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Abstract

Visual reasoning requires multimodal perception and commonsense cognition of1

the world. Recently, multiple vision-language models (VLMs) have been pro-2

posed with excellent commonsense reasoning ability in various domains. However,3

how to harness the collective power of these complementary VLMs is rarely ex-4

plored. Existing methods like ensemble still struggle to aggregate these models5

with the desired higher-order communications. In this work, we propose Cola 1,6

a novel paradigm that coordinates multiple VLMs for visual reasoning. Our key7

insight is that a language model (LM) can efficiently coordinate multiple VLMs8

by facilitating natural language communication that leverages their distinct and9

complementary capabilities. Extensive experiments demonstrate that our finetun-10

ing variant, Cola-FT, achieves state-of-the-art performance on visual question11

answering (VQA), outside knowledge VQA, visual entailment, and visual spatial12

reasoning tasks. Moreover, we show that our in-context learning variant, Cola-13

Zero, exhibits competitive performance in zero and few-shot settings, without14

finetuning. Through systematic ablation studies and visualizations, we validate15

that a coordinator LM indeed comprehends the instruction prompts as well as the16

separate functionalities of VLMs; it then coordinates them to enable impressive17

visual reasoning capabilities.18

A bus is traveling down a street with a bus.

Mass transportation system is the largest 
public transport system in the world.

One.

Two.

How many vehicles have headlights on? 

(A) One
(B) None
(C) Two
(D) Three
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(a) Comparison between Paradigms 

(b) Example Visual Reasoning Task: VQA (c) Cola Solution to the Example VQA

Action ① - VLMs describe the visual context.

Action ③ - LM coordinates and answers.

Action ② - VLMs answer the question.

VLM-1 VLM-2 VLM-1 VLM-2

Figure 1: We propose, Cola, using a coordinative language model for visual reasoning. Cola coor-
dinates multiple pretrained VLMs based on the visual context and plausible answers they provide.
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1 Introduction19

Visual reasoningis a crucial task that demands models to not only comprehend and interpret visual20

information but also to apply high-level cognition to derive logical solutions [34, 110, 54]. The �eld21

has received signi�cant attention from the machine learning community because of its potential22

to enable a wide range of intelligent applications, such as intelligent tutoring systems [4, 87, 62],23

automated image captioning [94], and virtual assistants [81]. To perform visual reasoning effectively,24

a model must possess both visual perception capabilities and strong commonsense reasoning abilities.25

While classic visual reasoners typically rely on complex architectures [107, 55, 106] or are unable26

to generalize beyond the training dataset [111, 65], recent advancements in large pretrained models27

have shown that vision-language models (VLMs) can achieve impressive performance on visual28

reasoning tasks even under zero-shot settings [95, 44, 43, 42]. Meanwhile, language models (LMs)29

have also demonstrated robust zero-shot commonsense reasoning abilities on the natural language30

processing (NLP) applications [7, 12, 100]. Several recent studies have attempted to combine such31

complementary VLMs and LMs for visual reasoning. For example, PICa [105] utilizes image32

captioning models to generate textual prompts for GPT-3 [7], and adapts GPT-3 to solve the visual33

question answering (VQA) tasks in an in-context few-shot learning manner. Socratic Models [113]34

allow VLMs and LMs to communicate through prompt engineering to unlock zero-shot multimodal35

reasoning capabilities.36

On the premise that current studies have focused on the interactions among heterogeneous models37

(speci�cally, among VLM and LMs), in this work, we shift to examine how to reconcilehomogeneous38

expert models(e.g., multiple VLMs) with an LM in acoordinativeparadigm. Inspired by the �ndings39

in CICERO [59] that LMs capture strong strategic planing and negotiation abilities in coordinating40

multiple agents, we proposeCola, a novelmodel ensembleapproach that utilizes an LM as the41

coordinator in between multiple VLMs. A key �nding of this study is thatgiven multiple VLMs42

with different preferred patterns in describing the visual context and predicting plausible answers43

in natural languages, an LM can coordinate and integrate their respective strengths ef�ciently44

and effectively. We present two variants of Cola, namelyCola-FT and Cola-Zero, where FT45

corresponds to a �netuning approach and Zero stands for an in-context learning approach to adapt the46

coordinator LM for visual reasoning. Figure 1 provides an overview of Cola and conventional model47

ensemble approaches.48

Existing work on model ensembles usually focuses on manipulating model weights [30] or logit49

predictions [102, 18], while remaining cumbersome, if possible, to implement on prevalent end-to-end50

black box model APIs, like GPT-4 [63], Google Bard, Anthropic Claude, etc. To address this issue,51

prompt ensembles [98, 97, 66] sample model outputs (e.g., rationales) in natural languages to boost52

chain-of-thought reasoning [100]. Recent studies on augmented LMs such as [79, 86, 52] have delved53

into developing a comprehensive strategy that enables LMs to utilize external tools. These tools54

comprise multiple off-the-shelf models, web search engines, Python functions [90], and rule-based55

modules, which are instrumental in performing complex tasks. Despite these efforts, the power of56

prompt ensembles to aggregate multiple models remains untouched. In contrast, we show that Cola57

leverages natural language prompts generated from multiple expert models to make model ensembles.58

Systematic experiments demonstrate that Cola performs at the pinnacle of ability on VQA, outside59

knowledge VQA, visual entailment, and visual spatial reasoning tasks. Speci�cally, Cola-FT achieves60

state-of-the-art performance on VQA v2 [23], A-OKVQA [ 82], OK-VQA [57], e-SNLI-VE [17],61

and VSR datasets [48], even when compared with methods that adopt larger models or require more62

training computations. Perhaps surprisingly, we also �nd that Cola-Zero demonstrates comparable63

performance without �netuning, as an emerging ability of larger language models. Compared to a64

single VLM and ensemble modeling, both Cola-FT and Cola-Zero improve the performance by a65

substantial margin across �ve datasets. Besides, we conduct a thorough analysis of perturbed VLM66

caption or plausible answer labels and saliency visualization to investigate how Cola recognizes67

each VLM's individual functionalities and then performs coordination behaviors. We conjecture that,68

in principle, any language-expressing reasoning task can be usefully augmented with coordinative69

language models that learn to aggregate multiple expert models, even via in-context learning.70

In summary, our contributions are as follows:71

• Cola, a novel paradigm that utilizes a language model as a coordinator between multiple72

vision-language models to integrate their respective strengths for visual reasoning (§2).73
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• Cola achieves state-of-the-art performance on a challenging suite of diverse visual reasoning74

tasks and datasets (§3.2).75

• Systematic analysis reveals how Cola comprehends the instruction prompts and the separate76

functionalities of VLMs and then coordinates them to capture impressive visual reasoning77

capabilities (§3.3, §3.4, §3.6).78

2 Cola79

We formulate various visual reasoning tasks as a multi-class classi�cation problem for simplicity.80

Given an imagev 2 V and a question-like promptq 2 Q , the reasoner is required to select an answer81

a from the candidate setA = f ag. In the case that the reasoner outputs a text sequencesv;q , we82

maps to a predictionP(v; q) = sim( T(sv;q ); T(f ag)) whereT transforms text sequences into text83

embeddings (we use aall-mpnet-base-v2 model [74] here), andsim denotes cosine similarity.84

Ensemble Modeling aggregates multiple models' predictions in order to improve the overall85

performance (Figure 1a). For instance, one common practice is averaging overn models:86

P(v; q) =
1
n

nX

i =1

Pi (v; q); (1)

wherePi (v; q) denotes the prediction of thei th model on input(v; q).87

2.1 Cola & Templates88 General Prompt Template
Answer the following multiple-choice question by
OFA and BLIP's description and their answers to
the visual question. OFA and BLIP are two differ-
ent vision-language models to provide clues.
OFA's description:<OFA cap tion>
BLIP's description:<BLIP cap tion>
Q: <Question>
OFA's answer:<OFA answer>
BLIP's answer:<BLIP answer>
Choices:<Choices to the ques tion>
A:

Table 1:LM prompt template. The LM is instructed
to coordinate VLMs. Each question set de�nesvisual
context, question (andchoices), andplausibleanswers.

An overview of Cola is shown in Figure 1c.89

We use OFA [95] and BLIP [44] as the90

VLMs and FLAN-T5 [13] as the LM. We91

�rst prompt each VLM to output captions92

and plausible answers independently. We93

then concatenate the instruction prompt,94

the question with choices, captions, and95

plausible answers to fuse all contexts for96

the LM to reason, coordinate, and answer.97

Image captioning gives important visual98

context to reason from. We �rst employi th
99

VLM to describe each image respectively100

to get visual descriptionsci (v). We use101

ofa-large for OFA andblip-image-captioning-large for BLIP, both implemented by102

the Hugging Face Transformers library [101].103

Plausible answers by the VLMs to the question provide clues and patterns of VLMs for the LM to104

consider and coordinate. Similar to captioning, we prompt eachi th VLM using the image-question105

pair to get a plausible answerâi (v; q). We useofa-large for OFA andblip-vqa-base for106

BLIP. Following OFA, our prompt template varies by task category. For the VQA tasks, we leave the107

original question unchanged. For the visual entailment and visual spatial reasoning tasks, our prompt108

template is" does the image describe "<text premise> " ?".109

Prompt template is shown in Table 1. First, we design an instruction prompt for LM to understand110

the requirement to coordinate VLMs to answer the visual reasoning question. We then concatenate111

the captions from each VLM model, with the VLM identi�cation labels in natural languages (referred112

to as VLM caption labels in Figure 3), such as"OFA's description:<OFA caption> ". Next, the113

question and its plausible answers provided by VLMs (with similar identi�cation labels referred to as114

VLM answer labels in Figure 3) are concatenated. We follow [13] to include the choices of question115

(for multiple-choice questions in A-OKVQA, e-SNLI-VE, and VSR) and"A:" to prompt for answers.116

Overall, the prompt for LM input is given by:117

Prompt( v; q) = Template( f (ci (v); âi (v; q)) j i = 1 ; � � � ; ng): (2)

More speci�c prompt templates on each dataset are provided in Appendix A.7.118
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Table 2:Overall performance. Model Spec. denotes speci�cation where we summarize the detailed
VLMs and LMs adopted in each method and their parameters. FT and ICT denote �netuning
and in-context learning, respectively. Downward arrows indicate that fewer FT and ICT are more
ef�cient. The accuracy metric varies slightly in different datasets. In A-OKVQA, we report both
val =test accuracies, andval accuracy in VQA v2, OK-VQA, and e-SNLI-VE,test (zero-
shot split) accuracy in VSR. Upward arrows indicate higher accuracy is better. We mark the best
performance on each dataset withbold font and second-best with underlines.

Method Vision-language Model Language Model Accuracy "
Model Spec. FT # Model Spec. ICL # FT #

Visual Question Answering (VQA v2)

MetaLM [26] Pretrained Encoder 350k steps MetaLM (1.3B) - 350k steps 41.1
FewVLM [33] Faster-RCNN (19M) 200 epochs T5 [71] (740M) - 200 epochs 51.1
PNP-VQA [92] BLIP-Caption (446M) - Uni�edQAv2 [37] (11B) 0-shot - 63.3

BLIP-2 [43] CLIP [69] (1.2B trainable) 5 epochs FLAN-T5 (3B) - - 81.6
BLIP-2 [43] CLIP [69] (1.2B trainable) 5 epochs OPT [114] (6.7B) - - 82.2

Ensemble BLIP+OFA (384M+472M) - - - - 68.0
Cola-Zero BLIP+OFA (384M+472M) - FLAN-T5 (11B) 2-shot - 69.1
Cola-FT BLIP+OFA (384M+472M) - FLAN-T5 (11B) - 1 epoch 83.7

Outside Knowledge Visual Question Answering, Multiple Choice (A-OKVQA)

VLC-BERT [50] VL-BERT (118M) 20 epochs - - - - / 38.1
Uni�ed-IO [51] UNIFIED-IO (3B) - - - - - / 45.2
PromptCap [27] OFA (472M) 2 epochs GPT-3 (175B) 0-shot - - / 73.2
Img2Prompt [25] BLIP (384M) - OPT (175B) 0-shot - 42.9 / 40.7
Prophet-MC [83] MCAN-large [108] (56M) 6 epochs GPT-3 (175B) 16-shot - 76.4 / 73.6

Ensemble BLIP+OFA (384M+472M) - - - - 56.6 / 54.9
Cola-Zero BLIP+OFA (384M+472M) - FLAN-T5 (11B) 0-shot - 65.4 / 61.6
Cola-Zero BLIP+OFA (384M+472M) - FLAN-T5 (11B) 2-shot - 70.4 / 66.5
Cola-FT BLIP+OFA (384M+472M) - FLAN-T5 (11B) - 1 epoch 77.7 / 74.0

Outside Knowledge Visual Question Answering, Direct Answer (OK-VQA)

Uni�ed-IO [51] UNIFIED-IO (3B) - - - - 54.0
PromptCap [27] OFA (472M) 2 epochs GPT-3 (175B) 0-shot - 58.8

Prophet [83] MCAN-large [108] (56M) 6 epochs GPT-3 (175B) 16-shot - 61.1

Ensemble BLIP+OFA (384M+472M) - - - - 39.2
Cola-Zero BLIP+OFA (384M+472M) - FLAN-T5 (11B) 0-shot - 39.4
Cola-Zero BLIP+OFA (384M+472M) - FLAN-T5 (11B) 2-shot - 39.4
Cola-FT BLIP+OFA (384M+472M) - FLAN-T5 (11B) - 1 epoch 62.4

Visual Entailment (e-SNLI-VE)

e-UG [36] UNITE (86M) 400 epochs GPT-2 (117M) - 400 epochs 79.5
OFA-X [67] OFA (472M) 10 epochs - - - 80.9

Ensemble BLIP+OFA (384M+472M) - - - - 48.8
Cola-Zero BLIP+OFA (384M+472M) - FLAN-T5 (11B) 0-shot - 56.2
Cola-Zero BLIP+OFA (384M+472M) - FLAN-T5 (11B) 2-shot - 57.8
Cola-FT BLIP+OFA (384M+472M) - FLAN-T5 (11B) - 1 epoch 81.6

Visual Spatial Reasoning (VSR)

VisualBERT [45] VisualBERT (110M) 100 epochs - - - 54.0
LXMERT [91] LXMERT (110M) 100 epochs - - - 63.2

ViLT [38] ViLT (88M) 30 epochs - - - 62.4

Ensemble BLIP+OFA (384M+472M) - - - - 51.4
Cola-Zero BLIP+OFA (384M+472M) - FLAN-T5 (11B) 0-shot - 55.8
Cola-Zero BLIP+OFA (384M+472M) - FLAN-T5 (11B) 2-shot - 54.9
Cola-FT BLIP+OFA (384M+472M) - FLAN-T5 (11B) - 1 epoch 67.0

2.2 Cola-FT119

Finetuning of Cola is initialized with FLAN-T5 [13] checkpoints. Given the questionq based on120

the imagev, the LM predicts the answer in the form of sequence121

sv;q = LM(Prompt( v; q)) : (3)

To optimize the LM, we use the language modeling loss for next-token prediction, with the teacher122

forcing strategy. We only �netune the LM (while not the VLMs) to follow the common paradigm of123

ensemble modeling and simplify the method (Figure 1).124
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Figure 2:Qualitative examples.The correct choices areunderlined. Leftmost: a commonsense
question example of A-OKVQA; LM follows the answer of BLIP. Left: a visual question example of
A-OKVQA; LM follows the answer of OFA. Right: an example of e-SNLI-VE; LM chooses another
option after coordination. Rightmost: an example of VSR; LM predicts based on the caption of OFA
and the answer of BLIP. Cola-Zero answers are inferenced in zero-shot settings. The bottom row,
Cola-FT (swapped VLM answer labels), indicates that the LM follows the answer of certain VLMs
based on their separate functionalities. LM answers are associated with the distribution of VLM
answer labels.

Inference deploys the same prompt as Table 1 to align with �netuning. We resort to the greedy125

decoding strategy for conditional sequence generation at both �netuning and inference.126

2.3 Cola-Zero127

In-context learning is an emerging ability of the LM models pretrained on documents of long-128

range coherence. By learning input and output format from demonstration, in-context learners129

learn to perform a downstream task simply by conditioning on a prompt consisting of input-output130

examples [104]. FLAN-T5, �netuned on instruction prompts with examples, is capable of in-context131

few-shot learning and zero-shot learning (see Figures 6 and 7).132

Cola-Zero is the in-context few-shot/zero-shot learning variant of Cola, without �netuning. For133

in-contextk-shot learning, we modify the prompt (Table 1) to includek input-output examples134

sampled from the training set. For zero-shot learning, the prompt remains the same as Table 1.135

3 Experiments136

First, the experimental setups and basic methods are described in this section. The main quantitative137

results are then presented in Table 2. Next, we analyze qualitative visualizations and scaling to verify138

the effectiveness of the Cola paradigm in different settings. Further details on datasets, training,139

evaluation, and experimental analysis can be found in Appendix A.140
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3.1 Baseline Methods141

State-of-the-art Methods are summarized into two broad categories, VLM alone, and VLM142

combined with LM. In Table 2, for a fair comparison, we detail the techniques (whether �netuning or143

in-context learning is required) used for training VLMs and LMs, and the number of training epochs.144

Ensemble Modeling can be considered the most basic baseline for aggregating VLMs. It represents145

the base performance that the combination of VLMs can achieve on the target task when not trained146

or manipulated additionally. We implement averaging ensemble (Equation (1)) of cosine similarity147

between VLM output and each choice of a question as our ensemble baseline.148

3.2 Overall Performance149

In Table 2, we �rst observe that Cola-FT achieves state-of-the-art (SOTA) performance on all three150

datasets, with merely 1 epoch of �netuning and a medium-sized language model. In contrast, many151

previous SOTA methods require �netuning more epochs than Cola-FT (e.g., VLC-BERT, PromptCap152

on A-OKVQA). Some also use much larger language models, such as GPT-3 (175B) [7] and OPT153

(175B) [114]. Cola-FT outperforms OFA-X on e-SNLI-VE, although the latter is �netuned on much154

more related tasks and data (c.f. Cola-FT is trained on each one dataset only in Table 2). In addition,155

the lighter variant Cola-Zero also achieves comparable performance to most baseline methods through156

in-context few-shot and zero-shot learning, without training any model parameter. In Table 2, we157

report the multiple-choice accuracies on A-OKVQA. See Appendix A.4 for direct answer results.158

3.3 Qualitative Examples159

In Figure 2, we exhibit several qualitative examples. The leftmost example (a tennis player playing)160

demonstrates a case when captions are not informative to guide the LM for predictions. Between OFA161

and BLIP's plausible answers, the LM follows the answer of BLIP. In contrast, in the left example162

(an oven next to a fridge), again with trivial captions, the LM follows OFA's plausible answer instead.163

The rightmost example presents the scenario of inconsistency between captions and answers. OFA164

describes the image as"an elephant is loaded onto a truck in yangon."Though, it agrees that"the165

truck is away from the elephant". With Cola-FT, The LM coordinates OFA's correct caption and166

BLIP's correct answer to make a reasonable prediction.167

Figure 3: Ablation study results using a single VLM
(#1, #2 from top), VLMs' plausible answers only (w/o
captions, #3), VLMs' captions (w/o plausible answers, #4),
perturbed VLM caption/answer labels at �netuning (#5,
#6), and swapped answer labels at evaluation (#7). In #6,
the coordination prior cannot be learned by the LM. In
#7, the coordination prior can be learned by the LM, but
cannot be properly applied at evaluation. FT: �netuning;
Eval: evaluation.

Notably, we observe a scenario in168

that captions can be more informa-169

tive than plausible answers to guide170

LM. The right example (a puppy run-171

ning) presents an uninformative image.172

Though neither OFA nor BLIP succeeds173

to answer the question, the LM chooses174

to answer with "maybe" based on the175

given visual context. See Appendix A.5176

and Appendix A.6 for more analysis on177

qualitative examples and failure cases.178

3.4 Coordination Analysis179

Overall, Figure 3 validates the ef�cacy180

of Cola to coordinate VLMs. All the ex-181

periments use the same prompt template182

as in Table 1 unless otherwise stated.183

On A-OKVQA validation set, the per-184

formance of a single VLM (w/o FLAN-185

T5) is 50.83% for BLIP, or 54.75% for186

OFA. To validate the effectiveness of187

multi-VLM collaboration, we �rst ab-188

late single-VLM variants of Cola-FT,189

shown as #1 (OFA only, without BLIP)190
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and #2 (OFA only, without OFA) from the top. As expected, both fall behind Cola-FT (#8) by a large191

margin. With both VLMs, we ablate VLMs' captions (#3) and VLMs' plausible answers (#4), which192

reveal that plausible answers are much more signi�cant in helping the LM answer visual reasoning193

questions. Next, we perturb caption labels by swapping the VLM caption labels at �netuning and194

evaluation (#5), speci�cally"OFA's description: "and"BLIP's description: ", by a chance of 50%.195

Under such settings, the LM fails to acquire the preferred patterns of VLM for captioning, though196

the overall visual context is preserved. The results underperform Cola-FT, which veri�es that VLM197

caption labels improve Cola-FT performance. Notably, the VLM (plausible) answer labels are more198

important to the LM's decision: a considerable gap exists between (#6) and Cola-FT. In #6, the LM199

fails to learn the separate functionalities of VLM when answer labels are perturbed. This highlights200

that the performance gained from thecoordinationbetween BLIP and OFA, but not the strong201

reasoning capabilities of the LM, FLAN-T5.202

Naturally, we askwhat if the LM can learn the patterns each VLM answers, but they cannot apply203

it at inference?We input correct VLM answer labels at �netuning and swap labels at evaluation204

(#7). Consequently, #7 falls behind Cola-FT with a smaller but still considerable margin. The205

results suggest that learning and applying the separate functionalities of VLMs is important for the206

coordinator LM to make predictions. See Appendix A.9 for more ablation studies.207

3.5 Scaling Cola208

Scaling Cola with More VLMs. By decoding the top-k (k=5) results from three identical (OFA-base)209

models on the A-OKVQA validation set, both the answers and captions may exhibit slight variations.210

Cola demonstrated signi�cant performance improvements compared to a single VLM or ensemble, as211

shown in Table 3. Furthermore, the performance gap between the ensemble baselines and Cola based212

on three different models (OFA-tiny/medium/base) is even more substantial, as depicted in Table 4.213

We further scale the number of OFA-base and �nd that Cola-FT satures at 5 VLMs (49.77%) and214

Cola-Zero (2-shot in-context learning) satures at 3 VLMs (47.71%). We observe that long input215

harms the performance of Cola-Zero, which is negative for scaling with more VLMs (Figure 4).216

Methods A-OKVQA e-SNLI-VE

OFA-base (1) 45.76 52.60
OFA-base (2) 46.07 51.70
OFA-base (3) 45.73 52.33

Ensemble (majority voting) 44.79 52.71
Ensemble (average) 46.04 52.25

Cola-Zero (2-shot) 47.71 54.42
Cola-FT 48.85 56.92

Table 3:Performance of ensemble methods
based on three identical models.

Methods A-OKVQA e-SNLI-VE

OFA-tiny 39.03 50.20
OFA-medium 42.45 51.04
OFA-base 45.76 52.60

Ensemble (majority voting) 46.71 53.94
Ensemble (average) 46.62 54.41

Cola-Zero (2-shot) 49.37 57.63
Cola-FT 54.26 63.68

Table 4:Performance of ensemble methods
based on three different models.

Figure 4:Scaling of #
Models.

Scaling Model Size. We conduct experiments on scaling the coordinator217

LM size to see if there are rami�cations when operating at a larger scale.218

Figure 5 reveals that Cola-FT performance increases as the LM (FLAN-T5)219

model size increases. Notably, Cola-FT/small, with only 80M parameters,220

could achieve 65% MC accuracy on A-OKVQA validation set, which is221

far beyond our baseline methods (55%). Cola-Zero, under the in-context222

learning paradigm, achieves competitive performance when the model223

grows to a billion-parameter scale. This observation on Cola-Zero can be224

regarded as a proof-of-concept that potentially reveals Cola-Zero's emerging225

abilities (inherited from FLAN-T5 [13]) on visual reasoning tasks at a226

relatively large scale. Cola-FT is applicable with small models, but Cola-227

Zero is an emerging ability on larger models only.228

In-context Learning & Low-data Finetuning. We conduct experiments on different data scales229

to verify Cola's performance varying from zero-shot to full-shot under in-context learning and full-230

�netune paradigm. As shown in Figure 6, with Cola-Zero, few-shot exemplars substantially improve231

performance compared to zero-shot learning. As [13, 99] revealed, exemplars potentially help the232

model better understand the output format and understand the instructions in Table 1. Cola-Zero for233
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Figure 5:Cola performances versus the LM
(FLAN-T5) sizes.

Figure 6:Low-data Cola-FT and Cola-Zero perfor-
mances.x-axis is distorted for optimal display.

Figure 7:Visualization of input token saliency.We visualize the relevancy between input tokens
and the output token"grass" by feature attribution [15]. The more salient tokens are highlighted in
darker boxes. Cola-FT focuses on the question, choices, and VLMs' plausible answers in (a). While
as shown in (b), Cola-Zero pays extra attention to instructions and VLM labels, as a consequence of
instruction �netuning [13].

in-context few-shot learning outperforms zero-shot learning by a large margin, being on par with234

low-data Cola-FT without �netuning. We also observe Cola-FT's substantial performance gain when235

�netuning shots increase to 1000 and beyond.236

3.6 Saliency Visualization237

As shown in Figure 7, we visualize the importance of the input prompt tokens by input-gradient238

saliency feature attribution [15], implementing withEcco [2]. The input tokens that are more relevant239

to predict the output token"grass" are highlighted in darker colors. In the given example, both240

Cola-FT and Cola-Zero predict the correct answer and �nd the relevant clues from visual context and241

plausible answers. Figure 7b shows that Cola-Zero attributes the output more to the instructions in242

the prompt template. This explains Cola-Zero's competitive performance, a consequence of FLAN243

instruction tuning [99]. After �netuning, Cola-FT focuses more on the most informative parts of244

input: the question, choices, as well as VLMs' plausible answers.245

3.7 Does Cola-FT Transfer across Tasks?246 Table 5:Cola-FT is generalizable across out-of-
distribution tasks. In most cases, the performances
surpass Cola-Zero (in-context 2-shot learning re-
sults in brackets) on target datasets.

Finetuned on A-OKVQA val e-SNLI-VE val VSR test

A-OKVQA 77.7 (70.4) 58.7 57.6

e-SNLI-VE 71.2 81.6 (57.8) 51.7

VSR 71.4 61.4 66.9 (55.8)

We examine Cola-FT's generalization ability247

across tasks. From Table 5, we observe the248

zero-shot performances on target datasets af-249

ter �netuning on a certain source dataset. Al-250

though each dataset varies in question types and251

prompt templates (see detailed comparisons in252

Appendix A.7), we �nd that Cola-FT maintains253

competitive performance when zero-shot transferred to a new task, outperforming Cola-Zero in-254

context 2-shot learning and ensemble baselines (see also Table 2).255
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4 Related Work256

Visual Reasoning.Beyond unimodal reasoning tasks such as question answering (QA) [93, 11, 109,257

6], visual reasoning extends high-level cognition to visual domains, requiring an intelligent agent to258

derive rational solutions [34, 29, 77, 110, 32]. Several tasks have been introduced to address visual259

reasoning, such as VQA [1], in which models are expected to provide answers to questions related to260

an image, and visual entailment [103], where the model is required to determine if a text description261

is consistent with the visual content provided.262

Classic visual reasoning methods employ an image encoder and a text encoder, along with a reasoning263

block that utilizes attention mechanisms [111, 112, 96], neuro-symbolic methods [107, 55], or264

external knowledge [56, 24, 10].265

Recent progress in large pretrained models has led to the development of LMs that capture exceptional266

commonsense reasoning capabilities [71, 13, 12]. These LMs can potentially replace the reasoning267

module in visual reasoning tasks, and LMs' lack of perception can be compensated by incorporating268

multiple VLMs trained on different domains [69, 95, 44]. However, there is still a lack of research on269

how to harness the collective power of these separate VLMs for visual reasoning tasks. More related270

works are in Appendix B.271

Model Ensemble.Model ensemble is a powerful machine learning technique that combines the272

predictions of multiple models to improve the overall performance of a given task [16]. The variance273

and bias of the �nal predictions decrease, resulting in a more robust and accurate model [76]. To274

this end, common methods include averaging [102], voting [31], interpolation [30], weighting the275

predictions based on model performance [18], or stacking the models [8].276

Ensemble methods have been challenging for "generative" tasks like visual reasoning, where a277

simple combination is not applicable to heterogeneous models due to their enormous and varying278

input/output token spaces. To address the issue, Socratic Models (SMs) [113] use prompt engineering279

to guide the heterogeneous pretrained multimodal models through natural language discussions.280

With a similar goal, [46] proposes a closed-loop iterative consensus optimization method to utilize281

the strengths of individual models. However, previous methods do not fully adapt to the intrinsic282

patterns of different models, particularly in the visual reasoning scenario. Recent studies, such as283

CICERO [59], have shown that LMs possess strong social intelligence in coordinating multiple284

agents, which inspires us to reorganize pretrained mixed-modal models with a focus on adapting285

LMs. More recently, Toolformer [79] and HuggingGPT [86] further demonstrate LMs' abilities to286

leverage, coordinate, and incorporate the results from external sources such as other models or even287

APIs to solve complex tasks. While the external tools are called in sequential order in existing work,288

we study coordinating multiple tools (speci�cally, expert models) in parallel in this work.289

5 Discussion290

Limitations. Visual reasoning is a diverse topic. This work demonstrates the �rst step toward291

applying language models for visual reasoning. While the LMs perform well on the discussed292

datasets, there is a large body of visual reasoning tasks to evaluate in future works, such as intention293

prediction and rationale explanation.294

Future Works. First, exploring the use of non-parametric tools for visual reasoning would be295

useful to enhance Cola's performance. Second, Cola's use can be extended to other reasoning and296

planning tasks, such as image generation and action planning, by coordinating multiple models in297

parallel. Third, by improving inter-model communications, Cola can be more interpretable and safe298

for high-stakes applications.299

Conclusion. In this paper, we have proposed a novel paradigm for visual reasoning that harnesses the300

power of multiple VLMs by utilizing a coordination mechanism, where an LM acts as a coordinator301

who communicates with VLMs to integrate their respective strengths. Experiments show that302

reasoning performance is substantially improved by LM �netuning or in-context learning. Our303

results provide a promising step towards building multi-component intelligent systems that capture304

multimodal reasoning capabilities in a human-like way.305
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A Experimental Details646

In this section, we elaborate on our training and evaluation details, prompt templates, and more647

qualitative examples for analysis.648

A.1 Datasets649

Our experiments are conducted on a challenging suite of three diverse visual reasoning tasks, including650

outside knowledge VQA, visual entailment, and visual spatial reasoning. For each task, we select the651

following dataset respectively.652

Visual Question Answering v2 [23] (VQA v2) is a large-scale benchmark containing over 1653

million images from the COCO dataset and more than 250,000 human-generated question-answer654

pairs. The dataset is designed to test the ability of machine learning models to understand both the655

visual content of an image and the meaning behind natural language questions. The questions in VQA656

v2 cover a wide range of topics and are often open-ended, requiring models to reason and generalize657

about the world. VQA v2 has been widely used to evaluate the performance of state-of-the-art models658

in the �eld of computer vision and natural language processing.659

Augmented Outside Knowledge VQA [82] (A-OKVQA) contains about 25k questions paired660

with both multiple choice (MC) answer options. Unlike most existing VQA datasets, the questions in661

A-OKVQA cannot often be answered by querying the knowledge base, but rather involve some type662

of commonsense reasoning and outside knowledge about the situation portrayed in the image.663

Outside Knowledge VQA [57] (OK-VQA) includes more than 14,000 questions that require664

external knowledge to answer. The answers are provided in free-text direct answer form. Both665

A-OKVQA and OK-VQA sample images from the COCO dataset, with no overlapping.666

e-SNLI-VE [17] dataset is an extended version of SNLI-VE dataset [103], which contains about667

190k question pairs and human-annotated natural language explanations for the ground-truth labels.668

The text premise provides a statement about the contents of the image. The task is to determine669

whether the statement is true or false based on the image content.670

Visual Spatial Reasoning [48] (VSR) consists of 65 spatial relations (e.g.,under, in front of, facing,671

etc.) of instances in images. VSR has more than 10k question pairs, associated with 6940 images672

from MS COCO [47].673

A.2 Finetuning Details674

We adopt pretrained BLIP [44]2 and OFA [95]3 as VLMs, and freeze their parameters without675

updating. The �netuning only happens on the language model part. The training set of each dataset is676

used for �netuning. We use the whole training set unless otherwise speci�ed in low-data �netuning677

discussion.678

We use an AdaFactor optimizer [85] at the learning rate of 1e-4 for all Cola-FT experiments. The679

batch size is by default set to 16, though we �nd Cola-FT insensitive to batch size. We �netune and680

evaluate the models on NVIDIA V100 or A100 GPUs. The �netuning ranges from 1 hour to about681

15 hours, varying by the dataset.682

Following the common experiment protocols, we employ a teacher forcing and greedy decoding683

strategy for �netuning.684

A.3 Evaluation Details685

As speci�ed, we use the validation or test set multiple choice accuracy as the evaluation metric. In686

A-OKVQA, we reportval =test accuracy, andval accuracy in e-SNLI-VE,test (zero-shot split)687

accuracy in VSR. For simplicity and consistency, we evaluate ablation experiments on A-OKVQA688

2BLIP: https://github.com/salesforce/BLIP
3OFA: https://huggingface.co/OFA-Sys
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validation set. Following the common experiment protocols [27, 67], we report the single run results689

for performance comparison.690

The exemplars at the inference of Cola-Zero are randomly sampled from the training set, i.e.,691

supposedly help the LM learn the input data distribution and output format but do not leak relevant692

information to the evaluation question.693

A.4 A-OKVQA Direct Answer Results694

In addition to MC accuracy, we present the direct answer (DA) accuracy of models on the A-OKVQA695

validation set in Tables 6 and 7.696

FLAN-T5-Small FLAN-T5-Base FLAN-T5-XL FLAN-T5-XXL

Cola-FT 56.5 60.6 64.1 65.4
Cola-Zero (2-shot) 30.3 34.6 57.6 61.0
Cola-Zero (0-shot) 28.6 36.0 55.0 59.3

Table 6:A-OKVQA validation set DA performance. Extension of Figure 5.

1-shot 2-shot 3-shot 4-shot

Cola-Zero 60.2 61.0 60.7 59.2

Table 7:Cola-Zero in-context few-shot learning DA performance on A-OKVQA validation set.
Extension of Figure 6.

A.5 Qualitative Examples697

In this section, we provide more qualitative examples on A-OKVQA (Figure 8), e-SNLI-VE (Fig-698

ure 9), and VSR (Figure 10) datasets.699

Due to the large span of the three �gures, for better visibility, we put the detailed description directly700

in each �gure's caption part. We illustrate how Cola-FT and Cola-Zero process the VLMs answers in701

each example. Overall, in these examples, we can observe that even if BLIP and OFA provide wrong702

answers, Cola can still present the correct answer based on the captions provided by OFA and BLIP,703

as well as the choice set. This may illustrate how Cola amazingly accomplishes visual reasoning704

tasks via coordinating BLIP and OFA.705

A.6 Failure Cases706

In Figure 11, we provide a few failed cases to analyze the speci�c behavior of Cola.707

The leftmost example's correct answer iskayaking, but there are no hints from OFA and BLIP's708

answers and captions. Therefore Cola-Zero incorrectly provides the answerOFAwithout suf�cient709

information as hints, while surprisingly Cola-FT answered correctly from OFA'sboatinganswer.710

The left example again has insuf�cient information from captions. While BLIP answersno and OFA711

answersyes, Cola-FT chooses to answermaybe, which looks natural but unfortunately picks the712

wrong choice.713

The right example's captions contain enough information this time. But both Cola-FT and Cola-714

Zero are misled by BLIP's wrong answerno parking.715

The rightmost example also has insuf�cient information from captions. In this situation, Cola has no716

choice but to believe either BLIP or OFA's answer, but it mistakenly prefers BLIP's wrong answer.717

A.7 Prompt Templates718

Across three datasets, the prompt template is roughly the same, with minor differences mainly in719

the format of the questions and choices. We list the prompt templates adopted in A-OKVQA and720

e-SNLI-VE/VSR in Table 8 and Table 9, respectively.721
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Figure 8:A-OKVQA qualitative examples. Leftmost: LM doesn't use BLIP and OFA's answers,
but may observe from captions to derive the correct �nal answer. Left: As shown on the left, LM
does not follow the wrong answers from OFA and BLIP but gets the correct answers from captions.
Right: With both OFA and BLIP answering incorrectly, LM derives the correct one from both VLMs'
captions and answers. Rightmost: After assessing the questions, answers, and captions, LM goes
with OFA's answer and rewrites it to match the expression in the choices. The correct choices are
underlined. Cola-Zero answers are given in zero-shot settings.

VQA Prompt Template

Answer the following multiple-choice question by OFA and BLIP's description and their answers
to the visual question. OFA and BLIP are two different vision-language models to provide clues.

OFA's description:<OFA cap tion>
BLIP's description:<BLIP cap tion>

Q: <Question>

OFA's answer:<OFA answer>
BLIP's answer:<BLIP answer>

Choices:<Choices to the ques tion>

A:
Table 8:VQA prompt template for the LM, for VQA v2 / OK-VQA / A-OKVQA. The LM is
instructed to coordinate VLMs. Each question set de�nesvisualcontext, question with choices, and
plausibleanswers.

A.8 Parameter-ef�cient Finetuning722

To further reduce the computation cost in model adaptation, we explored parameter-ef�cient �netuning723

(PEFT) techniques to reduce �netuning parameter counts. Speci�cally, we use(IA )3 [49], which724

�netunes an overhead of 1 million parameters, equivalent to 0.01% of the full parameters of FLAN-725

T5-XXL.726

Compared to full �netuning,(IA )3 requires more iterations to converge. The performance of a727

(IA )3 �netuned FLAN-T5-XXL model is on par with a fully �netuned FLAN-T5-Small (80 million728
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Figure 9:e-SNLI-VE qualitative examples.Leftmost: As the connection todaredevilis not obvious
in BLIP and OFA's captions, although Cola-Zero is misled, Cola-FT correctly answersmaybe. Left:
Similar to the left example, Cola-FT answer correctly as no obvious connections are seen from the
captions to this question. Right: Similar to the left example, the fact ofcatch cat�shis not reasonable
from the captions, Cola-FT picks the correct answermaybe. Rightmost: Asgirl gets hit is not obvious
in BLIP and OFA's captions and answers, Cola-Zero and Cola-FT both follow BLIP to choose the
correct answerno. The correct choices areunderlined. Cola-Zero answers are given in zero-shot
settings.

parameters) counterpart (Figure 5). Notably, the former is associated with more computation and729

memory footprint as a consequence of more parameters in the forward pass.730

A.9 Extended Ablation Studies731

Do caption labels offer useful information to LLM? How would more prompt variations affect732

the performance of Cola? We tested Cola-Zero with and without caption labels on A-OKVQA733

validation set, observing a slight decrease in performance when without them (70.39% w/t vs. 69.97%734

w/o). More ablative experiments showed that removing the VLM's answer labels led to a substantial735

drop in performance (70.39% w/t vs. 67.62% w/o). Removing the model characteristic descriptions736

also led to a decrease (70.39% w/t vs. 68.37% w/o).737

Do longer image captions improve reasoning performance?On A-OKVQA validation set, we738

tested longer image descriptions (>50 tokens) but found no gain compared to Cola or single VLMs.739

Longer captions decreased FLAN-T5+OFA's accuracy by 0.61% and FLAN-T5 with BLIP by 0.69%740

on the A-OKVQA validation set. Cola (captions <30 tokens) reached 77.73%, outperforming741

individual VLMs. Longer captions lacked meaningful visual context, possibly due to short text and742

image pairs in their training datasets. This experiment reaf�rms Cola's effectiveness in aggregating743

individual VLM functionalities.744

B Extended Related Works745

B.1 Finetuning Large Language Models746

Large language models [7, 64, 5] pretrained on massive amounts of unstructured data have gradually747

demonstrated great performance by �netuning on additional task-speci�c instances. Finetuning748
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Figure 10: VSR qualitative examples. Leftmost: As OFA caption mentionedelephant being
transportedand OFA provides the correct answer, Cola-FT follows OFA's choice. Left: As OFA and
BLIP provide the same answer, Cola-Zero and Cola-FT follow the choice. Right: As the captions
do not provide obvious information, even BLIP and OFA provide the same answer, Cola-Zero and
Cola-FT are not misled to the wrong choice. Rightmost: As the captions provide strong cluebananas
in a bowl, although BLIP's answer is incorrect, Cola-Zero and Cola-FT still choose the correct answer.
The correct choices are underlined. Cola-Zero answers are given in zero-shot settings.

Figure 11:Failed cases.The correct choices areunderlined. Cola-Zero answers are given in zero-shot
settings.

a large language model can be considerably more sample ef�cient than re-training from scratch,749

although acceptable performance may still require a considerable quantity of data [88]. Recent750
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