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Abstract

Long-term memory systems increasingly orga-
nize interaction histories hierarchically, with
coarse summaries, mid-level events, and fine-
grained evidence providing complementary sig-
nals. Yet after retrieval, these signals are often
collapsed into a single generation context and
used implicitly. We ask how retrieved hierar-
chical memory should shape generation after
access, framing it as a post-retrieval calibra-
tion problem. We propose HiR, a training-
free inference-time framework that contrasts
full-hierarchy decoding with a coarse-only ref-
erence view, preserving the complete hierar-
chy while tempering over-reliance on broad
abstractions. Extensive experiments and anal-
yses show that HiR enables more effective
and robust use of hierarchical memory with-
out changing memory construction or retrieval;
more broadly, our results suggest that mem-
ory research should consider not only what to
store or retrieve, but also how retrieved infor-
mation shapes generation. Code is available at
https://github.com/USTC-StarTeam/HiR.

1 Introduction

Memory is essential for turning large language
models from isolated prompt responders into
agents that can maintain continuity across interac-
tions (Lewis et al., 2020; Wang et al., 2023). How-
ever, useful memory is not a passive archive that
simply stores past observations and appends them
to the prompt; it requires accumulated information
to be maintained in a form that remains accessible,
compact, and relevant to future interactions (Zhong
et al., 2024; Packer et al., 2024; Gutiérrez et al.,
2025a; Chhikara et al., 2025). This challenge be-
comes especially pronounced in long-term settings,
where recent benchmarks show that even strong
LLMs and long-context models struggle to handle
information accumulated over long, evolving, and
multi-session histories (Maharana et al., 2024; Wu
et al., 2025; Hu et al., 2026a).

Existing work has mainly addressed this chal-
lenge from two perspectives. One line focuses
on memory construction: modern long-term mem-
ory systems organize past interactions into persis-
tent structures, including reflection-based memo-
ries over raw experiences (Park et al., 2023; Tan
et al., 2025), user profiles or preference memories
(Zhong et al., 2024; Chhikara et al., 2025), tiered
or archival memory stores (Packer et al., 2024),
graph-structured memories (Gutiérrez et al., 2025a;
Chhikara et al., 2025), and multi-granularity sum-
maries or abstraction layers (Tan et al., 2025; Sun
et al., 2026; Zhang et al., 2026; Cao et al., 2026).
Another line focuses on memory access and se-
lection: recent methods improve how systems sur-
face query-relevant evidence through retriever or
reranker optimization (Shi et al., 2024; Yu et al.,
2024), adaptive retrieval decisions based on uncer-
tainty, query complexity, or self-reflection (Jiang
et al., 2023; Asai et al., 2023; Jeong et al., 2024),
and routing over graph, timeline, or hierarchical
memories (Gutiérrez et al., 2025b; Tan et al., 2025;
Sun et al., 2026; Cao et al., 2026).

Together, these studies show that hierarchical
structure supports information organization and re-
trieval (Zhang et al., 2024; Hu et al., 2026b; Chen
et al., 2024a, 2026). However, retrieved memory
components are often collapsed into a generation
context and used implicitly by the generator (Hu
and Lu, 2025). This raises a complementary ques-
tion: should memory-augmented generation only
decide what information is present, or also calibrate
how strongly that information shapes the answer?

We answer this question by shifting the focus
from memory access to post-retrieval influence.
We propose HiR, an inference-time framework
that leaves memory construction and retrieval un-
changed, but calibrates how the retrieved hierarchy
guides generation. HiR is motivated by the dual
role of coarse memory: it provides useful global
context, but may also act as a high-level prior that
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1. Hierarchical Memory Retrieval 2. Scoring with Full vs. Coarse Memory 3. Adaptive Calibration for Decoding
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Figure 1: Overview of HiR. Given retrieved multi-level memory, HiR forms a full-hierarchy view and a coarse-only
reference view. The same frozen answer model produces decoding signals under both views, and HiR calibrates
the full-view preference by subtracting an adaptively weighted coarse-view signal. This preserves access to the
complete hierarchy while controlling the influence of broad coarse-level memory during generation.

pulls the model toward broad or underspecified
answers. To control this influence, HiR contrasts
full-hierarchy decoding with a coarse-only refer-
ence view, tempering coarse-level signals while
preserving the complete hierarchy. This yields a
training-free mechanism for graded memory uti-
lization without modifying the generation model.

Experiments across two long-term memory
benchmarks and five open-source LLMs show that
HiR improves over baselines in most settings, high-
lighting the value of post-retrieval calibration. Ad-
ditional controlled analyses show that HiR remains
robust across hierarchy organizations and retrieval
backends, suggesting that its benefits are not tied to
a specific memory construction or retrieval setting.
Our contributions can be summarized as follows:

• Post-Retrieval Memory Calibration: We intro-
duce a new perspective on hierarchical memory
utilization, shifting memory-augmented genera-
tion from retrieval decisions to calibrating how
retrieved memory influences generation.

• The HiR Framework: We propose HiR, a
training-free inference-time framework that con-
trasts full-hierarchy decoding with a coarse-
only reference, tempering broad memory signals
while preserving the complete hierarchy.

• Empirical Validation: We evaluate HiR across
benchmarks, LLMs, retrievers, and memory vari-
ants, showing gains over full-hierarchy prompt-
ing in most settings and providing controlled
analyses of its robustness and design choices.

2 Method

2.1 Preliminaries: Hierarchical Memory
Recent long-term memory systems increasingly
adopt hierarchical organizations of past interac-
tions, maintaining information at multiple levels
of abstraction (Maharana et al., 2024). Formally,
let D = {Dc,Dm,Df} denote a hierarchical mem-
ory store, where Dc, Dm, and Df correspond to
coarse-level, mid-level, and fine-grained memories,
respectively. Coarse memories capture global sum-
maries, profiles, or high-level temporal context;
mid-level memories capture sessions, events, or
local episodes; and fine memories preserve raw dia-
logue turns or fine-grained observations. These lev-
els trade off coverage and specificity: higher levels
provide compact global context, while lower levels
retain more localized evidence. Given a query q,
an existing retriever or memory system surfaces a
query-specific hierarchy Mq = {Mc

q,Mm
q ,Mf

q },
where Mℓ

q ⊆ Dℓ. HiR takes this retrieved hierar-
chy as input and studies how it should influence
generation, without assuming a particular memory
construction or retrieval algorithm.

2.2 Full–Coarse Views
Given the retrieved hierarchy Mq, HiR forms two
memory-conditioned views. The full view exposes
all retrieved levels to the answer model:

Cfull(q) = [Mc
q;Mm

q ;Mf
q ].

The coarse view keeps only the high-level memory:

Ccoarse(q) = [Mc
q].
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These two contexts define the full-hierarchy and
high-level-only views used below.

We use the same frozen answer model under
both views. At decoding step t, conditioned on
the generated prefix y<t, the model produces two
log-probability vectors over the vocabulary V:

ℓ t
full = log softmax(fθ(q, Cfull(q), y<t)) ,

ℓ t
coarse = log softmax(fθ(q, Ccoarse(q), y<t)) .

Here, fθ denotes the frozen answer model’s next-
token scoring function, and ℓ tfull(v) and ℓ tcoarse(v)
denote the log-probabilities assigned to token v ∈
V under the full and coarse views, respectively.
The full-view distribution captures the model’s de-
coding preference when the hierarchy is available,
while the coarse-view distribution captures the pref-
erence induced by high-level memory alone.

2.3 Calibrated Hierarchical Decoding
Given the full-view and coarse-view decoding sig-
nals, HiR calibrates the final token preference by
contrasting the full-memory log-probability with a
weighted coarse-memory reference:

St
HiR(v) = ℓ tfull(v)− αtℓ

t
coarse(v), v ∈ V.

Here, St
HiR(v) is a calibrated decoding score rather

than a normalized log-probability. The coarse-view
log-probability is used only as a reference term in
this score, estimating the token preference induced
by high-level memory alone.

The coefficient αt is adapted at each decoding
step according to the entropy gap between the two
memory-conditioned distributions:

∆Ht = H(ptcoarse)−H(ptfull),

αt = gα0(∆Ht).

Here, ptfull = exp(ℓ t
full), p

t
coarse = exp(ℓ t

coarse),
H(p) = −∑︁

v∈V p(v) log p(v), and gα0 is a
bounded monotonic mapping with base strength
α0. This step-wise coefficient lets HiR adjust the
calibration strength locally during decoding rather
than using a fixed global penalty. When the full hi-
erarchy yields a sharper distribution than the coarse
view, ∆Ht becomes positive and HiR applies a
stronger correction against coarse-only preferences.
When the full view is less decisive, the correction
is reduced. The calibrated scores St

HiR replace the
original full-view log-probabilities in standard de-
coding, requiring no training and no modification
to the underlying generation model.

Dataset Model NoMem Flat Full HiR

L
oC

oM
o

Qwen3.5-4B 8.9 34.1 35.6 40.8
Qwen3.5-9B 9.2 35.9 39.8 45.1
Qwen3.5-27B 6.8 31.9 34.5 41.3
Qwen3-8B 12.9 41.9 45.6 47.8
Llama3.1-8B 4.2 38.8 45.6 46.4

L
on

gM
em

Qwen3.5-4B 8.0 47.8 47.2 48.2
Qwen3.5-9B 9.8 50.6 50.0 51.2
Qwen3.5-27B 11.6 58.4 60.2 59.4
Qwen3-8B 11.8 47.0 46.4 50.4
Llama3.1-8B 8.2 48.6 48.0 49.6

Table 1: Main results on LoCoMo and LongMemEval-
s, reported as percentages, where bold values indicate
the best result in each row and FULL denotes the full
hierarchy without HiR calibration.

3 Experiments

3.1 Experimental Setup

Benchmarks. We evaluate HiR on LoCoMo (Ma-
harana et al., 2024) and the LongMemEval-s
split (Wu et al., 2025), two long-term memory
QA benchmarks. For LoCoMo, we follow the
open-ended QA protocol and report token-level
F1. For LongMemEval-s, we follow the official
LLM-judge prompt and report judge accuracy us-
ing GPT-5-mini as the evaluator. For both bench-
marks, we organize retrieved evidence into coarse,
mid, and fine memory contexts; dataset-specific
construction details are provided in Appendix A.
Models. We conduct the experiments on five
open-source instruction-tuned LLMs, including:
Qwen3.5-4B, Qwen3.5-9B, Qwen3.5-27B (Qwen
Team, 2026), Qwen3-8B (Yang et al., 2025), and
Llama3.1-8B-Instruct (Grattafiori et al., 2024).
These models cover different sizes and families.
Baselines. We compare HiR with three memory-
use baselines: no_memory, which answers without
retrieved memory; flat_raw, which uses raw ev-
idence without explicit hierarchy and tree_full,
which exposes the full coarse/mid/fine hierarchy
without calibration. HiR uses the same full hi-
erarchy as tree_full, but applies full-vs-coarse
calibration during decoding. We further analyze
level-only and level-combination variants.

3.2 Main Results

HiR improves full-hierarchy prompting. Table 1
shows that HiR improves over the uncalibrated
FULL baseline on all five LoCoMo models, with an
average gain of 4.1 F1 points. The gains span differ-
ent Qwen sizes, Qwen generations, and Llama3.1,
suggesting that HiR is not tied to a single architec-

41074



Model Coarse Mid Fine M+F Full HiR

Qwen3.5-4B 7.7 24.2 34.9 37.2 35.6 40.8
Qwen3.5-9B 7.8 25.7 36.9 39.9 39.8 45.1
Qwen3.5-27B 7.5 22.9 34.0 36.3 34.5 41.3
Qwen3-8B 10.0 30.1 40.6 44.7 45.6 47.8
Llama3.1-8B 9.3 31.3 39.1 45.0 45.6 46.4

Table 2: LoCoMo level-context analysis. Scores are
percentages; best results are bolded.

ture or scale. Qwen3.5-27B has a relatively low ab-
solute LoCoMo F1 because it often appends short
explanatory phrases, reducing lexical overlap with
the reference despite preserving the intended an-
swer. On LongMemEval-s, HiR achieves the best
result on four of five models and improves over
FULL by 1.4 points on average, indicating gener-
ally positive but more model-sensitive behavior.

Coarse memory is useful but needs calibra-
tion. Table 2 examines how different memory
granularities contribute to LoCoMo performance.
Single-level contexts are consistently weaker than
FULL and HiR, showing that hierarchical mem-
ory provides complementary signals across lev-
els. Removing coarse memory with M+F some-
times improves over FULL, suggesting that uncal-
ibrated coarse context can interfere, but it never
matches HiR. Moreover, FULL outperforms M+F
for Qwen3-8B and Llama3.1-8B, indicating that
coarse memory also provides useful global signal.
Thus, HiR improves not by discarding coarse mem-
ory, but by preserving the full hierarchy while cali-
brating coarse-level influence during decoding.

3.3 Discussion and Analysis

To understand when and why HiR works, we run
controlled analyses on Qwen3.5-9B and LoCoMo
from three perspectives: penalty sensitivity, re-
triever/hierarchy robustness, and alternative level
reweighting. Detailed experiment settings and re-
sults are provided in Appendix B.

Adaptive calibration avoids manual penalty
tuning. We first examine how fixed coarse-penalty
strength affects calibration. As shown in Figure 2,
fixed penalties exhibit a clear rise-and-fall pat-
tern: moderate penalties improve over FULL, while
overly large penalties suppress useful global con-
text and sharply degrade performance. This trend
indicates that coarse-memory calibration is ben-
eficial, but the penalty must be chosen carefully.
We find that the adaptive variant matches the best
performance without manually searching over α,
serving as a practical tuning-free default.

HiR remains robust across retrieval and hi-
erarchy choices. We next examine whether the
gain persists under different retrieval backends
and hierarchy interfaces. Replacing the default
lexical retriever with BM25, BGE-M3 dense re-
trieval (Chen et al., 2024b), or BM25 retrieval
followed by BGE-reranker-v2-m3 reranking im-
proves absolute scores, but HiR remains above the
matched FULL baseline in every retriever setting
(Appendix B.2; Table 4). We also test a LoCoMo-
native artifact hierarchy instead of the standard hi-
erarchy used in the main table, and observe the
same qualitative trend: HiR improves over the
matched native FULL baseline (Appendix B.3; Ta-
ble 5). These checks suggest that HiR acts as a
post-retrieval calibration method rather than an arti-
fact of a particular retriever or hierarchy interface.

What makes the coarse reference useful? Fi-
nally, we test three alternative explanations for
HiR’s gain (Appendix B.4; Table 6). (i) Does level-
aware suppression help beyond coarse memory?
Penalizing mid-level memory or jointly penaliz-
ing mid and coarse memory also improves over
FULL, confirming the value of level-aware calibra-
tion. However, both remain below HiR, suggesting
that coarse-reference calibration is the strongest
instantiation. (ii) Is HiR just increasing reliance
on fine evidence? Directly boosting fine memory
gives almost no gain, and naively mixing coarse,
mid, and fine component scores performs poorly.
(iii) Is coarse memory merely a bad prior? Replac-
ing the coarse reference with a no-memory prior is
also weaker, showing that the benefit does not come
from subtracting an arbitrary background distribu-
tion. Together, these results suggest that coarse
memory is a meaningful high-level reference: use-
ful enough to keep, but important to calibrate.

4 Conclusion

We introduced HiR, a training-free approach for
post-retrieval calibration of hierarchical memory.
By contrasting full-hierarchy decoding with a
coarse-only reference view, HiR preserves the com-
plete memory context while explicitly controlling
broad high-level influence. Experiments and con-
trolled analyses show that HiR improves hierarchi-
cal memory utilization and remains robust across
key retrieval, hierarchy, and variant choices. These
results highlight graded memory influence as a use-
ful and complementary perspective for long-term
memory-augmented generation.
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Limitations

Our work has three main scope limitations. First,
part of our central contribution is a new perspective
on hierarchical memory utilization: retrieved mem-
ory should be calibrated in how it influences gener-
ation, rather than only selected or discarded. HiR
operationalizes this perspective through a simple
decoding-time full-vs-coarse calibration, but this is
only one possible realization. Other designs, such
as learned level controllers, training-time memory-
use objectives, or retriever-side influence estima-
tion, may further expand this direction. Second,
HiR assumes that a multi-level memory interface
is already available. This assumption is aligned
with recent long-term memory systems, where in-
teraction histories are commonly organized as raw
evidence, session/event summaries, profiles, time-
lines, or other structured abstractions. Our work
treats such memory structures as the input interface
and focuses on their generation-time utilization.
Memory ingestion, summarization, updating, and
retrieval optimization are important but orthogonal
problems outside the scope of this paper. Third,
HiR requires an additional coarse-view forward
pass during decoding. This increases inference cost
compared with direct full-context prompting and
requires access to token-level probabilities, which
may limit direct deployment in black-box API set-
tings.
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A Hierarchical Memory Construction

Overview. Hierarchical or multi-granularity orga-
nization has become a common interface for long-
term memory systems, where the same interaction
history may be represented simultaneously as raw
turns, local events, session summaries, timelines,
user profiles, or higher-level abstractions. Our ex-
periments adopt this interface rather than proposing
a new memory construction algorithm. Specifi-
cally, we map the memory artifacts available in
each benchmark into a shared coarse/mid/fine for-
mat: coarse memory provides broad temporal or
session-level background, mid-level memory cap-
tures localized events or session summaries, and
fine memory retains directly grounded evidence
such as dialogue turns, observations, or raw facts.
This unified hierarchy allows us to study HiR’s
target question consistently across datasets: once
multi-granularity memory has been surfaced to the
generator, how should its influence on generation
be calibrated?

LoCoMo. LoCoMo contains long conversational
histories together with structured artifacts such
as dialogue turns, observations, and session- or
event-level summaries. We use these native ar-
tifacts to organize memory into the three levels
used in our experiments. The coarse level con-
tains broad session-level or timeline-level context;
the mid level contains localized session or event
summaries; and the fine level contains raw dia-
logue turns, observations, and other fine-grained
evidence. Importantly, LoCoMo does not prescribe
a single official coarse/mid/fine retrieval tree. Our
hierarchy is therefore an experimental organization
of the dataset’s native artifacts, designed to pro-
vide a unified interface for studying hierarchical
memory utilization.

LongMemEval-s. LongMemEval-s does not pro-
vide the same explicit three-level memory artifacts
as LoCoMo. To enable comparable evaluation, we
construct an analogous hierarchy from its available
session, round, turn, and timestamp structure. The
coarse level represents broad temporal or session-
level context, the mid level groups evidence at the
session or event scale, and the fine level consists of
raw turns or other directly relevant textual evidence.
This construction is intended to match the same
coarse/mid/fine interface used for LoCoMo, rather
than to introduce a new dataset-specific memory
algorithm.

Retrieval and organization. Unless otherwise
specified, our main experiments use a default
lexical retriever to select query-relevant memory
evidence. We then organize the retrieved evi-
dence into the coarse, mid, and fine memory con-
texts described above. This retrieval setup has
two separate components: the retriever used to
score evidence, and the search scope used for fine-
grained evidence. In the main setting, we use
leaf_session_mode=global: fine-grained evi-
dence is retrieved from the global pool of available
turns, observations, or raw facts, and the selected
items are then grouped back into the corresponding
session or event structure. This differs from a top-
down-style setting, where the system first selects
a small set of mid-level sessions and searches for
fine-grained evidence only inside those selected
sessions. We study alternative retrievers, including
BM25, dense retrieval, and reranking variants, in
Appendix B.2.

Pilot comparison of leaf retrieval scopes. We
conducted an early LoCoMo pilot to compare the
two fine-grained retrieval scopes. In the selected
mode, fine evidence is retrieved only within the
sessions selected by mid-level retrieval, approxi-
mating a top-down search. In the global mode, fine
evidence is retrieved globally from observations
and dialogue turns, and the retrieved items are then
grouped back into the hierarchy. This pilot used an
MC-style accuracy metric rather than the official
QA F1 used in our main experiments.

Model Selected leaf Global leaf ∆

Qwen2.5-1.5B 0.8233 0.8533 +0.0300
Qwen2.5-7B 0.8267 0.8783 +0.0516
Qwen3-1.7B 0.8683 0.9067 +0.0384
Qwen3-8B 0.8467 0.8950 +0.0483

Table 3: Pilot comparison of selected versus global
leaf retrieval scopes on LoCoMo. Scores are MC-style
accuracy from an early pilot and are used only to justify
the default retrieval scope.

These results motivated our default
leaf_session_mode=global setting: retrieving
fine-grained evidence globally was more robust
than first narrowing the search space by mid-level
sessions.

Prompting across baselines. All baselines use
the same answer model and the same base
prompt format whenever possible. They differ
primarily in the memory context exposed to the
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Figure 2: Fixed-alpha sweep on LoCoMo with Qwen3.5-
9B. The solid curve shows fixed coarse penalties, while
the dashed line shows adaptive HiR. Moderate fixed
penalties improve over FULL, but overly large penalties
sharply degrade performance. Adaptive HiR matches
the best rounded fixed-alpha performance while avoid-
ing manual coefficient tuning.

model. no_memory provides no retrieved memory.
flat_raw provides retrieved raw or fine-grained
evidence without an explicit hierarchy. tree_fine
provides only fine-level memory. tree_full pro-
vides the full coarse/mid/fine hierarchy. HiR uses
the same full hierarchical context as tree_full,
but additionally runs a coarse-only reference view
during decoding to calibrate the influence of high-
level memory.

B Additional Controlled Analyses

This section provides the controlled analyses dis-
cussed in Section 3.3. Unless otherwise stated, all
experiments use Qwen3.5-9B on LoCoMo under
the official open-ended QA protocol with token-
level F1. We keep the answer model, prompt for-
mat, generation setting, and evaluation protocol
fixed, and vary one factor at a time: the penalty
coefficient, retrieval backend, hierarchy interface,
or calibration variant.

B.1 Fixed-Alpha Sweep

We first study how sensitive coarse-reference cali-
bration is to the penalty strength. For a fixed coeffi-
cient α, we decode with

St(v) = ℓ tfull(v)− αℓ tcoarse(v),

where α = 0 corresponds to the uncalibrated FULL

baseline. We sweep α from 0.0 to 0.9 and compare
the resulting curve with the adaptive HiR variant.

Retriever Full HiR ∆

Default 39.8 45.1 +5.2
BM25 41.4 45.2 +3.9
BGE-M3 Dense 41.7 47.5 +5.8
BM25+BGE-reranker 44.0 48.8 +4.8

Table 4: Retriever robustness on LoCoMo with
Qwen3.5-9B. Scores are token-F1 percentages, and ∆
denotes HiR minus the matched FULL baseline under
the same retriever. BGE-M3 dense uses the BGE-M3
embedding model, while BM25+BGE-reranker first re-
trieves candidates with BM25 and then reranks them
with BGE-reranker-v2-m3.

Figure 2 shows a clear rise-and-fall pattern. Mod-
erate fixed penalties improve over FULL, confirm-
ing that calibrating coarse-level influence is benefi-
cial. However, large penalties substantially reduce
performance, indicating that coarse memory also
carries useful global context and should not be over-
suppressed. Adaptive HiR reaches the best rounded
performance without manually selecting α, making
it a practical tuning-free default.

B.2 Retriever Robustness
We next evaluate whether HiR remains effective
when the retrieval backend changes. Starting from
the default lexical retriever, we compare BM25,
BGE-M3 dense retrieval (Chen et al., 2024b),
and BM25 retrieval followed by BGE-reranker-v2-
m3 reranking. For each retriever, we report the
matched FULL baseline and HiR under the same
hierarchy, prompt, and decoding setup; only the
retrieval backend is changed.

Table 4 shows that stronger retrievers improve
absolute performance for both FULL and HiR. Im-
portantly, HiR remains above the matched FULL

baseline under every retriever. This supports the
view that HiR improves post-retrieval memory uti-
lization rather than compensating for a weak or
idiosyncratic retriever.

B.3 LoCoMo-Native Hierarchy
We further evaluate whether HiR depends on the
standard hierarchy organization used in the main
experiments. To do so, we construct an alter-
native hierarchy directly from LoCoMo’s native
structured artifacts and evaluate HiR under this
LoCoMo-native hierarchy. This setting uses a dif-
ferent hierarchy interface from the main table, so
the key comparison is matched within the same
interface: NATIVE FULL versus NATIVE HIR.

Table 5 shows that HiR also improves over the
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Method Score ∆

Native Coarse 23.8 -13.5
Native Mid 29.6 -7.6
Native Fine 27.7 -9.6
Native Full 37.2 +0.0
Native HiR 38.3 +1.1

Table 5: LoCoMo-native hierarchy results with
Qwen3.5-9B. Scores are token-F1 percentages, and ∆
is relative to the matched NATIVE FULL baseline.

matched NATIVE FULL baseline. This result in-
dicates that the benefit of HiR is not tied to the
standard heuristic hierarchy used in the main ex-
periments. Rather, HiR operates on the surfaced
multi-level memory interface and calibrates how
that hierarchy influences generation. Together with
the retriever analysis above, this supports the claim
that HiR is robust to both retrieval and hierarchy
choices.

B.4 Alternative Calibration Variants

Finally, we compare HiR with representative cal-
ibration and reweighting variants to clarify what
role the coarse reference plays. All experiments
in this subsection use the standard heuristic hier-
archy with leaf_session_mode=global. The re-
triever, prompt format, hierarchy construction, an-
swer model, and decoding setup are kept identical
to the main LoCoMo experiments, so the compar-
ison isolates the effect of changing the decoding-
time calibration rule.

At decoding step t, let ℓtfull, ℓ
t
c, ℓ

t
m, ℓtf , and ℓt∅

denote the log-probability vectors produced by the
same frozen answer model under the full hierarchy,
coarse-only, mid-only, fine-only, and no-memory
views, respectively. The uncalibrated FULL base-
line uses

St
Full(v) = ℓtfull(v).

HiR uses the coarse-only view as a reference:

St
HiR(v) = ℓtfull(v)− α

(c)
t ℓtc(v),

where α
(c)
t is the step-wise adaptive coefficient

defined in Section 2.3. For variants that replace
the reference view, we use the analogous notation
α
(r)
t = gα0(H(ptr)−H(ptfull)), where r ∈ {m,∅}.
We organize the alternatives around three ques-

tions. First, does level-aware suppression help be-
yond coarse memory? We test mid-level penalties
and joint mid+coarse penalties. Second, is HiR sim-
ply increasing reliance on fine evidence? We test

direct fine boosting and direct coarse/mid/fine com-
ponent mixing. Third, is coarse memory merely a
bad prior? We test replacing the coarse reference
with a no-memory reference. For each variant fam-
ily, we report a representative or best-performing
configuration rather than all swept hyperparame-
ters.

Table 6 shows that several level-aware variants
improve over FULL, confirming that calibration of
memory influence is useful. However, the strongest
performance comes from using the coarse view as
the reference. Fine boosting gives little improve-
ment, and direct coarse/mid/fine component mixing
performs poorly, indicating that HiR is not simply
increasing reliance on fine-grained evidence. Re-
placing the coarse reference with a no-memory
prior is also weaker, showing that the gain does not
come from subtracting an arbitrary background dis-
tribution. These results support the interpretation
that coarse memory provides a meaningful high-
level reference: it is useful enough to keep, but
important to calibrate.

C Potential Risks

This work studies how language models use long-
term and hierarchical memory during generation.
Although our experiments are conducted on pub-
lic benchmarks, similar techniques may be applied
to systems that store user-specific or sensitive in-
formation. Such applications introduce potential
privacy risks if memory is collected, retained, or
retrieved without appropriate consent and access
control. In addition, improving memory utilization
may also amplify incorrect, outdated, or biased
memories if the underlying memory store is not
properly maintained. We therefore recommend that
practical deployments of long-term memory sys-
tems include explicit user consent, data minimiza-
tion, memory editing and deletion mechanisms, and
safeguards for auditing retrieved evidence before
final generation.

D AI Usage

We used LLMs only for language polishing and as-
sisting with parts of code implementation. The core
research idea, experimental design, paper structure,
and initial manuscript were developed by the hu-
man authors. All experimental results were pro-
duced and verified by the authors, and the authors
take full responsibility for the claims, analyses, and
conclusions presented in this paper.
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Variant Decoding rule Score ∆ Interpretation

FULL St(v) = ℓtfull(v) 39.8 +0.0 Full hierarchy without calibration
Adaptive Fine boost St(v) = ℓtfull(v) + α ℓtf (v) 39.9 +0.1 Directly emphasizing fine evidence

gives little gain
Adaptive mid penalty St(v) = ℓtfull(v)− α

(m)
t ℓtm(v) 42.0 +2.2 Penalizing mid-level memory helps

less than HiR
Adaptive mid+coarse penalty St(v) = ℓtfull(v)− α ℓtm(v)− β ℓtc(v) 44.0 +4.2 Jointly suppressing upper levels

helps, but remains below HiR
Uniform CMF St(v) = 1

3

(︁
ℓtc(v) + ℓtm(v) + ℓtf (v)

)︁
21.8 -18.0 Direct component mixing is unsta-

ble
Adaptive no-memory penalty St(v) = ℓtfull(v)− α

(∅)
t ℓt∅(v) 41.9 +2.1 Generic prior subtraction is weaker

than using coarse memory
Adaptive HiR St(v) = ℓtfull(v)− α

(c)
t ℓtc(v) 45.1 +5.2 Coarse-reference calibration

Table 6: Representative alternative calibration variants on LoCoMo with Qwen3.5-9B. Scores are token-F1 percent-
ages. Displayed scores are rounded to one decimal, and ∆ is computed from unrounded scores relative to FULL.
For variants labeled “Best”, α or (α, β) denotes the best-performing fixed coefficient(s) found in the corresponding
sweep.

E Reproducibility Statement

Datasets. Our experiments use two long-term
memory QA benchmarks. For LoCoMo, we eval-
uate on 1,542 open-ended QA examples. For
LongMemEval-s, we evaluate on the 500-example
split following the official LLM-judge protocol.
Dataset-specific hierarchy construction details are
provided in Appendix A.

Computational resources. All experiments were
conducted on a local workstation equipped with
two NVIDIA RTX 5090 GPUs. Including prelimi-
nary exploration, ablation studies, reruns, and the
final experiments reported in the paper, the full ex-
perimental process took approximately four weeks
on this two-GPU setup.

Determinism. To improve reproducibility, we set
the temperature to 0 during both answer generation
and LLM-based evaluation. Thus, all open-ended
generations and judge calls use deterministic decod-
ing whenever supported by the underlying model
or API. We also use fixed prompts, fixed retrieved
memory contexts, and fixed evaluation splits for all
reported comparisons.

API-based evaluation. Since LongMemEval-s
relies on API-based LLM judging, we additionally
evaluated the same predictions with Qwen3.5-Plus
using the same judge prompt and temperature-0
setting. The scores and trends are similar to the
GPT-5-mini results reported in the main table, sug-
gesting that our conclusions are not tied to a single
evaluator model.
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