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Abstract

Reasoning over long contexts remains a ma-
jor challenge for language models, particu-
larly when solving tasks that require integrat-
ing multiple facts in sequence or generalizing
to new distributions. We argue that this dif-
ficulty stems from a lack of structural induc-
tive bias. Recently, alternative frameworks
have been proposed to explicitly encode con-
texts as ordered memory and perform iter-
ative retrieval to construct reasoning chains.
Despite the promising results shown in prior
arts, they are still heavily reliant on interme-
diate chain supervision and fall short in show-
ing emergent reasoning generalization in the
presence of hard distractions in reasoning-in-
a-haystack tasks. Furthermore, we discover
that as the amount of distractions increases,
traditional episodic memory reads suffer from
ill-conditioning problems, which lead to in-
accurate context retrievals. In this work, we
formalize the motivation for necessary induc-
tive bias in reasoning-in-a-Haystack tasks, pro-
pose inference-time memory update procedures
mimicking the “identify and remove unneces-
sary and unrelated details” in constructively
responsive reading, introduce staged training
inspired by human conceptual understanding,
and finally demonstrate the possibilities and
limits of such framework in the weakly super-
vised scenario.

1 Introduction

Despite rapid advances, large language models
(LLMs) continue to exhibit brittleness on tasks that
require multi-step reasoning over long contexts.
Oftentimes, irrespective of the specific type of rea-
soning involved, LLM hallucinations occur from
failure to resolve a dependency chain over the in-
put. This issue of incorrectly modeling long-range
dependency and reasoning has been reported for a
variety of tasks including logical reasoning (Levy
et al., 2024; Kuratov et al., 2024; Wan et al., 2024)

Figure 1: An example of contexts, query, answer, and
supporting fact indices.

and algorithmic reasoning (Liu et al., 2023b,a).

To better understand and characterize these weak-
nesses, multiple synthetic benchmarks (Hsieh et al.,
2024; Kuratov et al., 2024; Liu et al., 2023a) have
been proposed to stress-test these LMs in aspects
including temporal awareness, coreference resolu-
tion, and fact chaining. These synthetic bench-
marks complement real-world benchmarks like
Long Range Arena (Tay et al., 2020) and BigBench
(Srivastava et al., 2022), and consistently reveal
significant reasoning gaps in current LMs (Hos-
seini et al., 2024). Among them, authors of BABI-
Long (Kuratov et al., 2024) argue that when rele-
vant facts are “hidden” among vast amounts of ir-
relevant background text (“needle-in-a-haystack”),
many models fail to robustly retrieve and reason
over the salient facts. They tested models of vari-
ous sizes and architectures across context lengths
and showed that recurrent memory transformers
(RMT) (Bulatov et al., 2022) after fine-tuning on
BABILong reached the highest performance.

More recently, other alternative LM architec-
tures (Gu and Dao, 2023; Peng et al., 2023;
Behrouz et al., 2024; Ko et al., 2024; Schneider
et al., 2025; Ren et al., 2025) have been brought
out and challenged on the benchmarks. One such
example is MemReasoner (Ko et al., 2024) where
the authors propose adding explicit temporal or-
dering to facts and designing iterative read/update
operations over memory to enable the model to hop
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across facts in an explicitly stepwise fashion. Take
Figure 1 as an example, MemReasoner obtains the
embeddings of lines in context independently, and
will pass these embeddings sequentially through
a GRU to encode the temporal order of these con-
texts. As a result, it will become clear that “Sandra
went to the hallway” happens after “Sandra got
the apple there”. In this example, these two lines
are the supporting facts for answering the ques-
tion “Where is the apple?” and we denote their
indices {2, 5} as the supporting fact indices. They
argue that RMT and Mamba (Gu and Dao, 2023)
achieve superior performance by being exposed
to BABILong samples during training as opposed
to having fundamental generalization capability
(e.g. they show much inferior performance when
only fine-tuned on similar questions with no con-
text distractors such as bAbI (Weston et al., 2015)).
Without the access to the testing distribution (i.e.
BABILong), MemReasoner has shown up as the
state-of-the-art model for long-context reasoning-
in-a-haystack tasks. Nevertheless, we point out that
similar criticism can also be applied to MemRea-
soner (Ko et al., 2024) since, despite not exposed
to the testing distribution, its training requires the
indices of corresponding intermediate supporting
facts at each hop. This reliance on fine annotations
complicates the assessment of whether reasoning
capability emerge from the inductive bias (the ex-
plicit temporal ordering and memory operations).

In this work, we want to firstly motivate the use
of alternative architectures with inductive bias for
needle-in-a-haystack tasks. Secondly, we will
delve into the details and analyze failure modes
in MemReasoner, especially when supporting facts
are absent or scarce. We identify major pitfalls
during both training time and testing time: (1) ill-
conditioning of episodic memory operations under
heavy distraction, which leads to unstable and in-
accurate retrieval during inference time, and (2)
representation collapse during training time when
supporting fact information is unavailable or lim-
ited. To address these issues, we are motivated
by how humans learn and do better reasoning: 1.
learn to have a better knowledge about the problem
they are solving, and 2. ignore unimportant parts
during problem solving. Specifically, we introduce
a staged training procedure inspired by concep-
tual understanding and procedural skill (Byrnes,
1992; Rittle-Johnson et al., 2001) that emphasizes
mastering conceptual knowledge before solving

tasks. With the trained reasoner, we propose an
inference-time memory update method that filters
irrelevant information at its first pass, analogous to
the “identify and remove unnecessary and unrelated
details” strategy in constructively responsive read-
ing (Pressley and Afflerbach, 1995) (See Figure 4),
which at the same time helps better conditioning
the optimization problems in episodic memory op-
erations. Together, these techniques allow us to
train and deploy memory-augmented models under
weaker supervision.

We highlight our main contributions as follows:

• Training setup: ImReasoner uses staged train-
ing that separates representation learning from
reasoning-update learning, preventing col-
lapse during multi-step supervision.

• Supervision regimes: We evaluate under both
weak supervision (answer-only) and strong su-
pervision (supporting-facts), and we analyze
how supervision type interacts with model sta-
bility.

• Benchmarks and context lengths: Experi-
ments cover bAbI (0-1k tokens), BABILong
(0-128k tokens), and BABILong-soft (0-4k
tokens, in-distribution distractors).

• Representative result: On BABILong,
inference-time filtering alone improves
accuracy dramatically under long contexts
(e.g., from 14% to 82% at 16k tokens), and
performing staged training further stabilizes
and increases the accuracy (e.g., from 82% to
94% at 16k token).

2 Methodology

2.1 Background: MemReasoner
Let X ,Z,Y be the input, latent, and output space.
e be the encoder that maps an input to an em-
bedding in Z , M be a memory module, P be a
temporal encoding module, and d be the decoder
that maps an embedding to an output in Y . Mem-
Reasoner (Ko et al., 2024) builds on top of Lari-
mar (Das et al., 2024) that first encodes inputs to
their latents, updates the memoryM, and performs
decoding conditioned on the memory readout. For
example, given a list of contexts C = {c1, ..., cE}
composed of E sentences, the target task is to an-
swer a question q conditioned on the given con-
text C. To approach the task within MemRea-
soner/Larimar frameworks, the input, both con-
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text C and query q, are encoded to their latents
(z1, . . . , zE and zq) via the encoder e. Next, let
M0 be the initial memory, write the context to the
memory via a write operation (Wu et al., 2018), i.e.
M̂ = write(M0, z) := (ZξM

†
0)

†Zξ, where Zξ =
[z1 + ξ1, z2 + ξ2, . . . , zE + ξE ], ξi ∼ N (0, σ2

ξI),
and † demotes matrix pseudo inverses. Then, the
read operation translates the query embedding
through the lens of the context-aware memory to
a query readout zr, i.e. zr = read(M̂, zq) :=
(zqM̂

† + η)M̂ , where η ∼ N (0, σ2
ηI). Lastly, the

decoder d decodes the query q conditioned on the
readout by using a broadcasting matrix that casts
zr to each decoder layer and obtains hmk that serves
as the past key values for k = 1, . . . , L, where L is
the number of layers in the decoder.

On top of the standard episodic memory network
pipeline, MemReasoner introduces two additional
features: (1) explicit temporal ordering of facts in
the context, and (2) explicit iterative reading from
the memory and updating of the query.

Memory with Temporal Order. MemReasoner
introduces a temporal encoding module P that
transforms unordered fact latents {z1, ..., zE} to
their ordered counterparts {z̃1, ..., z̃E}, explicitly
“adding a timestamp” to events to show the order
of their appearances. Specifically, this is done by
letting P be a learnable bidirectional GRU, treat-
ing [z1, ..., zE ] as the input sequence to P , and
marking the sequential outputs of P as [z̃1, ..., z̃E ],
i.e. [z̃1, ..., z̃E ] ← GRU([z1, ..., zE ]). MemRea-
soner then writes these ordered context embeddings
{z̃1, ..., z̃E} to the memory instead of the original
unordered ones.

Iterative query update and memory read. On
multi-hop reasoning tasks, MemReasoner explic-
itly performs iterative query update and memory
read. Specifically, it updates the query latent by
zq ← zq + α · zr after each memory read, where
α ∈ R is a hyperparameter to balance the load
from the previous readout. The updated query is
then fed into the memory module for another read
operation to obtain a new z̃r until convergence or a
user-specified maximum number of iterations.

2.2 Helpful Inductive Bias in
Reasoning-in-a-Haystack task

As a single self-attention layer processes query,
keys, and values through Attn(Qi,K, V ) =∑E

j=1 αijVj for each position i in the query embed-

ding, where Vj is the value representation of the j-

th input embedding and αij =
exp(Q⊤

i Kj/
√
d)∑

j′ exp(Q
⊤
i Kj′/

√
d)

.

Thus the output is a convex mixture of all input
token representations and multi-head attention con-
catenates multiple mixtures. While the mixture
nature might serves tasks such as summarization or
single-hop question answering well, it is intuitively
not suitable for tasks that require ordered composi-
tion of facts. For example, given “fact 1: Mary asks
Daniel to review paper P, fact 2: Daniel passes the
paper to John to review, query: who needs to review
P now?” To solve the problem, the model needs
to first infer fact 1 to understand the association
between Daniel and P, and then trace to John from
Daniel through fact 2. Modern attention schemes
such as RoPE and ALiBi do introduce positional
structure within every attention layer by influencing
the query–key interactions in a position-dependent
manner; however, these schemes do not change
the fundamental fact that each layer still produces
a weighted sum of value vectors. Consequently,
although a multi-layer LM may implicitly capture
the reasoning structure across layers, models that
lack explicit inductive biases often fail to gener-
alize robustly (Lake and Baroni, 2018; Bahdanau
et al., 2019; Hupkes et al., 2020).

We argue that ordered memory is a helpful induc-
tive bias for (some) needle-in-a-haystack tasks. For
example, MemReasoner introduces structure by
segmenting the contexts into discrete memory slots
(e.g. line by line). The ordering via the temporal
encoding module P then reduces the combinatorial
ambiguity. That said, for a k-hop problem with
E contexts, the effective hypothesis space of the
reasoning chain reduces by a factor of k! (from(
E
k

)
· k! to

(
E
k

)
).

We note that solving the reasoning problem in one
step remains difficult even with the ordering, and it-
erative retrieval breaks the query to sub-queries
that are easier to address individually. Specifi-
cally, let S = {i1, . . . , ik} denote the support-
ing fact indices (see Figure 1 for an example),
identifying them all in one step requires a single
query readout zr to lie close to each of the k sup-
porting fact latents z̃i1 , . . . , z̃ik simultaneously, i.e.
|zr − z̃it | < |zr − z̃j | for ∀j /∈ S and ∀t. This
implicitly assumes that the relevant contexts form a
tight cluster in the representation space, a condition
often violated due to their semantic differences. It-
erative query update and memory read relax this
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constraint by allowing the query to evolve after
each step. As a result, an accurate fact retrieval
requires only that each relevant fact be locally near-
est to the current query readout at its respective
step, i.e. |z(t)r − z̃it | < |z(t)r − z̃j | for j ̸= it, a
substantially weaker geometric condition.

2.3 ImReasoner

2.3.1 Constructively responsive reading -
inference-time memory update

To generalize on long-context tasks with a memory-
augmented LLM, a potential hurdle can come from
the two fundamental operations of the memory,
write and read, as described in Section 2.1. In both
operations, numerical solves of the linear systems
involve computing matrix pseudo inverses, which
can be unstable when the matrix has many more
columns than rows or the other way around. Sec-
ondly, encoding the temporal order in very long
facts with a GRU can further incur vanishing or
exploding gradient.

To cope with these, we introduce an inference-
time update method inspired by the theory of con-
structively responsive reading (Pressley and Affler-
bach, 1995), which characterizes skilled human
comprehension as a two-stage, goal-driven process:
readers first skim and filter a text to identify po-
tentially relevant evidence, and only then engage
in deeper analysis of the selected content. Anal-
ogously, we aim to perform an initial relevance
estimation to discard unrelated context and sub-
sequently reason over the remaining materials to
answer the question. Specifically, with the first
pass of memory write and query read, we iden-
tify a subset of contexts that are most relevant
to the query by their proximity in the ordered la-
tent space, i.e. J = {j ∈ [E], s.t.||zr − z̃j ||2 ≤
Qp}, where Qp is the quantile function defined
as inf{q|P (||zr − z̃j ||2 ≤ q) ≥ p. In practice,
we filter out most of the contexts after the first
pass and leave less than 1k lines, or p = 1/m
for m-k-length needle-in-a-haystack task. Then,
we re-encode the temporal order on this remaining
contexts (much shorter) to get their ordered coun-
terparts, i.e., [z̃′1, ..., z̃

′
|J |]← GRU([z1, ..., z|J |]). A

subsequent memory write and a query read are fol-
lowed to get the final readout.

We also note the potential of applying inference-
time update mechanism on vanilla transformer ar-
chitectures. Specifically, during inference, one can

aggregate the attention keys over individual sen-
tences, where low-scoring sentences (based on the
filtering score) can be down-weighted (or masked)
before the next layer’s attention computation. From
this perspective, it is also relevant to sparse atten-
tion pruning in generic transformer architectures.

2.3.2 Conceptual understanding - staged
training

Another issue we identify in MemReasoner’s
training dynamics in the absence of intermediate
supporting fact supervision is representation col-
lapse (Goodfellow et al., 2016), meaning the la-
tent space loses its ability to capture meaningful
distinctions in the input contexts and the train-
ing loss find its way down by creating shortcuts
or memorization. For example, across randomly
sampled instances, the average variance of the la-
tents (i.e. assume latent Z ∈ RE×d, calculate
mean(Variance(Z, dim = 0))) remains extremely
low, around 0.044. The average pairwise cosine
similarity between them also appears high, around
0.59, indicating the model maps semantically differ-
ent context lines into a highly compressed region.

To remedy this, we introduce a staged training strat-
egy designed to first force the model to internalize
representations of context before exposing it to an-
swer prediction tasks, avoiding shortcut representa-
tions (Ranzato and Szummer, 2008). This idea can
trace back to principles in cognitive science which
explains learners often master conceptual under-
standing before procedural competence and that
procedural errors can stem from weak conceptual
bases (Byrnes, 1992; Rittle-Johnson et al., 2001).
Concretely, during the initial phase, spanning the
first 50 epochs, the model is trained solely on recon-
struction losses akin to an autoencoder objective,
ensuring that the latent space does not collapse
into overly similar embeddings for different con-
text lines. This step helps to preserve the diversity
of the representations. Subsequently, after the 50th
epoch, we reintroduce the answer reconstruction
loss alongside the reconstruction objective. This
staged approach allows the model to first learn ro-
bust and varied representations before fine-tuning
to the specific task, thereby enhancing overall per-
formance and stability. We note that, with staged
training, a significant increase in the latent variance
can be seen from 0.044 to 0.097, while the average
pairwise cosine similarity decreases from 0.59 to
0.39. Such improved distinguishability provides a
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stronger foundation for downstream reasoning and
leads to more stable training.

As the above two schemas aim at solving two fail-
ures in existing memory-augmented LLM reasoner,
we hereby dub our method ImReasoner: improved
memory-augmented reasoner.

2.3.3 Training objective
Let Dpretrain denote the pretraining data distribu-
tion and Dfinetune denote the data distribution corre-
sponding to the reasoning task. Each sample from
Dfinetune is of the form (q, C, a, S) where q is the
query, C = {c1, ..., cE} are the facts in the context,
a is the answer, and S is the set of supporting fact
indices (see Figure 1 for an example). Depend-
ing on the availability of supporting fact informa-
tion, S can be empty. Meanwhile, the pretraining
distribution corresponds to a generic corpus, e.g.
Wikipedia. Recall that e and d denotes the encoder
and decoder, z(t)r denote the t-th readout from iter-
ative reading, zj and z̃j denote the un-ordered and
ordered context latents, and Pa denotes the prompts
for generating the answer. To train the model, we
utilize the following loss function.

L = ρ Ex∼Dpretrain ln p(d(e(x)))︸ ︷︷ ︸
autoencoding of pretraining dataset

+ E(q,C,S,a)∼Dfinetune

[
β ln p(d(e(C)))︸ ︷︷ ︸

autoencoding of contexts

+ γ ln p(a|Pa, z
(1)
r , . . . , z(|S|)r )︸ ︷︷ ︸

reconstruction of answer

+ δ

|S|∑

t=1

ℓorder(z
(t)
r , St)

︸ ︷︷ ︸
ordering loss

]

where M = write(M0, {z̃j}Ej=1), and ∀ t, z(t)r =

read(M, z
(t)
q ), z

(t)
q = z

(t−1)
q + αz

(t−1)
r . Follow-

ing (Ko et al., 2024), ℓorder(zr, s) is defined by
− ln v(zr)s where v(zr) = softmax([−∥zr −
z̃1∥2, ...,−∥zr − z̃E∥2]). ρ and β are the hyperpa-
rameters controlling regularization strength. Dur-
ing staged training, we let γ = 0 for the first 50
epochs. When supporting fact supervision is not
available, we put δ = 0.

In the overall loss L, the first and second terms
correspond to the auto-encoding loss on the pre-
training dataset and the contexts. The third term
is the reconstruction loss of the answer with re-
spect to the corresponding prompt for obtaining the

Figure 2: ImReasoner inference algorithm flowchart.

answer Pa and final readout. The fourth term is
an optional ordering loss when the supporting fact
is available. As we will show in the experiments,
by adopting proper staged training and performing
inference-time update, ImReasoner trained under
weak supervision (only answer supervision) can
yield competitive performance compared to Mem-
Reasoner trained under full supervisions (answer +
supporting fact supervision). Moreover, we show
that depending on the availability of supporting
fact supervision, we can further improve the per-
formance and yield a significant margin over Mem-
Reasoner with the same level of supervision.

2.3.4 Inference algorithms and complexity
analysis

Consider an input context C = {c1, ..., cE}, a ques-
tion q, an encoder e, a temporal encoding mod-
ule P , an initial memory module M, and a de-
coder d. As shown in the flowchart 2, we first
encode the context C and query q to their latents,
z1, . . . , zE and zq, via encoder e. Then, we fol-
low Section 2.1 to perform temporal encoding and
transform z1, . . . , zE to z̃1, ..., z̃E . Next, we write
the ordered context z̃1, ..., z̃E to the memory and
obtain M̂ . Subsequently, we read the query latent
zq from the memory M̂ and obtain zr. Next, we fol-
low Section 2.3.1 and filter out the most irrelevant
contexts by their distance to zr. With the remaining
subset of contexts C ′ ⊂ C, we re-transform them
to ordered contexts for final memory write and
query read. After the second query read, we will
proceed to query update described in Section 2.1
and continue to the second hop. Lastly, the decoder
d decodes the prompt Pa given for answer genera-
tion conditioned on all retrieved supporting facts.
We provide the full pseudocode in Algorithm 1 in
the Appendix B.

We follow (Ko et al., 2024) notation to estimate
the complexity as follows: Let H1 and d1 be the
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number of transformer layers and hidden state di-
mension in the encoder, H2 and d2 be the num-
ber of transformer layers and hidden state dimen-
sion in the decoder, d be the latent space di-
mension, m be the memory size, E be the num-
ber of context lines in a sample, L be the max-
imum context length, and L1 be the maximum
query length. The inference-time computational
complexity for ImReasoner can be estimated by
the encoder complexity O(H1((EL2 + L2

1)d1 +
(EL+ L1)d

2
1)), pre-filter temporal encoding com-

plexity O(Ed2), pre-filter memory operation com-
plexity O(Edm2), post-filter temporal encoding
complexity O(pEd2), post-filter memory opera-
tion complexity O(pEdm2), decoding complex-
ity O(H2(|Pa|2d2 + |Pa|d22)), and broadcasting
complexity O(d1dE) and O(d2dH2). Overall, by
assuming Pa ∼ L1 and p < 1, we estimate the
total inference-time complexity as O(H1((EL2 +
L2
1)d1+(EL+L1)d

2
1)+E(d2+dm2)+H2(L

2
1d2+

L1d
2
2) + d1dE + d2dH2).

3 Experiment

3.1 Experimental Setup

Tasks. Following literature (Weston et al., 2015;
Kuratov et al., 2024), we are dedicated to stress-test
LMs in (long-context) temporal-aware fact chain-
ing. Specifically, to distinguish from (Ko et al.,
2024), we will particularly distinguish the level of
supervision each model received to analyze if there
exists emergent reasoning generalization or pattern
matching.

We first resort to the bAbi benchmark (Weston et al.,
2015) (CC BY 3.0), which were prepared by syn-
thesizing relations among characters and objects
across various locations. This benchmark serves as
a unit test for LM’s temporal-aware fact chaining
ability. Each context associated with an example
contains multiple line, with each line representing
a fact such as “Mary traveled to the garden". Task 1
requires performing a single hop to find the answer,
whereas task 2 requires gathering two supporting
facts in the right order. For preprocessing bAbi
data, we follow literature and treat each training
sample comprised of multiple facts as a single con-
text episode, and individual sentence within that
context as an instance within that episode. Each
fact within an episode contains up to 64 tokens.

Two other variants of the bAbI benchmark were
proposed in (Ko et al., 2024) where (1) the location

information is changed to another set of locations
in the test set, and (2) the test set is swapped across
tasks, for example swapping 2-hop tasks’ testing
data to 1-hop, challenging models’ generalization
ability from harder tasks to easier tasks. We leave
results on these two variants in the Appendix D

Then, we extend the test to long-context scenar-
ios via BABILong (Kuratov et al., 2024) (Apache
2.0), which was constructed following bAbI but
was artificially prolonged by fusion with irrelevant
texts. Specifically, BABILong offers a wide variety
of long-context problems of different lengths rang-
ing from 0K (similar to bAbI) to 10M by adding
background texts from PG-19 (Rae et al., 2020)
(Apache 2.0). Following literature, if sentences are
longer than 64 tokens in BABILong, we split the
sentences at multiples of 64 tokens.

Finally, we level up and create another version of
BABILong with in-distribution distractions as op-
posed to out-of-distribution distractions (e.g. PG-
19), we dub it by BABILong-soft. Specifically,
BABILong-soft contains distractions of the form:
{entity} {verb} to the {location} where the entity
is one of “John", “Mary", “Sandra", and “Daniel",
verb is one of “moved", “went", “journeyed", “trav-
eled", “went back", and location is one of “bed-
room", “bathroom", “kitchen", “garden", “office",
and “hallway". Notably, sentences of this form nat-
urally occur in the original bAbI dataset. Therefore,
this constitutes a much harder needle-in-a-haystack
task, as the haystack is now much similar to the
needle. Using this padding, we increase the context
length up to 4k tokens. We provide more details
about how this data is generated and examples in
Appendix C.

Baselines. In literature (Kuratov et al., 2024; Ko
et al., 2024), authors have reported performance of
more than 30 off-the-shelf baselines with few-shot
and chain-of-thought prompting, including popu-
lar ones such as Llama, Phi, Qwen, and GPT4
etc. Prior work found that these models effectively
only use 10–20% of the context and performance
degrades sharply with increased reasoning com-
plexity. Even with Retrieval-Augmented Genera-
tion (RAG) methods, only around 60% accuracy
can be achieved on single-fact question answering,
and they also do not scale well for more complex
multi-hop tasks across long contexts. Compara-
tively, they fine-tuned memory-augmented architec-
tures (e.g. recurrent memory transformers, Mamba,
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Table 1: The performance of ImReasoner and baselines
on the bAbI test set, measured by accuracy (%).

Model type Task 1 Task 2
RMT-.77B (bAbI) 99 100
RMT-.77B (bAbI w. 100% SF) 100 100
Mamba-1.4B (bAbI) 100 91
Mamba-1.4B (bAbI w. 100% SF) 100 93
MemReasoner-1.4B (bAbI) 100 39.5
MemReasoner-1.4B (bAbI w. 100% SF) 100 100
ImReasoner-1.4B (bAbI) 100 90
ImReasoner-1.4B (bAbI w. 100% SF) 100 100

MemReasoners) on bAbI/BABILong and showed
that these fine-tuned models, albeit being small,
achieve much stronger performance and can pro-
cess longer sequences

Thus, in this paper, we primarily benchmark these
finalists from earlier work and scrutinize their per-
formance under different levels of supervision,
in comparison with our proposed augmented ver-
sion ImReasoner. Specially, we report RMT and
Mamba models fine-tuned on (1) BABILong (sup-
porting fact indices not available), (2) bAbI without
supporting fact, (3) bAbI with supporting fact. For
MemReasoner, we test two scenarios, (1) bAbI
without supporting fact, (2) bAbI with supporting
fact. For ImReasoner, we carefully go over 3 differ-
ent levels of supervision, (1) bAbI without support-
ing fact, (2) bAbI with partial supporting fact (1%),
and (3) bAbI with supporting fact. It is important to
note that, due to the architecture of ImReasoner and
MemReasoner, it is straightforward to enforce re-
trieval accuracy by imposing a categorical loss. On
RMT and Mamba models, we could only naively
use the next token prediction loss to encourage sup-
porting fact reconstruction. More work on how to
introduce more natural supervision loss is beyond
the scope of this paper and left as a future work.
In all of the above experiments, we quote the orig-
inal reported numbers from the respective paper
whenever available.

Due to the page limit, we refer readers to the Ap-
pendix E for more experimental details and Ap-
pendix F for the ablation study. We implemented
our algorithm and conducted experiments based on
Larimar (Das et al., 2024) code base1.

3.2 Results

3.2.1 bAbI

Table 1 reports the performance of all baseline
methods on bAbI task 1 and task 2 test sets. We
note that task 1 and task 2 represent single-hop and
two-hop question answering problems, respectively.
From the table, we can see that all methods, when
finetuned with supporting facts, can reach almost
perfect accuracy (93%-100%). When such super-
vision is not available, RMT’s still retains remark-
able performance (100%), while Mamba and Im-
Reasoner drops to 90%-91%. It is noteworthy that
ImReasoner and MemReasoner, despite sharing the
same architecture, have distinct performance with
MemReasoner lagging behind by a large margin
(39.5%), highlighting the significance of our staged
training and inference time improvement.

3.2.2 BABILong

Figure 3 (left) reports the accuracy of all base-
lines on BABILong of varying lengths from 0K
to 128K. We stop at 128K due to computational
constraint. From Fig. 3(a-b) , we see that bAbI-
finetuned RMT and Mamba models show a signifi-
cant accuracy drop on BABILong samples beyond
0k input length, though both show near-perfect ac-
curacy at 0k. Interestingly, additional supervision
on 100% supporting facts during RMT or Mamba
training (in the form of supporting fact reconstruc-
tion loss) did provide none–to–little performance
boost. In contrast, MemReasoner benefits a lot
from supporting fact supervision with its task 1 per-
formance moves from “red zone” to “green zone”.
Similar improvement can be seen on task 2 as well,
despite overall much inferior performance com-
pared to ImReasoner with 100% supporting fact.
Taking a closer look at ImReasoner’s performance,
we see that ImReasoner can achieve fair to excel-
lent performance on task 1 (81%-97%) even with-
out supporting fact supervision. On task 2, as the
learning dynamics become much more uncertain
without supporting fact, we see a big drop in per-
formance, while still wins over MemReasoner with
the same level of supervision by a large margin, e.g.
without supporting fact supervision we see 90% vs
64% at 0K tasks; with supporting fact supervision
we see 73% vs 23% at 8K tasks. Besides quanti-
tative results, we also include a qualitative error
analysis in the Appendix G.

1https://github.com/IBM/larimar
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Figure 3: The performance of ImReasoner and all baselines on varying lengths of BABILong (left) and BABILong-
soft (right) data, measured by accuracy (%). Plot (a) only gives ImReasoner with 0% supporting fact supervision as
it already win over other baselines by a noticeable margin.

3.2.3 BABILong-soft

Although not plotted in Fig. 3, it is not hard to find
that RMT and Mamba, when fine-tuned on BABI-
Long, can achieve extraordinary performance on
BABILong. For instance, (Kuratov et al., 2024)
reported that RMT after fine-tuning can retain 59%
average accuracy over five tasks at 128k length
in BABILong while Mamba achieve astonishing
93%. In this experiment, we argue that this almost
perfect performance is not due to reasoning gen-
eralization since the same performance cannot be
reached when we present in-distribution distrac-
tions (at least for RMT; Mamba BABILong fine-
tuned checkpoint is not publicly-available). Specif-
ically, we show the performance of all baselines
fine-tuned on bAbI with supporting facts in Fig-
ure 3 (right). By looking at Fig. 3(c-d), we ob-
serve a distinct difference between single-hop and
multi-hop performance. As shown in Fig. 3(c), Im-
Reasoner obtains near-perfect accuracy on task 1
across context lengths, while RMT fine-tuned on
BABILong degrades from 59% at 1k tokens to 21%
at 4k. In contrast, as shown in Fig. 3(d), ImRea-
soner’s accuracy on task 2 drops substantially once
the context length exceeds 1k, although it still main-
tains a margin over other baselines. This suggests
that our inference-time update does bring benefit
for the task, but only partially addresses the chal-
lenges of multi-hop reasoning in the presence of
in-distribution distractors.

We hypothesize that this gap reflects a fundamental
difference between learning single-hop and multi-
hop tasks from answer-only supervision. In the
multi-hop setting, the model must select an entire
sequence of supporting facts, yet the loss only con-
strains the final answer. As a result, the training

dynamics admit many spurious reasoning paths,
and the model is incentivized to exploit dataset-
specific shortcuts rather than to identify the true
supporting chain, in line with the representation
collapse and shortcut behavior we analyze in Sec-
tion 2.3.2. Although staged training improves the
diversity of context latents and stabilizes learning,
it does not fully resolve the ambiguity of path se-
lection. In BABILong-soft, where distractors share
the same template as true facts, this ambiguity is
amplified and leads to compounding errors across
hops.

4 Related Literature

4.1 Long-range Dependency

Modeling long-range dependencies remains a fun-
damental challenge for transformer-based language
models. Many tasks, including multi-hop logical
reasoning and compositional mathematical deriva-
tions, require processing information that is scat-
tered across extended contexts and executing rea-
soning steps in the correct order. Standard trans-
formers often struggle in such settings due to sev-
eral factors. First, they tend to exploit dataset-
specific shortcuts rather than learning general rea-
soning strategies (Ju et al., 2024; Ruder, 2021;
Mitchell, 2023; Wu et al., 2024; Levy et al., 2024).
Second, they exhibit fragile internal mechanisms
like attention glitches that may misroute informa-
tion (Liu et al., 2023a; Xiao et al., 2024; Liu et al.,
2023c). Such limitations have been connected to
the “System 1” cognitive mode (Kahneman, 2011),
characterized by fast but shallow inference, con-
trasting with the deliberative “System 2” reasoning
required for multi-step tasks.
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4.2 Benchmarking Long-range Dependency

Evaluating reasoning capabilities in long-context
settings has become an essential part of understand-
ing and advancing language model architectures.
Synthetic benchmarks in particular have emerged
as powerful diagnostic tools because they provide
controlled conditions that isolate specific reason-
ing challenges without the confounds of real-world
data. Early benchmarks often focused on “needle-
in-a-haystack” retrieval tasks, where a single rel-
evant fact must be located amid large amounts of
distractor text (Li et al., 2024; Hsieh et al., 2024).
Recent efforts have shifted toward evaluating multi-
step compositional reasoning, where multiple scat-
tered pieces of evidence must be integrated to reach
a correct conclusion (Kuratov et al., 2024; Hsieh
et al., 2024). These benchmarks reveal that even
state-of-the-art transformer models degrade sharply
as context length increases, highlighting persistent
weaknesses in long-term memory, reasoning depth,
and multi-hop compositionality. As a result, they
have become standard testing grounds for both
transformer-based LLMs and emerging alternatives
such as state-space models (Gu and Dao, 2023).

4.3 Alternative Frameworks/Models

Recent works have attempted to include few-shot
demonstrations in the context (Brown et al., 2020;
Min et al., 2022) and chain of thought (CoT)
prompting (Wei et al., 2022), providing access
to external tools/reward models/verifiers (Schick
et al., 2023; Khalifa et al., 2023), etc. Augment-
ing language models with memory modules has
been proposed, e.g, in (Nye et al., 2021) the model
is asked to output immediate reasoning steps to a
“scratchpad” which is then recurrently processed by
the model. Another promising research direction
is to train the transformer model with an external
latent memory module (Das et al., 2024) or with
additional learnable memory tokens (Burtsev et al.,
2021). Later, architectures that include segment-
level recurrent processing over internal memory
tokens have been proposed, e.g., Transformer-XL
(Dai et al., 2019) and Recurrent Memory Trans-
former (RMT) (Bulatov et al., 2022). This line of
work has shown the ability to process very long
input and has emerged as a promising path for
modeling long-term dependencies and exploiting
memory processing ability for tasks like algorith-
mic and reasoning. Structured state space models
such as Mamba (Gu and Dao, 2023) have emerged

as a promising alternative to self-attention layers
and transformers for sequence modeling due to its
selection mechanism. Mamba offers faster infer-
ence due to its fixed-memory recurrent architec-
ture, which allows for efficient processing of long
sequences. However, this constant-memory also
can make the in-context recall ability brittle, com-
pared to transformers (Jelassi et al., 2024; Waleffe
et al., 2024; Park et al., 2024). Recently, Mem-
Reasoner (Ko et al., 2024) is also proposed that
does segment-level processing in the latent memory
module, which is further augmented with a recency
awareness and iterative read mechanism. Different
from recurrent passing of the global memory to-
kens from the previous segment to the next segment
within the transformer layers themselves, MemRea-
soner performs multiple hops over the “ordered”
segment encodings stored in memory, updates the
query, and provides only the final readout(s) to the
decoder. MemReasoner does not maintain a mem-
ory of explicit (generated) tokens, rather operates
over the latent encodings of context stored in mem-
ory. However, as we discussed in this paper, its
performance largely comes from the supporting
fact supervision, without which it in fact finds it
hard to generalize.

5 Conclusion

This work explored how structured inductive biases
can enhance language models’ ability to perform
multi-step reasoning in long and noisy contexts.
We introduced ImReasoner, a memory-augmented
framework that combines an inference-time mem-
ory update mechanism with a staged training strat-
egy to improve retrieval precision and maintain
robust latent representations under weak super-
vision. Across diverse benchmarks, ImReasoner
consistently outperforms prior memory-based ap-
proaches, particularly when intermediate supervi-
sion is scarce, demonstrating the effectiveness of se-
lective context filtering and representation-centric
training. These findings highlight the importance
of integrating adaptive memory operations and prin-
cipled training dynamics, paving the way for more
generalizable reasoning systems in complex, real-
world settings.

Limitations

While ImReasoner demonstrates strong perfor-
mance gains in reasoning-in-a-haystack tasks and
shows resilience under weak supervision, several
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limitations remain.

First, while we demonstrate competitive results un-
der weak supervision, ImReasoner’s performance
still benefits significantly from supporting fact an-
notations when available. This reliance suggests
that the model has not yet achieved full reasoning
generalization and that supervision signals remain
important for guiding multi-hop inference.

Secondly, as our inference-time update procedure
was designed specifically for memory-augmented
architectures, the underlying principle of selective
context filtering can, in theory, be applied to more
generic language models as well. However, how
to effectively integrate such mechanisms into trans-
former models remain an open question.

Lastly, as is also true for literature on the topic (Ku-
ratov et al., 2024; Ko et al., 2024), our current
experiments are primarily conducted on synthetic
benchmarks such as bAbI and BABILong, and our
new benchmark to further stress test the models,
BABILong-soft, is also synthetic. Although these
benchmarks provide controlled and interpretable
settings to evaluate reasoning behavior, they may
not fully capture the complexity, ambiguity, and
domain diversity of real-world tasks. In a way, we
argue that being able to solve this set of synthetic
tasks is necessary for all language models, but it
might not be sufficient. We hope our work can in-
spire more research in alternative frameworks other
than transformers.

Ethics Statement

Given the rapid progress in large language model
research, it is important to review alternative frame-
works that use fewer computational resources and
understand their capability. We do not anticipate
any negative social impact from this work.
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A How human reason do reasoning? Remove irrelevant facts

Figure 4: An example of human removing apparently unrelated details after the first pass in a question answering /
reading comprehension task.

B Algorithm

Algorithm 1: ImReasoner inference algorithm

1 Function ImReasoner(q, {c1, . . . , cE}, α, p):
// q: query; {ci}: E context lines; α: query-update combine parameter;
// N: #iterations; p: filter ratio

2 S ← set{}
3 Pa ← prompt for answer generation given q and task specification
4 zq ← encode(q)
5 for i← 1 to E do
6 zi ← encode(ci)

7 z̃1, . . . , z̃E ← temporalEncoding(z1, . . . , zE)

8 M̂ ← write(z̃1, . . . , z̃E)
9 for n← 1 to N do

// first pass to filter out most irrelevant contexts

10 zr ← read(M̂, zq)
11 J ← indices of the p% smallest distances {∥zr − z̃j∥2}Ej=1

12 (z̃′j)j∈J ← temporalEncoding
(
(zj)j∈J

)

13 M̂ ′ ← write((z̃′j)j∈J )
// second pass to find supporting facts

14 z
(n)
r ← read(M̂ ′, zq)

15 zq ← zq + α z
(n)
r

16 S ← S ∪ {j∗ : j∗ = argminj∈J ∥z(n)r − z̃′j∥2}
17 return decode (Pa, {zj}j∈S)
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C Generation of BABILong-soft data

To generate BABILong-soft data, we begin with the bAbI test set for tasks 1 and 2. We pad the data with
sentences of the form:

{entity} {verb} to the {location}.

where the entity is one of “John", “Mary", “Sandra", and “Daniel", verb is one of “moved", “went",
“journeyed", “travelled", “went back", and location is one of “bedroom", “bathroom", “kitchen", “garden",
“office", and “hallway". Sentences of this form naturally occur in the bAbI train and test set for these tasks.
The location of the padding is randomly sampled and thus this padding can occur before, between, and
after the true sentences in the context of the bAbI dataset. In order to avoid changing the answer to the
bAbI question when adding padding, we keep track of the location of the last supporting fact and ensure
that padding added after the last supporting fact does not mention the entity that is in the supporting fact.
Meanwhile, padding added before the last supporting fact can be have any entity.

To illustrate, consider a bAbI sample with the question “Where is the football?" and context:

Mary travelled to the office.
Sandra went to the bedroom.
Sandra moved to the hallway.
Daniel journeyed to the garden.
Sandra discarded the football.
Daniel went back to the kitchen

Here, the last supporting fact in the line “Sandra moved to the hallway." and this line tells us the answer of
the question is “hallway". To generate a corresponding BABILong-soft data point, we randomly sample a
location at which we insert a sentence of padding. If this line is to be added before “Sandra moved to the
hallway." then we sample any entity of the bAbI entities for the padding. If it is to be added after “Sandra
moved to the hallway.", then we sample an entity that is not Sandra.

We use this approach to generate padding to increase context lengths to 1k, 2k, and 4k tokens.
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D Two bAbI variants

We follow (Ko et al., 2024) and test on a variant of bAbI where the tasks remains the same, but the answer
changes from training to test set. Specifically, the dataset changes the location information present in
the answer set of bAbI training → test as follows: office → library, garden→ garage, kitchen→ cafe,
bathroom → attic, bedroom→ basement, hallway → gym.

We report baselines’ results in Table 2. Whenever the results are available in (Ko et al., 2024), we directly
cite their numbers and note by “*”. Thus the numbers might not be utmost comparable since the dataset
generation has randomness and we are be using the exact same dataset for measurement. As shown in
Table 2, when no SF supervision is used, on task 1 the accuracy order is RMT < Mamba < ImReasoner,
while on task 2 the order is RMT < ImReasoner < Mamba. Given that, in this setting the length of the
test sequence is similar to that of the training one, Mamba handles it better for task 2.

Table 2: Robustness to location changes in bAbI test set. Bold: highest; underlined; second highest.

Model type Task 1 Task 2
RMT* 45.8 23.7

RMT + 100%SF 31.3 0
Mamba* 67 44

Mamba + 100%SF 52.7 45.2
MemReasoner + 100%SF* 87.2 52.7

ImReasoner 98.6 30.4
ImReasoner + 100% SF - 63.9

We also follow the literature and check if the models trained on 2-hop bAbI can solve the simpler 1-hop
version, but on the corresponding long context samples. We again cite baselines results whenever available
in Table 3. From the table, it can be seen that Mamba can benefit a lot from having supporting fact
supervision on this task, while the same improvement can hardly be seen on RMT. On ImReasoner,
supporting fact supervision helps to promote ImReasoner to get the second place for 2K and 4K tasks. It
is worth noting that, without supporting fact supervision, ImReasoner is a strong candidate performing
better than RMT and Mamba when context >1k.

Table 3: Performance on bAbI task 2 → BABILong task 1 generalization.

Model type 0k 1k 2k 4k
RMT* 100 13 11 13

RMT (bAbI) + 100%SF 95 21 22 16
Mamba* 81 8 0 0

Mamba + 100%SF 99 55 27 9
MemReasoner + 100%SF* 83 58 50 45

ImReasoner 49 30 28 19
ImReasoner + 100% SF 56 44 43 38
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E Training Details

Following (Ko et al., 2024), we use Larimar as our backbone for ImReasoner using publicly available
codebase2. Specifically, we use the default script to train a 1.3B Larimar model. We generate the answer
to the question by passing a prompt Pa to the decoder (i.e. in the case of bAbI Task1-2, the prompt has
the from “<BOS> X is in the" where X denotes subject of the query q).

Task 1 and 2 each contains 10K training samples and 1K testing samples. For task 1, We train ImReasoner
models for 20 epochs using Adam optimizer with learning rate 5e-6. We set batch size to be 20. For task
2, we decrease the batch size to 5 due to computational constraints. Throughout the experiments, we set
hyperparameters α = β = γ = 1. Since bAbI Task 1 is a single hop task, we do not perform query update
during either training or inference. When fine-tuning on bAbI Task 2, we perform a fix number of 2 hop
(equivalent to 1 query update) during the training. All our reported results are gathered from a single run.

F Ablation study

As the two key innovations of this paper are: 1. inference-time update method, and 2. staged training. In
this section, we give the ablation study of these two components individually to show their significance.
Specifically, as ImReasoner = MemReasoner + “inference-time update” + “staged training”, we use
BABILong task 1 as an example to show: (1) MemReasoner, (2) MemReasoner + “inference-time update”
= ImReasoner - “staged training”, (3) and ImReasoner, with (1)→ (2) highlights the contribution from
our inference-time update stratefy, and (2) → (3) highlights the contribution from our staged training
strategy.

From Table 4, we see that the introduction of inference-time update strategy largely improves the
performance, saving the accuracy from 14% to 82% for 16k-length tasks. With staged training, it furthers
increase the accuracy from 82% to 94%, underscoring the contribution from both components.

Table 4: Ablation study on the inference-time update and staged training.

BABILong (k) 0 1 2 4 8 16 32 64 128
MemReasoner 99 74 42 25 20 14 20 17 20

ImReasoner w/o staged training 97 86 82 84 82 82 85 79 79
ImReasoner 97±1.9 90±3.3 89±3.1 89±2.5 93±3.1 94±3.2 94±2.0 87±3.9 81±2.7

We further vary the quantile p in our inference-time update to examine its effect on the downstream
performance. Specifically, we give the accuracy under multiple grids, i.e. p =1 (no filtering -> no
inference-time update), 0.5, 0.2, 0.1, 0.05, 0.02, 0.01, 0.005, 0.002, 0.001. We note that in the most
extreme case, when p is small enough to filter out all contexts but one or very few, the performance should
be close to no inference-time update as there would only have one or few context left as supporting fact
candidate (the same as directly picking one supporting fact in one-shot). From the following table, we can
see that our strategy of p chooses p dynamically according to context lengths (i.e. p= 1

4m ), effectively
encouraging the number of remaining contexts to be of the same range regardless of the initial lengths. If
we are allowed to do finetuning on p, the accuracy can generally be further improved.

Table 5: Ablation stufy on the inference-time update hyperparameter.

p proposed strategy: 1
4m 1 0.5 0.2 0.1 0.05 0.02 0.01 0.005 0.002 0.001

1k (m=1) 86 75 82 91 83 70 - - - - -
4k (m=4) 84 21 43 67 75 89 69 52 - - -

16k (m=16) 82 14 23 24 45 65 82 85 71 47 -
64k (m=64) 79 12 16 19 21 32 50 64 79 78 59

2https://github.com/IBM/larimar
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G Error analysis

Since BABILong does not provide groundtruth supporting fact information, it is practically hard for
us to root cause the errors, e.g. wrong supporting fact retrieval at early steps, wrong supporting fact
retrieval at later steps, identify confusing facts with the correct identity, identify confusing facts with
wrong identities, identify completely irrelevant PG19 texts, correct supporting fact retrieval but wrong
answering, supporting fact missing after inference-time update, etc. Nevertheless, we are able to identify
and confirm certain types of errors by manually inspecting incorrect samples:

• {identify confusing facts with the correct identity; wrong supporting fact retrieval at later
steps} In an example, the question was “Where is the milk¿‘ and the supporting fact for the question
should be (inspected by us) “Daniel discarded the milk.“ and “Daniel journeyed to the bedroom.“.
In this example, ImReasoner correctly identifies “Daniel discarded the milk.“ at the first hop, but
wrongly retrieved “Daniel got the milk there.“ at the second hop, indicating it may not look for
Daniel’s location when identifying the second supporting fact but was instead still tracing "milk".

• {identify completely irrelevant PG19 texts; wrong supporting fact retrieval at early steps} In an
example, the question was “Where is the milk¿‘ and the supporting fact for the question should be
(inspected by us) “John dropped the milk.“ and “John went back to the bathroom.“ In this example,
ImReasoner was wrong from the first hop and identifies a PG19 line “If you’ll excuse the hint, that
old thing...“ Specifically, we double-checked that “John dropped the milk.“ was still among the
candidate supporting facts after the inference-time update in this case.

• {identify completely irrelevant PG19 texts; wrong supporting fact retrieval at early steps} In
an example, the question was “Where is the apple¿‘ and the supporting fact for the question should
be (inspected by us) “Sandra took the apple there.“ and “Sandra journeyed to the office.“ In this
example, ImReasoner retrieved a PG19 line “The pillar bears the following inscription, which you
may think“ at the first hop and identifies the correct (first) supporting fact “Sandra took the apple
there.“ at the second hop.

The above errors generally cover all the errors types we saw during our manual inspections, which
highlighted the difficulties in reasoning-in-a-haystack tasks and the increasing complexities in multihop
scenarios.
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