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Abstract

Large language models have been shown to struggle with limited context memory
and multi-step reasoning [1]. We propose a simple method for solving both of
these problems by allowing the model to ask questions and answer them. Unlike
recent scratchpad approaches, the model can deviate from the input context at any
time for self-questioning. This allows the model to recall information and perform
reasoning on the fly as it reads the context, thus extending its memory and enabling
multi-step reasoning. Our experiments on two synthetic tasks demonstrate that
our method can successfully generalize to more complicated instances from their
training setup by performing self-questioning at inference time.

1 Introduction

Transformers [2] and similar variants have shown impressive results on sequence-based tasks [3].
Notably, large language models (LMs) such as GPT-3 [3] use transformers and are capable of solving
various NLP tasks such as question answering (QA). When a LM is used for a QA task, it is usually
fed a context prompt along with a question, and then the model generates the answer directly, as
shown in Fig. 1 (top). However, this autoregressive “one-step” approach struggles with multi-step
reasoning tasks [1]. Recently, Nye et al. [4] proposed the use of a scratchpad that allows the model to
generate reasoning tokens before answering the question, but after it has read the full context and
question, illustrated in Fig. 1 (middle). Similarly, chain-of-thought prompting methods [5–7] push the
model to explain their answer one step at a time, leading to more coherent final answers. In addition
to the “one-step” problem, transformers as a feed-forward model lack memory for state-tracking and
solving highly nonlinear tasks [8], something that recurrent predecessor models such as the LSTM [9]
are well equipped for. Modifications to the feed-forward transformer architecture that use a recurrent
mechanism have been shown to improve state-tracking results [8, 10, 11].

In this paper, we propose an approach that simultaneously makes the challenges in multi-step
reasoning and state-tracking memory more tractable. Our method allows the LM to deviate from the
context prompts on the fly to generate a question and answer it by itself, as demonstrated in Fig. 1
(bottom). Such “self-QAs” can act as both explicit intermediate reasoning steps as well as memory
for state-tracking. Specifically, if the self-question requires combining multiple facts, the resulting
answer which consolidates multiple facts into one can then be used for future QAs, thus acting as
an intermediate reasoning step. For example, given “Alice has the box.” and “Alice is at
the park.” one can infer “The box is at the park.”, which can be further combined with
a later statement “The key is in the box.” to conclude that “The key is at the park.”.
Additionally, the self-QA can act as a form of memory because the question can ask about some
entity mentioned in the past and the generated answer will write its latest state as new tokens in the
current context position. For example, assume x=5 initially, and then x gets incremented by 1. If the
model correctly writes x=6, it can safely remove the original x=5 statement from its context.

The main difference between our proposed method and prior work such as scratchpad [4], chain-of-
thought [5], or inner monologue [7] is that we allow the model to explicitly write out questions and
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Figure 1: (top) Baseline vanilla LM directly generates the answer (A) given the context and the
question (Q). (middle) Scratchpad allows the model to generate intermediate reasoning tokens before
answering the question but after it has seen the context. (bottom) Our Self-Questioning method
allows the model to deviate from the input context at any time to ask a question and answer it.

answers as it reads each context statement sequentially. Prior methods allow the model to ruminate
after it reads the full context, forcing it to do a large chunk of reasoning at the end, rather than while
it’s reading. Furthermore, such post-context reasoning cannot act as memory because earlier context
tokens may already be out of the model’s context window before the reasoning starts.

To teach the model to generate self-QAs, during training we provide the language model with ground
truth self-QAs as part of the input context. During inference, the model can deviate from the context
and generate a self-QA if it generates a special query token learned during training. When the model
finishes generating self-QAs, the original context tokens will continue to be fed. This allows the model
to reason and create memory while processing input tokens, not just at the end. We test our method
on two text datasets designed to evaluate multi-step reasoning and state-tracking: an Algorithmic
task [8], and a proposed Toy-story task. Our method outperforms both fine-tuned language model and
scratchpad baselines. In particular, our method outperforms a fine-tuned language model, which does
not do any explicit rumination, by 46 and 39 absolute percentage points on each dataset, respectively.

2 Method: Self-Questioning

In autoregressive language modeling, the task is to predict the next token xS+1 given the previous S
tokens x1, x2, ..., xS . For question answering, we denote each context statement, or independent fact,
as Ct, the question as Q, and the answer as A. The task is to generate the answer A given the context
and question: C1, C2, ..., CT , Q. Note that each of the variables may contain several tokens, but we
condense them for brevity.

In addition to the original T context statements, we also consider access to intermediate
question-answer pairs available throughout the context, which we call self-QAs. That is, each
of the T context statements can be followed by 0 or more self-QAs. For example, if each
context statement is followed by a single self-QA pair, the new sequence will look like:
C1, SQ1, SA1, C2, SQ2, SA2, ..., CT , SQT , SAT , where “SQ” indicates a self-question, and “SA”
indicates a self-answer. The task is still to answer the final question Q. These QA pairs can act both
as intermediate reasoning steps, aggregating multiple steps of information into a concise statement, as
well as a form of explicit memory where past events are written out into the current context, recalling
old information.

Directly providing the model with self-QA pairs makes it easier to do multi-step and long-term
reasoning. However, we want the model to generate these QA pairs on its own. Therefore, we need
mechanisms to train the model to generate them, and allow it to do so during testing.

During training, we give the model a set of “ground truth” self-QA pairs interspaced within the
context, and train it to predict the next token as typically done in LM. We prepend to the self-QA a
special query token, e.g. “SQ:”, to signal to the model that this is a self-question, and not a context
fact. During testing, we want the model to generalize to samples where we don’t have the ground
truth self-QA pairs. Therefore, after a context fact Ct is processed by the model, we check to see if
the model wants to ask a question. That is, if the most likely next token is the special query token,
“SQ:”, then we allow it to generate a question and answer. Once the end-of-answer token (e.g. “.”) is
generated to indicate the end of the QA, we resume feeding the original context facts starting with
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Original context: 
Woody is at the station.
The banana is inside the box.
Jessie has the bag.
The ball is inside the box.
The key is inside the suitcase.
Sid has the box.
Buzz has the suitcase.
Context with self-QA: 
Woody is at the station.
The banana is inside the box.
Jessie has the bag.
The ball is inside the box.
The key is inside the suitcase.
Sid has the box.
Q: Who has the banana?
Sid has the banana
Q: Who has the ball?
Sid has the ball
Buzz has the suitcase.
Question: who has the key?
Answer:  Buzz has the key.

Context with self-QA:
The ball is inside the box.
Jessie has the bag.
The ball is inside the box.
The key is inside the suitcase.
Sid has the box. 
Q: Who has the ball? Sid has the ball
Buzz has the suitcase
Woody is at the station.

Context with self-QA:
The banana is inside the box.
Jessie has the bag.
The ball is inside the box.
The key is inside the suitcase.
Sid has the box.
SQ: Who has the banana?
Sid has the banana.
SQ: Who has the ball?
Sid has the ball.
Buzz has the suitcase
Woody is at the station.

Original context:
The banana is inside the box.
Jessie has the bag.
The ball is inside the box.
The key is inside the suitcase.
Sid has the box.
Buzz has the suitcase.
Woody is at the station.
Question: who has the key?
Answer:  Buzz has the key.

Original context: 
e = 3 ;
e ++ ;
i = 4 ;
e -- ;
if i > e : e -- ;
g = 3 ; 
Context with self-QA: 
e = 3 ;
print e  e = 3 ;
e ++ ;
print e  e = 4 ;
i = 4 ;
print i  i = 4 ;
e -- ;
print e  e = 3 ;
if i > e : e -- ;
print e  e = 2 ;
g = 3 ;
print g  g = 3 ;
Question: print e
Answer:  e = 2 ;

Algorithmic Task

Original context: 
e = 3 ;
e ++ ;
i = 4 ;
e -- ;
if i > e : e -- ;
g = 3 ; 
Question: print e
Answer:  e = 2 ;

Toy-Story Data

Context with self-QA: 
e = 3 ;
print e  e = 3 ;
e ++ ;
print e  e = 4 ;
i = 4 ;
print i  i = 4 ;
e -- ;
print e  e = 3 ;
if i > e : e -- ;
print e  e = 2 ;
g = 3 ;
print g  g = 3 ;

Algorithmic Task Toy-story Task

Original context: 
e = 3 ;
e ++ ;
i = 4 ;
e -- ;
if i > e : e -- ;
g = 3 ; 

Context with self-QA: 
e = 3 ; print e  e = 3 ;
e ++ ; print e  e = 4 ;
i = 4 ; print i  i = 4 ;
e -- ; print e  e = 3 ;
if i > e : e -- ; print e  e = 2 ;
g = 3 ; print g  g = 3 ;

Algorithmic Task
Question: 
print e
Answer:  
e = 2 ;

Original context:
The banana is inside the box.
Jessie has the bag.
The ball is inside the box.
The key is inside the suitcase.
Sid has the box.
Buzz has the suitcase.
Woody is at the station.

Toy-story Task
Question: 
who has the key?
Answer:  
Buzz has the key.

Toy-story Task

Figure 2: Task samples. Green tokens are the self-QA pairs. Red tokens are the final answer. “print”
and “SQ:” are special tokens to generate a self-QA for the Algorithmic and Toy-story, respectively.
In our Self-Questioning model, if the model predicts the special token as the next token, it is allowed
to generate a question and answer before returning to the original context.

Ct+1 unless the model generates another question. After all T context facts are read, the model will
be given the final question Q, where it has to generate an answer.

3 Experiments

We compare against two baseline methods and consider several variants of our method, outlined
in Table 1. The first baseline is the pretrained GPT-2 base model [12] from Hugging Face [13]
fine-tuned to predict answer tokens given only the context and question. In the second baseline, we
train the same GPT-2 model to write self-QA pairs after it has seen the context and question, similar
to “Scratchpad” [4]. For our proposed Self-Questioning method, we examine different percentages of
total training samples that get self-QA supervision: 100%, 75%, 50%, and 25%. During testing, no
self-QAs are provided, but both Scratchpad and Self-Questioning models are allowed to generate
tokens. We also perform two Self-Questioning ablations. The first is an upper bound where we
provide 100% self-QA supervision to the model during both training and testing (rather than just
training). The second is where we give 100% self-QA supervision during training, but don’t allow the
model to use or generate self-QAs during testing. This baseline analyzes whether self-QA-augmented
training data can still help the model learn about the task in its weights even without using self-QA at
test time. We use the tasks outlined in the following subsection, which are specifically designed for
both multi-step reasoning and state-tracking. For each task, we train on 10K samples for 30 epochs
and test on a heldout set of 1K samples. We fine-tune the GPT-2 model with a learning rate of 3e-5
and batch size of 16.

3.1 Tasks

Algorithmic. We adopt the algorithmic task from [8], which involves printing the state, or value, of
variables given algorithmic statements such as increment, decrement, and conditionals. While the
original task has separate input and label tokens, we unify them into a single sequence to make it
fit the language modeling task. Figure 2 shows an example of the data, with two different types of
context: the original context, and context with self-QA. The final question is to print the value of one
of the variables. In this dataset, the self-QAs are print statements specifying the intermediate value of
a certain variable, so the special query token is “print”1.

Toy-story. We introduce a new synthetic task for testing multi-step reasoning ability. It resembles a
short story involving multiple people, items, and places. A story is a sequence of observed facts, each
stating a simple relation such as “Alice is at the park.”. The challenge in this dataset is that by
applying pragmatic principles, unseen relations can be inferred from observed relations. For example,
given the text “Alice is at the park. Bob is with Alice.”, we can infer that “Bob is at
the park.”. Furthermore, an unseen inferred relation can lead to another unseen relation, thus

1The choice of the special token is arbitrary, and can be anything we train it to predict, as long as it is
consistent.

3



Table 1: Test Accuracy (in %) for the Algorithmic and Toy-story tasks. The train and test columns
show what percentage of samples in the split have access to ground truth self-QAs, or if they are
generated by the model itself. Here * indicates out-of-distribution harder test settings.

Method Train Test Algorithmic Toy-Story
self-QA self-QA ≤50 ≤100 ≤200* 3-hop* 4-hop*

GPT-2 fine-tuned none none 69.5 53.2 40.0 59.8 39.4
Scratchpad 100% generated 100.0 61.0 30.0 98.6 95.4

Self-Questioning

100%

generated

100.0 100.0 98.8 99.7 98.6
75% 99.5 99.6 98.3 98.9 98.5
50% 98.8 98.2 95.0 98.9 96.8
25% 95.8 93.5 85.7 97.1 95.1

Ablation 100% 100% 100.0 100.0 100.0 100.0 100.0
100% none 25.0 16.3 15.9 39.7 32.5

requiring multiple steps of inference. We call a question k-hop if it requires k observations combined
through k-1 reasoning steps. For this dataset, the special query token is “SQ:”. Following such
a token, the model can ask and answer a question, e.g., “SQ: Where is Bob? Bob is at the
park.”.

3.2 Results

Algorithmic: Table 1 shows the results of all models trained on the Algorithmic dataset with 5
variables, where each sample has 2≤T≤100 statements. The Algorithmic columns show the test
accuracy for 2≤T≤X statements, where X={50, 100, 200}. The vanilla GPT-2 model struggles
to track the state of the variables over many statements, and decreases in accuracy with longer
sequences. Our proposed Self-Questioning method, which allows the model to generate self-QA
statements, achieves a perfect score when trained with 100% of the ground truth self-QA statements,
and insignificant changes in performance when trained with 75%, 50%, or 25% of the ground truth
self-QA statements. The ≤ 200 column shows the ability of methods to generalize to up to 200
statements (out-of-distribution). These results show a significant advantage of our method: as long as
the model asks a self-question about a variable, it will keep it in memory by pushing its value to the
recent context. The Scratchpad method has to copy the entire context in its scratchpad, often going
past the maximum context length, resulting in poor accuracy. The oracle Self-QA train/test model
gets perfect accuracy, while the train only model is poor, showing Self-QA must be performed at test
time to achieve gains.

Toy-story: The rightmost two columns of Table 1 show the results for the Toy-story task where we
train all the models only on 1- and 2-hop questions while testing them on 3- and 4-hop questions. For
both the settings, we see that the Self-Questioning models substantially outperform the vanilla GPT-2
model which has to perform multi-step reasoning in “one-step”. We see only a minor drop in the
Self-Questioning models’ performance as we reduce the self-QA supervision from 100% to 25%.
The Self-Questioning model trained with supervision as low as 50% of the instances with self-QA
pairs outperforms the Scratchpad method on both 3- and 4-hop questions despite Scratchpad having
supervision for 100% training instances. However, unlike the Algorithmic task where Scratchpad’s
failure has to do with the model running out of space to write, for Toy-story instances, that’s never
the case. We reason that the drop in Scratchpad’s performance has to do with the model having to
postpone self-QAs after processing the entire input context, which increases the distance between the
input context and the self-QAs in comparison to the proposed Self-Questioning approach where the
self-QAs are written on the fly as the relevant facts are stated.

4 Discussion

We proposed a general method that allows language models to take internal notes in the form of
self-QAs. Unlike scratchpad methods that postpone reasoning until all input tokens are processed,
our method can deviate from the input sequence at any time for self-questioning and answering. One
advantage of interleaving reasoning with the context in this way is that the reasoning steps can be
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closer to their relevant contexts. Another advantage is that it can act as a recurrent memory as the
self-QA answers are fed back to the model. Both these advantages make the method scale better to
longer sequences unseen during training, as shown in our experiments. In addition, we showed that
the amount of self-QA supervision during training can be reduced without a significant performance
drop. Future work should explore ways to further reduce the supervision, perhaps using reinforcement
learning. Another possible future direction is to combine our method with a scratchpad, which has
the advantage of seeing the question and performing backward reasoning to reach the answer.
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5 Appendix

In this section we show one hand-picked test sample from both the Algorithmic task (Table 2) and
the Toy-story task (Table 3). In both these examples, the Vanilla and Scratchpad methods fail, but the
Self-Questioning method succeeds.

Table 2: Test sample from the Algorithmic task. In this example, the question (Q∗) is “print d”
and the answer (A∗) is “d = 3 ;”. The vanilla model fails at tracking the variable(s) and incorrectly
predicts “d = 2 ;”. The scratchpad runs past the GPT-2 context length, since the context window
also includes the input text, and thus cannot generate a valid scratchpad end token, so it can’t make
a prediction. The Self-Questioning method correctly tracks the state of each variable as it sees
statements, and successfully predicts “d = 3 ;”.

Model Context Prediction

Vanilla
(original context)

d = 6 ; c = 10 ; a = 10 ; d ++ ; if d < 1 : b = 8 ; c – ; d – ; d –
; a – ; b = 7 ; b ++ ; e = 3 ; a – ; b – ; if d < 10 : b – ; d – ;
if d < c : a ++ ; e – ; b ++ ; a ++ ; if c > 3 : b ++ ; e – ; if e
> d : b ++ ; if a > 8 : e ++ ; b ++ ; if c < 7 : b – ; c – ; b ++
; d ++ ; e ++ ; a – ; if d < c : c ++ ; if e < 5 : b – ; d – ; if
c > e : c ++ ; if b > 7 : b – ; if d < b : d ++ ; c – ; if c < d
: e – ; b – ; c ++ ; d ++ ; e ++ ; b ++ ; d ++ ; b ++ ; e – ; d – ;
if b < a : b ++ ; e – ; if b < 9 : b – ; a ++ ; if c > 10 : a – ;
b ++ ; c – ; d ++ ; b – ; b – ; d ++ ; c ++ ; e – ; if c > b : e ++
; if c > b : d – ; b ++ ; e – ; c – ; a – ; if c > 1 : e ++ ; if e
< d : c ++ ; if e < 1 : c – ; a ++ ; d – ; b – ; c – ; c – ; if a >
4 : b – ; b ++ ; d – ; b ++ ; d – ; e – ; if a < 9 : e ++ ; if c <
d : c – ; a – ; c ++ ; b – ; if a > 8 : d ++ ; a – ; d – ; d – ; c
– ; b ++ ; a – ; c ++ ;

d = 2 ;

Scratchpad
(scratchpad context)

[invalid scratchpad generation] N/A

Self-Questioning
(self-QA context)

c = 10 ; print c c = 10 ; a = 10 ; print a a = 10 ; d ++ ; print d d
= 7 ; if d < 1 : b = 8 ; c – ; print c c = 9 ; d – ; print d d = 6 ;
d – ; print d d = 5 ; a – ; print a a = 9 ; b = 7 ; print b b = 7 ; b
++ ; print b b = 8 ; e = 3 ; print e e = 3 ; a – ; print a a = 8 ; b
– ; print b b = 7 ; if d < 10 : b – ; print b b = 6 ; d – ; print d
d = 4 ; if d < c : a ++ ; print a a = 9 ; e – ; print e e = 2 ; b ++
; print b b = 7 ; a ++ ; print a a = 10 ; if c > 3 : b ++ ; print b
b = 8 ; e – ; print e e = 1 ; if e > d : b ++ ; print b b = 8 ; if
a > 8 : e ++ ; print e e = 2 ; b ++ ; print b b = 9 ; if c < 7 : b
– ; print b b = 9 ; c – ; print c c = 8 ; b ++ ; print b b = 10 ; d
++ ; print d d = 5 ; e ++ ; print e e = 3 ; a – ; print a a = 9 ; if
d < c : c ++ ; print c c = 9 ; if e < 5 : b – ; print b b = 9 ; d –
; print d d = 4 ; if c > e : c ++ ; print c c = 10 ; if b > 7 : b
– ; print b b = 8 ; if d < b : d ++ ; print d d = 5 ; c – ; print c
c = 9 ; if c < d : e – ; print e e = 3 ; b – ; print b b = 7 ; c ++
; print c c = 10 ; d ++ ; print d d = 6 ; e ++ ; print e e = 4 ; b ++
; print b b = 8 ; d ++ ; print d d = 7 ; b ++ ; print b b = 9 ; e –
; print e e = 3 ; d – ; print d d = 6 ; if b < a : b ++ ; print b b
= 9 ; e – ; print e e = 2 ; if b < 9 : b – ; print b b = 9 ; a ++ ;
print a a = 10 ; if c > 10 : a – ; print a a = 10 ; b ++ ; print b
b = 10 ; c – ; print c c = 9 ; d ++ ; print d d = 7 ; b – ; print b
b = 9 ; b – ; print b b = 8 ; d ++ ; print d d = 8 ; c ++ ; print c
c = 10 ; e – ; print e e = 1 ; if c > b : e ++ ; print e e = 2 ; if
c > b : d – ; print d d = 7 ; b ++ ; print b b = 9 ; e – ; print e e
= 1 ; c – ; print c c = 9 ; a – ; print a a = 9 ; if c > 1 : e ++ ;
print e e = 2 ; if e < d : c ++ ; print c c = 10 ; if e < 1 : c – ;
print c c = 10 ; a ++ ; print a a = 10 ; d – ; print d d = 6 ; b – ;
print b b = 8 ; c – ; print c c = 9 ; c – ; print c c = 8 ; if a > 4
: b – ; print b b = 7 ; b ++ ; print b b = 8 ; d – ; print d d = 5 ;
b ++ ; print b b = 9 ; d – ; print d d = 4 ; e – ; print e e = 1 ; if
a < 9 : e ++ ; print e e = 1 ; if c < d : c – ; print c c = 8 ; a –
; print a a = 9 ; c ++ ; print c c = 9 ; b – ; print b b = 8 ; if a >
8 : d ++ ; print d d = 5 ; a – ; print a a = 8 ; d – ; print d d = 4
; d – ; print d d = 3 ; c – ; print c c = 8 ; b ++ ; print b b = 9 ;
a – ; print a a = 7 ; c ++ ; print c c = 9 ;

d = 3 ;
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Table 3: Test sample from the Toy-story task. In this example, the question (Q∗) is “Where is
the ball?” and the answer (A∗) is “the ball is at the farm.”. The vanilla model fails at
multi-step reasoning and incorrectly predicts that the ball is at the “store” The Scratchpad starts
to incorrectly reason where the ball is early, and cannot correctly predict where it ends. The Self-

Questioning method does each intermediate reasoning step correctly , in fact ends up questioning

and correctly answering the location of the ball, and finally ends up predicting the correct location
of the ball.

Model Context Prediction

Vanilla
(original context)

Mary is with Daniel. Frank is with Sandra. John has the book.
Frank has the suitcase. Daniel is at the station. the banana is
inside the basket. Bob has the apple. Bob has the bag. the ball is
inside the box. the apple is inside the bag. Alice has the banana.
Alice has the key. John is at the farm. Charlie is at the bridge.
the book is inside the box. Alice is at the store. Bob is with
Alice.

the ball
is at the
store.

Scratchpad
(scratchpad context)

[SQ: Where is Mary? A: Mary is at the station. SQ: Who

has the ball? A: Bob has the ball. SQ: Who has the basket?

A: Alice has the basket. SQ: Where is the book? A: the book

is at the farm. SQ: Where is the bag? A: the bag is at the ball.

SQ: Where is the ball? A: the ball is at the bag. SQ: Who has the

box? A: John has the box. SQ: Where is the box? A: the box is at

the farm. SQ: Who has the key? A: Alice has the key. SQ:

Where is the banana? A: the banana is at the store. SQ:

Where is the basket? A: the basket is at the store. SQ:

Where is the key? A: the key is at the store. SQ: Where

is Bob? A: Bob is at the store. SQ: Where is the apple?

A: the apple is at the store. SQ: Where is the suitcase?

A: the suitcase is at the store. SQ: Where is the basket?

A: the basket is at the store. ]

the ball
is at the
ball.

Self-Questioning
(self-QA context)

Mary is with Daniel. Frank is with Sandra. John has the book.
Frank has the suitcase. Daniel is at the station. SQ: Where is
Mary? Mary is at the station. the banana is inside the basket.
Bob has the apple. Bob has the bag. the ball is inside the box.
the apple is inside the bag. Alice has the banana. SQ: Who has
the basket? Alice has the basket. Alice has the key. John is

at the farm. SQ: Where is the book? the book is at the farm.
Charlie is at the bridge. the book is inside the box. SQ:
Who has the box? John has the box. SQ: Where is the box?

the box is at the farm. SQ: Who has the ball? John has the ball.

SQ: Where is the ball? the ball is at the farm. Alice is at the

store. SQ: Where is the banana? the banana is at the store.

SQ: Where is the basket? the basket is at the store. SQ:

Where is the key? the key is at the store. Bob is with

Alice. SQ: Where is Bob? Bob is at the store. SQ: Where

is the apple? the apple is at the store. SQ: Where is

the bag? the bag is at the store. SQ: Where is the key?

the key is at the store.

the ball
is at the
farm.
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