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Abstract. Recent advancements have significantly improved the skills and perfor-
mance of language models, but have also increased computational demands due to
the increasing number of parameters and the quadratic complexity of the attention
mechanism. As context sizes expand into millions of tokens, making long-context
processing more accessible and efficient becomes a critical challenge. Furthermore,
modern benchmarks such as BABILong [1] underscore the inefficiency of even the
most powerful LLMs in long context reasoning. In this paper, we employ finetuning
and multi-task learning to train a model capable of mastering multiple BABILong
long-context reasoning skills. We demonstrate that even models with fewer than 140
million parameters can outperform much larger counterparts by learning multiple es-
sential tasks simultaneously. By conditioning Recurrent Memory Transformer [2] on
task description, we achieve state-of-the-art results on multi-task BABILong QA1-
QA5 set for up to 32k tokens. The proposed model also shows generalization abilities
to new lengths and tasks, along with increased robustness to input perturbations.
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I. INTRODUCTION

The field of language modeling has significantly advanced in recent years. Introduction
of the Transformer [3] architecture and openly available large language models (LLMs) such
as GPT-4 [4], Claude [5] and Gemini [6] made intelligent assistants much more smart, help-
ful and able to process increasingly hard tasks. The abilities of language comprehension
improve with the number of parameters for these models, which makes processing informa-
tion increasingly time-consuming and expensive. Additionally, the quadratic complexity of
attention amplifies the problem when the context size of the task increases.

The problem of long-context processing becomes even more relevant with input sizes
of models growing up to 32k or 128k tokens, and some models even reaching the verge of
millions [6] and tens of millions tokens [1]. Most of these methods still require computational
resources that are unavailable to most users. Thus, making long-context processing more
accessible and efficient is a critical challenge.

Approaches combining language models and recurrent neural networks have achieved
remarkable success in solving individual long-context tasks. The recent BABILong bench-
mark [1] shows that with proper finetuning, Recurrent Memory Transformer (RMT) [2] and
Mamba [7] models with less than 140M parameters can outperform counterparts with tens
of billions of parameters. However, in previous works, these models were trained only on
individual BABILong tasks, and the possibility of mastering the whole set of skills at once
remains unexplored.

BABILong is built on top of the bAbI [8] benchmark. It was proposed in 2016 with the
aim of developing a set of proxy tasks, a prerequisite for any system aiming at full-text
understanding. BABILong can be seen as its long-context analog, which represents minimal
requirements for an LM-based assistant with extensive input size. Despite considerable
success on bAbI, even the strongest contemporary LLMs fail to retain the high performance
on BABILong when the context length is increased.

In this work, we explore the possibility of training an agent to master multiple BABILong
reasoning skills simultaneously, rather than training separate models for each skill. We
demonstrate that this is possible with Recurrent Memory Transformer, based on GPT-2 [9]
with only 137 million parameters. Additionally, we investigate the effects of multi-task

training along with the mutual effects of BABILong skills on each other to prove their



diversity and comprehensiveness.

A. Contributions

Our main contributions are the following:

1. We propose an efficient input arrangement for RMT adding the question at the be-
ginning of a text, that enhances multi-task accuracy up to 12% on average as well as

single-task performance.

2. By exploiting multi-task learning with RMT, we achieve the best performance on
QA1-QA5 BABILong tasks among multi-task models, which holds up for task lengths
up to 32k tokens, outperforming GPT-4 and other large language models.

3. We analyze the influence of individual tasks on multi-task learning, demonstrating the

improved ability of multi-task RMT to generalize to new lengths and tasks.

4. We evaluate the robustness of RMT to changes in names and objects in BABILong,

showing that the multi-task version remains more robust with input perturbations.

II. RELATED WORK

With the emergence and growing success of Transformer models [3], improving their
efficiency for long-context processing became a highly popular research area. The earlier
works such as Longformer [10], Big Bird [11], and more recent LongNet [12] use the sparse
attention approach that aims at reducing the number of computed attention values. Another
research direction studies the ways of improving the architecture and training methods for
recurrent neural networks to reduce the complexity from quadratic to linear. RWKV [13],
Hawk, Griffin [14] and xLSTM [15] combine recurrence with efficient parallelization, other
models use the state space modeling approach: S4 [16], Mamba [7] and others.

A compromise between attention and token-wise recurrence is segment-wise recurrence.
Transformer-XL [17] splits the sequence into manageable segments and processes them one
by one. The memory in this case is represented by the full cache of hidden states. Mem-

former [18] introduces additional memory storage and a module that performs memory



operations. Recurrent Memory Transformer [2] provides a memory storage comprised of
tokens, and reading and writing from the memory is performed by the model itself.
Augmenting neural networks with memory is often used to increase their efficiency and
performance along with recurrence. From the early works [19, 20], neural networks were com-
bined with memory, later enhanced with the introduction of the Backpropagation Through
Time learning algorithm [21] and the Long-Short Term Memory (LSTM) [22] architecture.
More recent works such as Neural Turing Machines [23] and Memory Networks [24] were
considered as alternatives to general recurrent models, evaluated on the bAbI benchmark [8].
Multiple works introduced benchmarks [25] and investigated the comprehensive set of
language model abilities across various scenarios [26-28]. As the context length of language
models increased, so did the benchmark lengths. In recent years a number of datasets aiming
at evaluating long context were released: LongAlign and LongBench-chat [29], ZeroScrolls,
LongICLBench [30], L-Eval [31]. However, natural text benchmarks are generally too short
and do not suffice for evaluating the enormous contexts of Gemini and RMT. This motivated
the creation of generative benchmarks with scalable lengths of tasks: simple but insightful
"needle-in-a-haystack” LLMTest ! with magic numbers as needles in Paul Graham essays
as a haystack; passkey and key-value retrieval tasks are part of InfinityBench [32], and
RULER [33] introduces multiple types of "needles”. The BABILong [1] benchmark goes

further to put a variety of reasoning skills to test in the long-context scenario.

III. BABILONG LONG-CONTEXT BENCHMARK

BABILong [1] is a long-context benchmark, with 20 diverse tasks that tackle various
aspects of reasoning, including fact chaining, simple induction, deduction, counting, handling
lists, sets, and others. The BABILong samples are created by embedding the generative
bADbI [8] tasks within irrelevant sentences of background text, sampled from the PG-19 [34]
corpus. By varying the amount of background text, each task can be scaled to different
lengths from 0k, denoting raw bAbI tasks with no background text, up to 10 million tokens,
and beyond.

The BABILong tasks vary in difficulty and the required aspect of reasoning. The QA1

! https://github.com/gkamradt/LLMTest_NeedleInAHaystack



"single supporting fact” task requires answering a question about a person’s location using
a single supporting fact. The QA2 "two supporting facts” and QA3 "three supporting
facts” introduce the challenge of differentiating subjects and objects, utilizing two and three
supporting facts, respectively. The QA4 ”two-argument relation” tackles spatial reasoning
through two-argument relations, while the QA5 "three-argument relation” task involves
tracking multiple objects to solve the three-argument relation problem. A more detailed
description of each task is provided in the bAbI paper [8].

For finetuning we format the model input using the following pattern and experiment

with repeating the question at the beginning and the end of the input.

1. {Context}\n\nQuestion: {Question}

2. Question: {Question} {Context}\n\nQuestion: {Question}

In our previous work, we used the first option with the question at the end. This is a very
demanding setup because a model has no information about the specifics of the question
when processing the context, as it will only be available at the end. Placing the question
at the beginning allows the model to be conditioned on the task and potentially should
result in more efficient processing of the context. In this work, we introduce this option and
adopt it in experiments by default. For LLM evaluation the first pattern is used, and the

instruction, in-context examples, and post prompt are added in the beginning.

IV. MULTI-TASK TRAINING AND EVALUATION

We train RMT on the first ten tasks from QA1 to QA10, leaving the other tasks starting
from QA11 as a test for out-of-domain performance. For multi-task training, we choose the
task randomly for every batch. For RMT, the segment size is set to 512 tokens, and memory
consists of 16 tokens.

Following the original work [1], we use curriculum training with a sequentially increasing
number of segments. RMT uses the following schedule for the number of segments: 1-2-
4-6-8-16-32, meaning the training is stopped at 32 segments or 16k tokens. During each
curriculum stage n the number of segments is chosen randomly from 1 to n. We select the
learning rate from {5e-05, 1e-05} and use the AdamW optimizer and linear learning rate

scheduling with warmup. We use a total batch size of 64 and train for {5000, 10000} steps



with early stopping if metrics stop increasing. For the backbone transformer, we use the
pre-trained GPT-2 137M from Hugging Face 2. The Phi-3-mini ? was finetuned in the same
multi-task setting with AdamW for 15 epochs on the dataset with context size 4096 tokens,
learning rate le-05 and cosine scheduling with warmup. We used up to 4 Nvidia A100 80Gb

per experiment.

input size
Model #iparam| <32k | 0K | 1K | 2K | 4K | 8K | 16K [ 32K |64K [128K[512K] 1M [10M

MTL: one model for all tasks
GPT-2 137M
Llama-2-7B-32K-Instruct 7B
Mistral-7b-Instruct-v0.2 7B
01-ai/Yi-9B-200k 9B 45
Phi-3-mini-128k-instruct 3.8B 52

49 43 40 35

52 49 45 42 37
52 55 48 46 45 36 37
64 57 55 51 50 46 42

cdai-command-r-v01 51B 59 52 51 46 38

GPT-4 64 53 43

~ Phi-3-mini-128k multi-task 3.8B 58
Llama3-ChatQA-1.5-8B + RAG 8B 42 42 39 37
~ RMT multi-task 137M 42

~ RMT multi-task + question at start | 137M 63 37

STL: individual model for each task
~ RMT single-task 137M
~ Mamba single-task 130M

34

Figure 1: Average accuracy on QA1-QA5. RMT trained on BABILong outperforms LLMs in
the multi-task setting for task lengths up to 32k tokens. For longer contexts, retrieval-augmented
Llama-3 maintains higher performance. The ~ symbol denotes that the model was finetuned on
BABILong. STL stands for single-task learning, where for each task an individual model is trained,
and MTL means multi-task learning when one model is trained on a mixture of tasks. < 32k is an

average score over individual values up to 32k.

Figure 1 displays a performance comparison between language models on BABILong
tasks in single-task (STL) and multi-task (MTL) learning settings. We compare the trained
models with LLMs on first five tasks to match the evaluation setting in [1]. RMT and
Mamba in the bottom section are finetuned in single-task mode, with individual models
trained for each task and results averaged across tasks. All other results in the top section

were obtained by reusing the same model for all five tasks. This presents a more serious

2 https://huggingface.co/openai-community /gpt2
3 https://huggingface.co/microsoft /Phi-3-mini-128k-instruct



challenge, which is represented by the difference in RMT scores.

Finetuning Phi-3-mini yields a substantial average accuracy improvement by more than
30%. However, even after training the model experiences strong performance degradation
when the context size approaches its 128k token limit. Despite the complexity of the MTL
setting, multi-task RMT achieves the highest scores for sequence lengths up to 32k tokens
among LLMs with more than 100 times more parameters. Repeating questions at the
beginning of input increases the accuracy by 12% on average. With increasing context size,

the performance of multi-task RMT decays faster than in the single-task setting.

V. MULTITASK LEARNING AND GENERALIZATION

In order to better understand the performance of multitask-RMT on each individual task,
we study how training on a task affects the performance of the model on other ones, and
whether there are benefits compared to single-task learning. In the following two sections,
we study the short-context 512-token versions of BABILong. This eliminates the need to
filter facts from large amounts of irrelevant text, allowing one to focus more on the tasks

themselves.

A. Effect of Training Set Size

The aforementioned results indicate that RMT, when trained on 10 tasks, surpasses the
performance of larger LLMs. This raises the question: what is the minimal number of
tasks required to achieve such performance? To address this, we incrementally increase the
number of tasks in the training set and measure the average performance on QA1-QA10.
We choose QA1-QA10 as the evaluation domain, leaving QA11-QA15 out of the training set
to measure inductive performance on out-of-domain tasks.

The in-domain evaluation results are depicted in the Figure 2 (left). As expected, the
in-domain performance gradually increases with the addition of more training tasks. The
inclusion of tasks QA3 and QA6 significantly boosts performance compared to QA2 and
QA4. Beyond six tasks, the performance saturates, with only a slight gain from additional
tasks. Remarkably, with just six tasks out of ten, RMT already outperforms the few-shot
Phi-3-mini model, and with eight tasks surpasses the GPT-4 model.



Average performance Average performance
1.0 on QA1-QAl0 set 1.0 on QA11-QA15 set
00| T GPT-4 (few-shot)
B Phi-3-mini (few-shot)
0.8 0.8 ——- RMT single-task (best)
0.7 RMT single-task (avg)
30.6 e RMT question at end
g * 0.6 ~%- RMT question at start + end
§ 0.4 *“H::_ﬁfﬂ.. 0.5 . e —— ‘f* ......... e *
fffff GPT-4 (few-shot) 0.4 L - . o S g
0.2 Phi-3-mini (few-shot) 0.3
e RMT question at end | | T T
- RMT question at start + end 0.2
0.0 0.1
2 4 6 8 10 2 4 6 8 10
Number of tasks in trainina set Number of tasks in trainina set

Figure 2: Increasing the number of tasks in the RMT training set improves the multi-task perfor-
mance on the in-domain tasks QA1-QA10 (left) and generalization on unseen tasks QA11-QA15

(right). The task length is set to 512 tokens, which is equal to one segment.

The inductive reasoning capabilities, visualized in Figure 2 (right), show a more modest
performance increase, approximately 10% when adding up to 10 tasks. The generaliza-
tion ability is primarily constrained by the smaller size of the backbone GPT-2 model.
Nonetheless, despite underperforming compared to larger models, RMT trained in a multi-
task setting significantly outperforms any single-task model. This shows the critical role of

multi-task learning in enhancing an agent’s generalization abilities.

B. Reciprocal Effect of BABILong Tasks

An important question is, how are the reasoning skills for different tasks related? If one
skill is related to another one, then training on the first task will improve the accuracy of the
latter. First, we select all 7 BABILong tasks that have the same set of labels: "bathroom’,
‘bedroom’, 'garden’, 'hallway’, ’kitchen’, and ’office’. This way, by training a model for
classification with these labels, the model will likely be able to transfer its knowledge from
one task to another.

We start by training a single model on each of the seven tasks and measure its performance
on all other six tasks, Figure 3, left. The results indicate that tasks such as QA1 and QA12
are relatively easy and can be partially learned by training on other tasks. On the other
hand, QA3 requires precisely tracking multiple objects, and QA4 with spatial relations can
be learned only by training on these tasks themselves. Additionally, QA11 and QA13 have
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Figure 3: Left: Training on BABILong tasks improves the performance on other tasks with the
same label. Right: Training on other tasks with the same label can teach RMT to solve the selected

task with near-perfect accuracy. The task length is set to 512 tokens, equal to one segment.

a positive influence on each other. For QA12 and QA13 the relation is asymmetric, QA13
being helpful for QA12, but not the other way around. Simpler tasks like QA1 and QA12
seem to have near to no effect on complex QA3 and QA4.

The findings are confirmed by the experiment on Figure 3, right. In this setting, we train
the model on all six tasks, except the selected one, and perform evaluation on all seven
tasks. Similarly to the single-task training, QA3 and QA4 remain complex even when all
other skills are learned. On the opposite, the QA1, QA12, and QA13 can be learned nearly
perfectly, even if they are not included in the training set. The provided results confirm the
diversity and non-trivial structure of BABILong and underscore the necessity of learning

more than one skill to solve the whole benchmark successfully.

C. Generalization to context length

As previously shown, the strong feature of RMT is the ability to generalize to unseen
sequence lengths on the training task. However, does this ability hold up with unseen tasks?
To answer this question we evaluate the performance of multi-task RMT version trained
on QA1-QA10 on the out-of-domain QA11-QA15. To compare it with single-task models

we calculate the scores of ten models trained on individual tasks from QA1 to QA10 and
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average their scores on tasks QA11 to QA15 for each sequence length. All RMT models
here are trained on up to 32 segments, which is equivalent to 16k tokens, and evaluated on
sequences from Ok to 128k tokens.

Average performance
on QA11-QA15 set

0.30
—e— question at end
e question at start + end
0.25 —*— multitask, question at end
*-‘, - multitask, question at start + end
0.20
8]
o
©
0.15
0.10
0.05

1k 8k 32k 128k
Evaluated on, tokens

Figure 4: Multitask learning enhances generalization both to new tasks and context sizes. We
compare multi-task RMT trained on 32 segments of QA1-QA10 with the average performance of
single-task versions trained on individual QA1-QA10 tasks. Each version includes two variations:
one with the question at the end, and another with the question at both the beginning and end.

Scores are averaged across tasks QA11-QA15.

The results of long-context models on short sequences indicate similar behavior to short-
context models: the multi-task RMT significantly outperforms the single-task versions. The
multi-task advantage holds up even when the context size is increased. The fact that RMT
partially retains its performance on unseen lengths of unseen tasks supports the assumption
about generalization skills gained with multitask learning. The plots of multitask models
exhibit visible bumps at context sizes 16k and 32k. This can be explained by overfitting on

the context size in training, which leads to better performance on this length.

D. Robustness

We hypothesize that multi-task learning has a positive effect not only on generalization

but also on robustness for changes in task formulation. To confirm this, we change the
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names of people, objects, and places in five tasks QA1-QA5. In order to retain the output
distribution for the model, for each task we keep the labels and corresponding entities in
input unchanged. RMT versions are evaluated on each task on various sequence lengths
from Ok to 32k, and the scores are averaged across five tasks, see Figure 5.

Change of performance
with input perturbation

|
(<)
[y

|
(<]
N

-0.4 o

Accuracy decrease
&
w

—e— question at end *
e question at start + end o
-0.5 | —— multitask, question at end e

~%- multitask, question at start + end "

0k 1k 2k 4k 8k 16k 32k
Task size, tokens

Figure 5: Multi-task learning enhances RMT’s robustness to input perturbations. We measure
the average performance on QA11-QA15 tasks with changed entity names in input across different
sequence lengths. All models are trained on 32 segments; multi-task versions are trained on QA1-
QA10 tasks simultaneously, while the single-task plot shows the average performance of models

trained individually on QA1-QA10 tasks.

The multi-task versions indeed show an increased robustness that holds up even when
the sequence length is increased up to 32k tokens. Interestingly, the RMT version with
question repeated at the start and end of the sequence, maintains better performance on
shorter sequences but quickly degrades on longer ones. When the question is at the end,
the model experiences close to no degradation for all tested sequence lengths. This may
be attributed to the necessity for ”question in start 4+ end” models to store the question in
memory for each segment. With perturbations in the question itself, the scaled task becomes

increasingly more complex compared to the training distribution.
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VI. DISCUSSION

Our experiments confirm that long-context tasks present significant challenges even for
the most powerful language models. By finetuning smaller models, we have demonstrated
a substantial performance improvement on BABILong tasks. For RMT, the introduced
input arrangement with question, in the beginning, enhances in-domain performance, while
placing the question at the end sometimes yields better results for inductive evaluation on
unseen tasks and context sizes. This effect might be due to overfitting to question options
in the training set, which should be improved with increased task diversity.

The proposed multitask learning procedure consistently boosts stability to input changes
and improves generalization to new tasks, lengths, or both. These abilities are likely con-
strained by the size of the backbone model and the memory state. Selecting larger backbones
and extending memory size, for example with the associative memory mechanism, could fur-
ther enhance performance.

While multitask learning offers significant benefits, training models on single tasks re-
mains a viable option with marginally better performance when generalization is not re-
quired. Despite the clear limitations in robustness and out-of-domain performance, this
still may be the preferred approach in some cases. Employing a backbone with stronger
language abilities can help improve multi-task performance with RMT. Multi-task RMT
models exhibit faster degradation on longer contexts compared to single-task RMT models
and the RAG pipeline. One of the approaches to mitigate overfitting to context length is by
employing more aggressive length sampling during training and experimentation with the
curriculum procedure.

RMT’s generalization to new tasks is weaker compared to large language models, espe-
cially for tasks with unseen labels. This limitation is largely due to the smaller size of the
GPT-2 backbone and could be addressed by using a stronger backbone model. Despite these
challenges, our approach demonstrates that smaller models can be effectively fine-tuned for
complex long-context tasks, eliminating the need to train larger models or prepare a model

for each task.
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VII. CONCLUSION

In this paper, we address a significant gap in the performance of language models in
reasoning with long contexts. We demonstrate that even a small 137M Recurrent Memory
Transformer (RMT) model can master multiple BABILong tasks simultaneously, outper-
forming much larger language models. By proposing an efficient input arrangement and
training on multiple tasks, we achieved state-of-the-art results in the multi-task setting of
the BABILong QA1-QADb set for up to 32k tokens.

Our extensive analysis of performance on BABILong tasks highlights the interconnection
and diversity of respective long-context reasoning skills. The complexity of generalization
to new tasks and sequence lengths highlights the efficiency of BABILong tasks as a proxy
for real-world long-context LLM evaluation. By training RMT on multiple tasks, we signifi-
cantly reduce the computational cost compared to LLMs and eliminate the need for training
multiple models for individual tasks. We show that multi-task training not only improves
generalization to new tasks but also enhances robustness to changes in input. These advance-
ments underscore the potential of multi-task learning in combination with recurrent models

for making long-context processing more accessible and efficient for practical applications.
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