed a simple yet effective
method to improve visual instruction tuning by augmenting
the original instruction tuning dataset at the optimal tem-
plate scale, offering an efficient and cost-effective solution
to improve MLMs.
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