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A Benchmark Details

InfoSeek InfoSeek is a visual question answering (VQA) dataset tailored for information-seeking
questions that cannot be answered with only common sense knowledge. It combines human-annotated
and automatically collected data from visual entity recognition datasets and Wikidata, providing
over one million examples for model fine-tuning and validation [25]]. For InfoSeek, the ground truth
answers for test sets are not publicly available, so we follow prior work [28l 34, 35]] and report results
on the validation sets. These sets include questions not seen during training and those associated with
unseen entities.

OVEN OVEN (Open-domain Visual Entity Recognition) challenges models to select among six
million possible Wikipedia entities, making it a general visual recognition benchmark with the largest
number of labels. It is constructed by re-purposing 14 existing datasets with all labels grounded onto
one single label space: Wikipedia entities [39]. Similar with Infoseek, the ground truth answers for
the test sets of OVEN are not publicly available, so we also report results on the validation sets.

MRAG-Bench MRAG-Bench is a multimodal retrieval-augmented generation benchmark designed
to evaluate the performance of large vision-language models (LVLMs) in scenarios where visual
knowledge retrieval is more beneficial than textual information. It consists of 16,130 images and
1,353 human-annotated multiple-choice questions across nine distinct scenarios [40].

OK-VQA OK-VQA includes more than 14,000 open-ended questions that require external knowl-
edge to answer. The dataset is manually filtered to ensure all questions necessitate information
beyond the image content, such as from Wikipedia [26].

A-OKVQA A-OKVAQA is a crowdsourced visual question answering dataset composed of approxi-
mately 25,000 questions requiring a broad base of commonsense and world knowledge to answer.
Unlike existing knowledge-based VQA datasets, the questions generally cannot be answered by
simply querying a knowledge base and instead require some form of commonsense reasoning about
the scene depicted in the image [27].

ViQuAE ViIiQuAE is a dataset focusing on knowledge-based visual question answering about
named entities. It covers a wide range of entity types, such as persons, landmarks, and products, and
evaluates models’ abilities to ground visual content with knowledge base information [41]].

CVQA CVQA (Culturally-diverse Multilingual Visual Question Answering) dataset is a benchmark
that offers a broad, inclusive representation by incorporating culturally-driven images and questions
from a wide range of countries and languages[42]. In this study, we evaluate five of the most widely
used languages in CVQA: Chinese, Russian, Spanish, Portuguese, and Bulgarian.

For all benchmarks, we follow the official evaluation protocols to compute the accuracy of the model’s
responses. Specifically: (1) For InfoSeek, OK-VQA, A-OKVQA, and ViQuAE, we use exact match
evaluation to verify whether the model’s response exactly matches the ground-truth answers. (2) For
OVEN, we adopt the official evaluation script, which uses BM25 [57] to match the model’s answer
with relevant Wikipedia entities. (3) For MRAG-Bench and CVQA, which are in multiple-choice
format, we evaluate accuracy by checking whether the model selects the correct option.

B Implementation Details

o Knowledge Retrieval Our knowledge base is constructed using the Wikipedia-based Image-Text
(WIT) dataset[31]], which consists of 37.5 million curated image-text pairs from Wikipedia articles
across 108 languages. Based on WIT knowledge base, we implement a CLIP-based image-to-image
retrieval system to identify the most relevant external knowledge. Following the stage-1 retrieval
methodology of RoORA[32], we first encode all images in WIT using a frozen CLIP image encoder[30]]
to build a dense vector-search database. Given a query image Z, its CLIP embedding C LI P(Z)
is compared against all vectors in the knowledge base via cosine similarity, followed by softmax
normalization over the similarity scores. The image retriever then returns the top-k highest-scoring
images along with their associated textual descriptions.
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e Memory Encoding Given the retrieved image-text pairs, we employ a memory encoder, consisting
of a VLM and a Q-Former to compress multimodal information. For Each image-text pair is
compressed into an 8-token vector. These token vectors are then concatenated and passed into
the inference-time model. For Qwen2.5-Instruct VL, we uses Qwen2.5-Instruct VL as both the
inference-time model and the memory encoder, and for Qwen2-Instruct VL, we uses Qwen2-Instruct
VL as both the inference-time model and the memory encoder.

e Answer Generation The concatenated compressed tokens are plug into the inference-time model
to generate answers. We should note that our compression module is model-agnostic, allowing the
memory encoder to be plugged into other LMs. This flexibility is further demonstrated in Section 4.3]

C Limitations

e Evaluation Benchmarks While we evaluate our method on 6 multimodal and 2 multilingual
reasoning tasks, most of benchmarks are static and synthetic. Real-world applications with dynamic
or noisy inputs (e.g., web data, live video) may introduce challenges.

o Multi-Agent Settings Our current framework is designed and evaluated in a single-model setting,
where one inference language model uses the continuous memory module for enhanced reasoning.
However, many real-world applications involve multiple collaborating agents or a combination of
LMs and VLMs. Whether our continuous memory can effectively transmit and share knowledge
across multiple models remains unexplored and will be investigated in future work.

D Training Efficiency

To evaluate the training efficiency of
our method, we assess the performance
of CoMEM on Qwen2.5-VL using  Training Settings  Unseen-Q Unseen-E  All
the Infoseek benchmark under varying

Infoseek

amounts of training data and trainable Original 328 285 307
parameters. In the original setting, we 4x 34.8 28.4 313
use only 15.6k training samples and fine- 2% 322 29.8 30.9
tune 1.2% of the total parameters. For Data 0.5x 26.5 24.4 25.4
the data variation setting, we scale the 0.25x 17.8 17.5 17.6
training data by factors of 0.25x, 0.5x%,

2%, and 4x. For the parameter variation 4x 26.4 22.1 24.1
setting, we adjust the LoRA rank and  parameters 2% 28.6 24.8 26.3
the number of Q-Former layers by the 0.5x 27.8 247 26.1
same scaling factors to control the num- 0.25x 23.1 20.3 21.6

ber of trainable parameters.
Table 6: Performance of COMEM on Qwen2.5-VL under

As shown in Table [} increasing the different training data and parameter settings.

training data by 2x or even 4x results in

only marginal performance gains, suggesting that the original data size is already adequate for effec-
tive training. Similarly, increasing the number of trainable parameters does not yield improvements,
while reducing them below the original configuration leads to a notable drop in performance. These
findings highlight that our training recipe is both data- and parameter-efficient, achieving strong
results with minimal resource expenditure.

E Case Study

In this appendix, we present a qualitative case study to demonstrate the effectiveness of our proposed
model. Given a question and a corresponding query image, our pipeline first retrieves the top 10
relevant image-text pairs from the WIT knowledge base to provide rich contextual information. Due
to space constraints, we only display three representative retrieved pairs for each example in this
appendix. We then compare the performance of our COMEM model against two baselines: the
standalone Qwen2.5-VL and a baseline retrieval-augmented generation (RAG) model. CoMEM can
effectively capture key information from retrieved supporting texts, even when the exact answer is
not explicitly provided, and perform reasoning to derive the correct answer.
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637
638
639
640

Question Retrieved Information Answer
. . o 1. Rogers Stirk Harbour + Partners: Esta lista contiene los n2.5:
Q VYlmm was this l,))“lldmg pr‘oygcfos del estudio desde su fundacién en 1977 hasta la Ni ?Xe x
officially opened by? actualidad. Para los trabajos previos de Richard Rogers, Team 1gel Lawson
4, Richard and Su Rogers y Piano + Rogers, véase el articulo Qwen2.5+RAG:
Richard Rogers.The Richard Rogers Partnership No information available x
Edificio Lloyd's, Londres, Reino Unido (1978-1984) Qwen2.5+CoMEM:

Fdbrica Fleetguard, Quimper, Francia (1979-1981) ...

2. Richard Rogers: Ri¢ardas DZordZzas RodZzersas (angl. Richard
George Rogers, g. 1933 liepos 23 d. Florencijoje) - pasaulinio
garso brity architektas. 1938 m. su tevais persikele j DidZiaja.
Britanija, mokesi Architektiros Asociacijos mokykloje ...

3. Llovd's di Londra: L'edificio dei Lloyd's fu eretto trail
1978 e il 1986 e consiste in una forma rettangolare e in una
maestosa torre di quattordici piani con una struttura in
cemento, la cui misura corrisponde a 45 metri di larghezza e
67 metri di lunghezza...

Reasoning Process:
The building in the image is
the Lloyd's Building, which
was officially opened by
Queen Elizabeth II on
16th October 1986.
Final answer:
boxed {Queen Elizabeth I1}

Question Retrieved Information Answer
. . 1. Aer Lingus: On 28 April 1958, Aerlinte Eireann operated its = wen2.5:
Q' what was t'he date t'hls” first transatlantic service from Shannon to New York ... flanis ?959 x
aircraft enter into service? The Boeing 720s proved to be a success for the e
airline on the transatlantic routes. To supplement these, T e o Qwen2.5+RAG:
Aer Lingus took delivery of its first larger Boeing 707 ... No information available x
Qwen2.5+CoMEM:

2. Saab 90 Scandia: Saab 90 Scandia oli reisilennuk, mida tootis
Saab. Kuna 1944. aastal hakkas selgeks saama, et sdjategevus
(Teine maailmasdda) Euroopas hakkab I8ppema, siis leidis Saab,
kes oli seni pdhiliselt tootnud militaarvarustust, et peab oma
tootevalikut laiendama. Juhatus otsustas toota ...

3. History of United Airlines: United sought overseas routes in

the 1960s, but the Transpacific Route Case (1969) denied them L i

this expansion; it did not gain an overseas route until 1983,
when they began flights to Tokyo from Portland and Seattle...

Reasoning Process:

The aircraft in the image is a
Boeing 707. The Boeing 707
entered into service on
February 26, 1958.
Final answer:
\\boxed {1958}

Figure 4: Case studies comparing COMEM with baseline model and model with RAG.

These case studies demonstrate that CoMEM is able to generate accurate answers in challenging
scenarios where baseline models either fail or return incomplete information. This underscores the
strength of our CoMEM approach in encoding and leveraging complex multimodal and multilingual
knowledge, thereby enabling more robust performance in advanced reasoning tasks.
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