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Abstract

Visual abductive reasoning (VAR) is a challenging task that
requires Al systems to infer the most likely explanation for
incomplete visual observations. While recent MLLMs de-
velop strong general-purpose multimodal reasoning capabil-
ities, they fall short in abductive inference, as compared to
human beings. To bridge this gap, we draw inspiration from
the interplay between verbal and pictorial abduction in human
cognition, and propose to strengthen abduction of MLLMs by
mimicking such dual-mode behavior. Concretely, we intro-
duce Abduct iveMLLM comprising of two synergistic com-
ponents: REASONER and IMAGINER. The REASONER oper-
ates in the verbal domain. It first explores a broad space of
possible explanations using a blind LLM and then prunes vi-
sually incongruent hypotheses based on cross-modal causal
alignment. The remaining hypotheses are introduced into
the MLLM as targeted priors, steering its reasoning toward
causally coherent explanations. The IMAGINER, on the other
hand, further guides MLLMs by emulating human-like pic-
torial thinking. It conditions a text-to-image diffusion model
on both the input video and the REASONER ’s output embed-
dings to “imagine” plausible visual scenes that correspond
to verbal explanation, thereby enriching MLLMSs’ contex-
tual grounding. The two components are trained jointly in
an end-to-end manner. Experiments on standard VAR bench-
marks show that Abduct iveMLLM achieves state-of-the-art
performance, consistently outperforming traditional solutions
and advanced MLLMs.

Code — https://github.com/ChangPtR/AbdMLLM.git

Introduction

Visual abductive reasoning is the process of forming an ex-
planatory hypothesis for incomplete visual observations. It
is an integral part of human cognition (Peirce 1931; Shana-
han 2005) and humans routinely employ it in everyday life,
both verbally and pictorially (Thagard and Shelley 1997).
Given the observation O: ‘the street is wet and
the roof is dry’, one might verbally abduce that a
water truck has recently passed by and sprayed the street,
based on some hidden governing rules such as ‘rain
wets both streets and roofs’ and ‘a water

*Corresponding author
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

2698

truck wets only the street’. Alternatively, one
might pictorially abduce by forming a mental picture of a
water truck spraying water as it driving down the street.
This imagined scene resembles the hypothesized event in
a more direct and concrete way than a verbal or sentential
representation would, and can in turn facilitates verbal ab-
duction. This very ability gives humans a distinct advantage
over machines in high-level reasoning, and represents one
of the most valuable capacities to be emulated in modern
machine vision system.

Recently, multimodal large language models (MLLMs)
have emerged as promising foundations for building visual
reasoning systems (Wu et al. 2023). Trained on vast amounts
of human knowledge, these models have developed impres-
sive capabilities in multimodal reasoning tasks such as vi-
sual question answering, multimodal dialogue, and visual
chart reasoning. However, recent studies (Wang et al. 2024b;
Chinchure et al. 2024) have highlighted a significant gap be-
tween current MLLMSs and human abduction capability in
understanding ambiguous observations.

To address this limitation, we draw inspiration from hu-
man cognition, where verbal and pictorial abduction inter-
act to interpret incomplete visual observations. Based on
this insight, we introduce AbductiveMLLM, which en-
hances VAR capabilities of MLLMs by integrating com-
plementary verbal and pictorial abductive process. Specif-
ically, our method consists of two synergistic components:
1) a REASONER, which extracts and selects high-quality
verbal hypotheses from an LLM, serving as targeted priors
for MLLMs to generate plausible explanations; 2) a IMAG-
INER, which simulates the pictorial thinking process using
diffusion models to guide and refine MLLM-generated ex-
planation. These two components are jointly optimized in
an end-to-end manner to allow interactions between verbal
and pictorial modes of abductive thinking, and narrows the
gap between abstract reasoning and concrete imagination in
a more similar way as human cognition.

More specifically, REASONER begins by prompting a
LLM to generate a diverse set of candidate hypotheses
based solely on video captions. While these hypotheses in-
corporate broad commonsense knowledge, they often lack
grounding in the actual visual content and may therefore
be causally inaccurate. To address this, we introduce a
causality-aware contrastive learning mechanism that pro-



motes alignment between the observed video and causally
relevant hypotheses (rather than relying on superficial simi-
larity). This filtering process effectively prune out spurious
candidates based on causal relevance and narrows the rea-
soning search space. The filtered hypotheses are then passed
to an MLLM to generate a verbal explanation. To comple-
ment verbal reasoning with visual imagination, IMAGINER
takes both the observed videos and output embeddings from
the MLLM as conditioning signals for a generation model.
Rather than training a new video generator from scratch, we
adapt an existing text-to-image diffusion model (i.e., Sta-
ble Diffusion (Rombach et al. 2022)) with lightweight spa-
tiotemporal adapters. As in (Wang et al. 2025b; Ma et al.
2025), the generator is not used to produce high-quality vi-
sual results, but instead serves as a reasoning guide: a latent
denoising loss is applied to encourage the model to converge
on visually plausible outcomes.

Contributions. This work presents Abduct iveMLLM,
which represents a pioneering effort in enhancing the ab-
ductive capability of MLLMs. e From verbal perspective,
we develop a causality-aware contrastive learning model
to mine high-quality textual hypotheses, reducing reason-
ing space and providing crucial priors for MLLMs. e From
pictorial perspective, to the best of our knowledge, this
is the first study to visual abductive reasoning that ex-
plicitly incorporates pictorial thinking capability to im-
prove verbal abductions, inspired by human cognitive pro-
cesses. Our method shows promising performance on stan-
dard benchmarks, consistently outperforming existing spe-
cialized small-scale models and MLLMs, setting the new
state-of-the-art.

Related Work

Visual Abductive Reasoning (VAR). VAR aims to infer the
most likely explanation for partially observed visual events.
Early VAR approaches addressed only static images. (Hes-
sel et al. 2022) introduced the Sherlock dataset and adapted
CLIP for image-based abductive inference. RCA (Zhang,
Ee, and Fernando 2024) augmented this by a visually guided
multi-head attention mechanism and a revised contrastive
loss. BiGED (Tan et al. 2025a) proposed a relational GNN
to predict human pre-action sequences in indoor scenes from
a single image. However, these approaches are constrained
by the static and incomplete nature of single-frame observa-
tions, and often fail to capture the complex spatiotemporal
causal structure of open-world scenarios.

To address the limitations above, recent works have
shifted toward video-based abductive reasoning. REA-
SONER (Liang et al. 2022) is among the first to build a
dataset of real-world visual event sequences, and combines
a causality-aware video encoder with a cascade decoder, en-
abling abductive reasoning over arbitrary visual events. Sub-
sequently, UPD-Trans (Xu et al. 2024) introduced proba-
bilistic distillation in a Transformer. Conan (Xu et al. 2023b)
builds an agent to explore active interaction in simulated en-
vironments. Videoabc (Zhao et al. 2022) applies hierarchical
reasoning to capture long-term dependencies. Knowledge
integration has also been explored: KN-VLM (Tan et al.
2025b) introduces visual knowledge from observed videos

2699

and textual knowledge from an external knowledge base.
MAR (Li et al. 2023) and COIN (Li et al. 2024b) incor-
porate symbolic reasoning to enhance abduction of human
actions. All these studies are specialized small-scale models
and focus exclusively on verbal reasoning. In light of recent
advances in MLLMs, we pivot to enhance MLLMs for vi-
sual abductive reasoning. Drawing on human cognitive pro-
cesses, we propose a unified multimodal network for video-
based abductive reasoning, which integrates both verbal and
pictorial thinking.

Multimodal Large Language Models (MLLMs). MLLMs
have emerged as leading paradigm for video understand-
ing. Mainstream approaches typically build upon pre-trained
large language models, integrate dedicated video encoders,
and employ techniques such as self-supervised learning
and instruction tuning to achieve effective vision-language
alignment and enhance multimodal representation capabil-
ities (Wang et al. 2024c; Lin et al. 2024; Lyu et al. 2023;
Chen et al. 2023; Zohar et al. 2024; Wang et al. 2024a).
These models have been successfully applied to a wide
range of multimodal tasks, including video question answer-
ing (Wang et al. 2024d; Maaz et al. 2024; Wang et al. 2025a),
multimodal dialogue (Luo et al. 2023), video captioning
(Cheng et al. 2024; Xu et al. 2023a), efc.. Nevertheless, re-
cent studies (Wang et al. 2024b; Chinchure et al. 2024) have
underscored a significant gap between current MLLMs and
human abductive capability, which indicates that these mod-
els still lack the capacity for advanced reasoning grounded in
causal relationships. Our work proposes enhancements from
verbal and pictorial modalities, and narrows the abductive
reasoning capability between MLLMs and humans.

Our Approach

VAR Task. We follow the task definition of VAR in (Liang
et al. 2022). Given a video sequence containing 7' events
V ={01,...,0;-1,H,Oy,...,Or_1}, where the events
are logically related and chronologically organized. Among
them, O = {0, }-}* denotes the collection of 71 observed
premise events, and H represents unobserved explanatory
event. Notably, H may occur at any position within V. The
goal of the VAR task is to infer the most likely verbal ex-
planation E}, for the unobserved event H, based on the ob-
served events in O.

Main Idea. Inspired by how humans integrate verbal and
pictorial thinking for abductive reasoning, we introduce
a joint network to enhance the abductive reasoning ca-
pabilities of MLLMs. AbductiveMLLM consists of two
main modules: REASONER and IMAGINER. REASONER
first generates candidate hypotheses with a blind LLM, then
selects causally relevant hypotheses through cross-modal
causal contrastive learning, which enhances MLLMs’ rea-
soning in verbal mode. IMAGINER is a diffusion model
with lightweight adapters, conditioning on REASONER out-
put embeddings and observations. It is trained end-to-end
with REASONER to provide enhancement in pictorial mode.
Fig. 1 illustrates the entire process of our method.
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Figure 1: Network architecture of AbductiveMLLM. The network consists two synergistic components: REASONER and
IMAGINER. On the left, REASONER takes a query and a sequence of incomplete observations V' as input. First, it generates
captions C for each observed event. Based on C, Causality-aware Hypotheses Generation module provides high-quality hy-
potheses Y for the MLLM. Its output embeddings are passed to IMAGINER as textual conditions ¢; for imagination, which
are also used to generate verbal abduction results. On the right, IMAGINER is adapted from a text-to-image diffusion model
through the integration of lightweight adapters. It takes ¢; and ¢, as multimodal conditions, where ¢, is visual local-global
hybrid representations extracted from the observations. The two components are trained end-to-end with Lcg and Lpigrysion-

REASONER: Abduction in Verbal Mode

The REASONER enhances the abduction of MLLMs in ver-
bal mode. It first generates candidate hypotheses using a
blind LLM. Then, a causality-aware hypotheses selection
module is proposed to prune visually irrelevant hypotheses
based on causal relevance. The remaining hypotheses are
subsequently passed to MLLMs as targeted priors for ver-
bal abduction.

Causality-aware Hypotheses Generation (CHG)

Step 1: Candidate Verbal Hypotheses Generation. Abduc-
tive reasoning presents a significant challenge due to its
vast and complex space of plausible explanations. To allevi-
ate this, we leverage the knowledge-rich capabilities of ad-
vanced LLMs to generate a diverse set of candidate hypothe-
ses, thereby narrowing the reasoning space. Specifically, we
first employ a pre-trained MLLM to generate video captions
for each observed video clip in O, yielding a sequence of de-
scriptions C = {C} }{!, with each C; corresponds to the de-
scription of O;. Afterwards, we prompt GPT-40-mini (Hurst
et al. 2024) to infer plausible missing events under the in-
struction: You are an event-completion expert, infer the most
plausible event at the [MASK] position.. To ensure diver-
sity and reduce redundancy, we query GPT-40-mini multi-
ple times per video instance using a relatively high sampling
temperature (e.g., 1.4). This finally results in a collection of
L diverse candidate hypotheses denoted as Y = {Y;}L |,
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where each Y; represents a distinct verbal explanation for
the missing event.

Step 2: Causality-aware Cross-modal Hypotheses Selec-
tion. Since the hypotheses in ) are derived solely from
textual captions, they may include low-quality, halluci-
nated candidates that hinder effective reasoning in MLLMs.
Therefore, we introduce a contrastive learning based hy-
potheses selection module to identify causally relevant hy-
potheses from ) by leveraging O. Unlike standard con-
trastive learning, which merely establishes superficial sim-
ilarity between visual and textual modalities, this module
is specifically designed to capture the causal relevance be-
tween visual observations and textual hypotheses.

Sufficient high-quality negative samples are crucial in
contrastive learning (Chen et al. 2020; Robinson et al. 2021).
While the ground-truth explanation Ej, could directly serve
as the positive hypothesis, constructing diverse and seman-
tically meaningful negative hypotheses remains a challenge.
To generate these negative hypotheses, we utilize GPT-4o-
mini (Hurst et al. 2024). The prompt begins with a task
description: There is a contrastive learning task aimed at
matching the missing video caption using a series of ob-
served videos. We then provide GPT with the positive ex-
planation E},, the observed captions C, and instructions: The
negative samples should differ in semantics from the positive
sample, but still align with the logical context of observed
captions. We call GPT-40-mini multiple times to obtain M
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Figure 2: Illustration of cross-modal causal contrastive
learning. Encoders @/, ® learn to attract causally plau-
sible hypotheses P to the observations, and repel causally
irrelevant hypotheses P~.

negative hypotheses.

Given any input V, it can be naturally partitioned into
three sequential segments: the initial segment Z, the pro-
cess segment P, and the final segment F, and H may cor-
respond to any of them. In the following, we take the case
where H serves as the process segment as an illustrative ex-
ample. The observations before and after I are then treated
as the initial and final segments. As illustrated in Fig. 2, the
module comprises a vision encoder @y and a text encoder
@, which project embeddings of these segments into a joint
causal space. Specifically, @y encodes the observed initial
and final segments into visual embeddings X7 and X ». &
encodes the postive and negative hypotheses into textual em-
bedding X3} and X 1.

During training, the model is optimized with a contrastive
objective that maximizes the causal relevance between the
observed video and the positive hypothesis, while minimiz-
ing the relevance with negative hypotheses. This is achieved
via the NT-Xent loss (Chen et al. 2020):

exp ((XI + X;g,. X]:>/T)
SMoexp (X2 + X5, XF) /1)
7

where 7 is the temperature coefficient, X~ is the embed-
ding of the i-th negative hypothesis, and (-, -) is cosine sim-
ilarity between embeddings.

During inference, for each candidate hypothesis Y; € Y
in Step 1, we project it into the joint space with & and
compute its causal relevance score to the observed videos:

Score(Yi) = (X1 + Xv,, X7), @

where Xy, = ®r(Y;) denotes the embedding of Y;. We
then rank all candidate hypotheses based on their scores and
select the top-k most causally aligned hypotheses for down-
stream reasoning.

Hypotheses Guided Verbal Abduction in MLLMs

To supply the MLLM with high-quality hypotheses, we re-
tain only top-k highest-scoring hypotheses in the prompt for
MLLM reasoning. We concatenate multiple events within
V into a single video. For the unobserved event H, we fill
the gap with placeholder frames with random pixels. To ex-
plicitly inform the MLLM of the position of H, we add

Lcontrast = — log (D
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Figure 3: A standard U-Net block of Stable Diffusion with
proposed adapters. During training, we only update param-
eters of the adapters (in yellow), and freeze parameters of
other modules (in blue).

numbers on video frames tailored for our VAR task. In-
stead of frame-level indices in Number-Prompt (Wu et al.
2025), these numbers encode event-level indices, allowing
the model to understand the temporal ordering between dif-
ferent events. The output embeddings of REASONER (de-
noted by ¢;) is subsequently passed to IMAGINER as condi-
tions for imagination. ¢, is further decoded into verbal ex-
planation as abduction result of Abduct iveMLLM.

IMAGINER: Abduction in Pictorial Mode

The IMAGINER serves to provide richer contextual cues to
facilitate the abduction of MLLMs in pictorial mode. No-
tably, as our objective centers on extracting visual guid-
ance rather than optimizing video generation, we imple-
ment IMAGINER by extending a text-to-image diffusion
model (i.e., Stable Diffusion) to video generation through
lightweight adapters. As shown in Fig. 3, we introduce three
kinds of adapters to each U-Net block in Stable Diffusion.

Visual Cross-attention Adapter (V-Adapter). In vanilla
Stable Diffusion, the U-Net attention blocks perform only
self-attention for individual frames, neglecting the informa-
tion from other frames. In our case, it fails to leverage the
observed visual cues in O, which potentially contain valu-
able information relevant to textual explanations. To address
this issue, we introduce V-Adapter to inject informative vi-
sual priors into the model.

Directly incorporating all frames from O, however, is
computationally expensive and prone to noise due to redun-
dancy. To overcome this, we propose an efficient strategy
to extract a local-global hybrid representation from O that
captures both fine-grained and holistic visual semantics rel-
evant to the textual explanation Ey,. For the local represen-
tation, we employ CLIP’s image and text encoders to obtain
embeddings {c! }¥ , for all N frames in O, and ¢}, for E},.
Then we calculate the similarity scores:

i exp (sim(cf,7 ch))

- Z;.V:l exp (sim(ch, er))

€[0,1], 3

and only concatenate high-scoring frames together to form
the local representation cjocq;- For the global representa-
tion, we compute a weighted average of {c! }Y, based on
the similarity scores {7} ,, yielding the representation
Cglobal = vazl vicﬁ). Finally, we concatenate the local and
global representations as the visual condition, denoted as
Cy = [Clocal; Cqlobal)- Hence, V-Adapter can be formulated



as:
-
QK, ) Vi,
vy,
where Q = W9 K, = c, WF, V, = ¢, W?. K,/V, are
the key/value in cross-attention computation of V-Adapter,
W /W Fv are projection matrices.

We integrate the V-Adapter in parallel with the original
text cross-attention in each U-Net block, while freezing the
textual attention parameters. This enables the model to at-
tend to both visual and textual cues simultaneously. The
outputs from the parallel cross-attention branches are then
summed. The process is depicted as follows:

x = CrossAttn(Q, K¢, Vi) + V-Adapter(Q, K., V,), (5)
where K;=c; W}, V,=c; W}, K;/V; are the key/value of
the textual cross-attention, Wtk’v are projection matrices.

Temporal Convolution Adapter (T-Adapter). The T-
Adapter is designed to model temporal dependencies across
frames and is appended after the spatial convolution layers
in each U-Net block. It uses depth-wise 3D convolutional
in a projected lower-dimensional space, which can alleviate
the complexity of temporal modeling (Singer et al. 2022;
Blattmann et al. 2023; Xing et al. 2024). To keep struc-
tural consistency and further improve temporal modeling,
we adopt a fully convolutional design, which is defined as:

T-Adapter(x) = x + Conv3Dyyp (Conv3Dgown (x)),  (6)

where Conv3D,,;, and Conv3D4,,,,, denote the up-projection
and down-projection layers, both are 3D convolutions.

FFN Adapter (F-Adapter). The F-Adapter enhances
spatial representation while preserving the integrity of the
original feed-forward network. It is introduced as a parallel
block to the FFN layer, making sure that the pretrained FFN
remains unchanged while adapting to the spatial features of
videos. FFN adapter consists of two fully connected (FC)
layers with GELU activation (Xing et al. 2024), which can
be formulated as:

F-Adapter(z) = @ + FCyp(GELU(FCgoun (2))), @)

where FC,,;,, and FCy,,,,, are the up-projection and down-
projection layers.

V-Adapter(Q, K., V,,) = Softmax( @)

Network Training

We adopt a two-stage training paradigm in which the mod-
ules are first trained independently before undergoing joint
end-to-end optimization. In Stage I, for REASONER, the
MLLM is finetuned with LoRA under the standard cross-
entropy loss Lcg, enabling it to generate plausible hypothe-
ses from incomplete observations. For IMAGINER, we freeze
the weights of stable diffusion and only update the parame-
ters of adapters using the same conditional latent diffusion
10ss Lpigusion in (Rombach et al. 2022). We also apply Min-
SNR weighting strategy (Hang et al. 2023), which adap-
tively reweights the loss at each diffusion timestep to ac-
celerate the convergence of the diffusion model. In Stage I,
REASONER and IMAGINER are jointly tuned in an end-to-

end manner. The overall loss is defined as:
L = Lcg + aLpittusions ®)

where « is a coefficient that balances the two terms.
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Experiment
Experimental Setup

Network Architecture. In REASONER, the MLLM is im-
plemented as Qwen2VL-7B-Instruct (Wang et al. 2024a).
@y consists of pretrained ResNet200 (He et al. 2016)/BN-
Inception (Ioffe and Szegedy 2015) as in (Liang et al. 2022)
and trainable 2-layer Transformer encoder. & consists of
pretrained CLIP text encoder and trainable 2-layer MLP. In
IMAGINER, Stable Diffusion-v1-4 (Rombach et al. 2022) is
the backbone, with 256 x 256 resolution and 32 x 32 la-
tent size. The above two modules is connected by the Bridge
Layer, which is implemented as a 2-layer MLP with SiLU
activation.

Dataset. We validate our approach on two datasets:

* VAR (Liang et al. 2022). The VAR dataset contains 8,606
annotated samples sourced from 3,718 unique videos.
Each video includes an average of 4.17 events, each last-
ing approximately 37.8 seconds. The dataset is split into
train/val/test splits, containing 7,053/460/1,093 samples.

* YouCooKkII (Zhou, Xu, and Corso 2018). YouCooklII
is a large-scale cooking video dataset containing
1,333/457/210 videos for train/val/test. We follow the
setup of (Tan et al. 2025b) to organize the videos for
the VAR task. Specifically, we re-partition the original
training and validation sets to obtain 1,533/257 videos for
train/test. For each video, we iteratively select one event
as the explanation event and treat the remaining events
as observed events. Finally, we obtain 11,737/1,870 data
samples for train/test.

Competitor. We present a comprehensive comparison be-
tween AbductiveMLLM and state-of-the-art models, in-
cluding traditional specialized small-scale models (Liang
et al. 2022; Tan et al. 2025b; Xu et al. 2024), proprietary
and open-source MLLMs (Hurst et al. 2024; Li et al. 2024a;
Wang et al. 2024a). Each traditional model is trained sepa-
rately on train sets of VAR and YouCooklI datasets. We
also finetune Qwen2VL-7B-Instruct on the datasets for the
same total epochs as our baseline (Qwen2VL-7BF7T).
Training Configuration. In Stage I, we first finetune the
MLLM and the diffusion model separately for 2 epochs. To
train the cross-modal constrastive learning module, we gen-
erate 100 hard negatives for each positive £;,. Then we train
it for 10 epochs and use the model with the highest training
accuracy to prune candidate hypotheses. We set £k = 3 in
the top-k hypotheses selection. In Stage II, we finetune the
REASONER and IMAGINER in an end-to-end manner for 1
epoch. All models are trained on 4 A800 GPUs with 80GB
memory per-card.

Metric. We follow prior works (Liang et al. 2022; Tan et al.
2025b; Xu et al. 2024) to use five well-known automated
metrics i.e., BLEU@4, METEOR, ROUGE-L, CIDEr and
BERT-S (Zhang et al. 2019) for evaluation.

Main Result

Quantitative Result. As shown in Table 1 and Table 2,
AbductiveMLLM achieves the best performance across all



Method BLEU@4 METEOR ROUGE CIDEr BERT-S
Human 11.35 19.36 36.92 147.79 40.59
o Traditional Models
VTrans (Zhou et al. 2018) 0.71 6.92 19.12 7.11 22.13
MFT (Xiong, Dai, and Lin 2018) 1.81 7.16 19.16 17.67 25.90
Trans-XL (Dai et al. 2019) 2.96 7.51 20.94 24.54 27.23
MART (Lei et al. 2020) 2.86 7.47 20.87 24.05 27.77
PDVC (Wang et al. 2021) 3.00 8.54 20.71 25.14 27.80
REASONER (Liang et al. 2022) 3.44 9.05 22.89 30.75 30.64
KN-VLM (Tan et al. 2025b) 4.72 10.74 24.40 37.20 33.17
UPD-Trans (Xu et al. 2024) 5.40 11.16 25.62 41.66 30.80
e MLLMs
GPT-40-mini (Hurst et al. 2024) 0.63 7.38 13.64 7.30 12.27
VideoChat2-7B (Li et al. 2024a) 1.24 7.55 17.06 19.51 26.40
Qwen2VL-7B (Wang et al. 2024a) 2.41 11.29 21.61 29.25 30.01
Qwen2VL-7B"" (Wang et al. 2024a) 5.67 12.77 27.11 50.82 36.03
AbductiveMLLM 6.54 13.41 27.95 57.04 36.80
Table 1: Quantitative results on VAR test. FT means the model is finetuned on the dataset.
Method BLEU @4 METEOR ROUGE CIDEr BERT-S
e Traditional Models
REASONER (Liang et al. 2022) 3.54 9.47 24.62 32.99 23.19
e MLLMs
GPT-40-mini (Hurst et al. 2024) 0.45 4.22 12.78 14.15 9.75
VideoChat2-7B (Li et al. 2024a) 0.49 4.59 14.31 17.82 7.96
Qwen2VL-7B (Wang et al. 2024a) 2.46 8.41 22.10 35.83 21.83
Qwen2VL-7B"" (Wang et al. 2024a) 5.66 12.62 28.64 68.44 29.09
AbductiveMLLM 6.16 13.46 30.06 77.70 30.77

Table 2: Quantitative results on YouCooklIl test. FT means the model is finetuned on the dataset.

metrics on both VAR test and YouCookll test bench-
marks, demonstrating consistent advantages over both tradi-
tional models and advanced MLLM:s.

Several key observations can be drawn from the results.
First, compared to the best traditional model (i.e., UPD-
Trans), our method achieves significantly higher scores
across all metrics on VAR, including +1.14 BLEU @4, +2.25
METEOR, +2.33 ROUGE, +15.38 CIDEr, +6.00 BERT-
S. This demonstrates that MLLMs, when equipped with
abductive reasoning module, can outperform task-specific
architectures, offering a more scalable solution for VAR.
Second, our model also surpasses all zero-shot MLLMs
(i.e., GPT-40-mini, VideoChat2-7B, Qwen2VL-7B), with
improvements of over +6.34 ROUGE, +27.79 CIDEr, +6.79
BERT-S on VAR, and +7.96 ROUGE, +41.87 CIDEr, +8.94
BERT-S on YouCookll. These results reveals the lack of
abductive reasoning capabilities in existing general LLMs.
Even when compared to an MLLM specifically fine-tuned
for the VAR task (Qwen2VL-7BFT), our method achieves
consistent gains on both datasets (e.g., +0.84 ROUGE,
+6.22 CIDEr on VAR, and +1.42 ROUGE, +9.26 CIDEr on
YouCookll), confirming that the integration of verbal and
pictorial abduction provides complementary VAR capability
beyond tuning alone can offer. Third, we observe that there
still remains a significant gap between human abduction and
Al models, which indicates that AI models still have sub-
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stantial room to grow before reaching human-level cognitive
capabilities.

Qualitative Result. Fig. 4 contains the explanatory hy-
potheses from AbductiveMLLM and other competi-
tors (Liang et al. 2022; Hurst et al. 2024; Wang et al.
2024a) as well as groundtruth sentences. We can find that
our method is able to discover and correctly describe the
cause-effect chain, and hence generate a plausible hypothe-
sis: ‘throws the frisbee again and the dog
catches 1it’, that well explans the observed events. In
contrast, other competitors typically produce unsatisfactory
results, e.g., REASONER (Liang et al. 2022) misidenti-
fies the person’s gender, GPT-40-mini offers only general
descriptions rather than fine-grained reasoning, baseline
(Qwen2VL-7BF7) fails to infer the man’s action.

Ablation Study

We conduct ablative experiments on VAR test for in-depth
analyzing each design in our approach.

Key Component Analysis. We first study the efficacy
of core model designs in Table 3. The first row gives the
performance of the baseline (Qwen2VL-7B¥T). The results
in the second and third rows reveal that both CHG and
IMAGINER can improve all five metrics, and the larger
gains are achieved on overlap-sensitive scores (BLEU @4,



Groundtruth: [The man throws the frisbee,A the dog brings it back.]
REASONER: She throws a frisbee, and the dog catches it.

[The man throws it again and the dog returns it.]

Observation (O

[The mafl wipes the frisbee off.]

GPT-40-mini: The dog and its owner were engaged in training or playing with a frisbee, interspersed with moments of interaction and commands between

the owner and the dog.

Baseline (Qwen2VL—7BFT): The dog runs after the frisbee and brings it back to the trainer.
AbductiveMLLM (Ours): The man throws the frisbee again and the dog catches it.

Figure 4: Qualitative comparison of Abduct iveMLLM on an example from VAR test.

CHG IMAGINER | BLEU@4 METEOR ROUGE CIDEr BERT-S
5.67 1277 27.11 50.82 36.03
v 6.33 1296 2721 53.60 36.31
v 6.35 13.07 2752 55.00 36.40
4 4 6.54 1341 2795 57.04 36.80

Table 3: Diagnostic experiments for Abduct iveMLLM.

k || BLEU@4 METEOR ROUGE CIDEr BERT-S
0 6.35 13.07 27.52 55.00 36.40
1 6.41 12.94 27.52 54.15 36.31
3 6.54 13.41 27.95 57.04 36.80
6 6.32 13.13 27.68 54.89 36.47
10 6.29 13.22 27.66 53.66 36.40

Table 4: Ablation study on top-k hypotheses selection.

CIDEr), indicating that both designs can help the model
produce essential content words. Furthermore, by compar-
ing the second and third rows, IMAGINER can bring more
gains on semantics-oriented metrics (METEOR, ROUGE)
and the embedding-based BERT-S, suggesting richer, visu-
ally grounded verbal results. From the last row, we can con-
clude that combining the two designs together leads to the
best results.

Top-k Hypotheses Selection. As we select the top-k can-
didate hypotheses from GPT, we study the impact of £k in
the hypotheses selection. As shown in Table 4, k = 0 means
training without any hypothesis from GPT. We observe that
when k is larger than 3, excessive candidate hypotheses
leads to a noticeable drop in performance across all metrics;
when £ is less than 3, insufficient hypotheses fails to provide
noticeable gains in performance. We therefore use k = 3 for
all experiments.

Coefficient a. We study the impact of « in Eq. 8 in Ta-
ble 5. A larger « indicates a greater degree of intervention
by imagination in the training. Among the various « values
we examined, the best performance is reached at a = 5.
Nonetheless, AbductiveMLLM maintains relatively sta-
ble performance with different o values, indicating that our
model’s performance is not sensitive to the selection of a.
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«a (Eq. 8) || BLEU@4 METEOR ROUGE CIDEr BERT-S

1 6.33 13.36 27.86 5491 36.76

3 6.52 13.39 28.11 5654  36.86

5 6.54 13.41 2795 57.04 36.80

7 6.42 13.40 2790 5532  36.75

9 6.50 13.32 27.86  55.52  36.65

Table 5: Ablation study on a.
Variant BLEU @4 METEOR ROUGE CIDEr BERT-S

AbductiveMLLM|| 6.54 13.41 2795 57.04 36.80
w/o V-Adapter 6.36 1329 2776 54.51 36.68
w/o T-Adapter 6.42 13.28 27.74 5499 36.68
w/o F-Adapter 6.47 13.31 2770 54.52 36.63

Table 6: Ablation study on IMAGINER adapters.

Adapters in IMAGINER. We assess the contribution of
the proposed adapters in IMAGINER. As shown in Table 6,
individually removing each adapter from IMAGINER leads to
a performance drop, especially on the CIDEr metric, which
indicates the model produces fewer accurate key terms in
verbal abduction. The results confirm the necessity of each
adapter in IMAGINER. Moreover, training with variants of
IMAGINER still outperforms the model without IMAGINER
(the second row in Table 3), which further proofs the impor-
tance of pictorial thinking.

Conclusion

In this work, we present AbductiveMLLM, the pio-
neer to enhance the abductive reasoning capabilities of
MLLM:s from verbal and pictorial perspectives. We propose
a causality-aware contrastive learning algorithm to mine
hypotheses with high causal relevance, reducing reasoning
space and providing verbal priors for MLLMs (REASONER).
Unlike prior methods that rely solely on verbal abduction,
we incorporate pictorial thinking via an adapted diffusion
model (IMAGINER). By jointly training the two components,
our method effectively emulates the human-like interplay
between language and imagination. Extensive experiments
on standard benchmarks show that our method consistently
outperforms existing small-scale models and competitive
MLLM baselines, setting the new state-of-the-art.
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