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Abstract

In episodic memory with natural language queries (EM-
NLQ), a user may ask a question (e.g., “Where did I place
the mug?”) that requires searching a long egocentric video,
captured from the user’s perspective, to find the moment
that answers it. However, queries can be ambiguous or
incomplete, leading to incorrect responses. Current meth-
ods ignore this key aspect and address EM-NLQ in a one-
shot setup, limiting their applicability in real-world sce-
narios. In this work, we address this gap and introduce
the Episodic Memory with Questions and Feedback task
(EM-QnF). Here, the user can provide feedback on the
model’s initial prediction or add more information (e.g.,
“Before this. I'm looking for the big blue mug not the
white one”), helping the model refine its predictions inter-
actively. To this end, we collect datasets for feedback-based
interaction and propose a lightweight training scheme that
avoids expensive sequential optimization. We also intro-
duce a plug-and-play Feedback ALignment Module (FALM)
that enables existing EM-NLQ models to incorporate user
feedback effectively. Our approach significantly improves
over the state of the art on three challenging benchmarks
and is better than or competitive with commercial large
vision-language models while remaining efficient. Evalu-
ation with human-generated feedback shows that it gen-
eralizes well to real-world scenarios. Project: https:
//nsubedill.github.io/refocus.

1. Introduction

Episodic Memory with Natural Language Query (EM-
NLQ) retrieves specific moments from a person’s past vi-
sual experiences, such as wearable-camera video, using
free-form text questions [7]. For example, a user might ask,
“What did I put in the frying pan?” (Fig. 1), and the model
must identify the exact moment in the video that answers
the question. By enabling on-demand “visual recall,” such
systems can help users recover forgotten details, review past
actions, and support embodied agents or assistive technolo-
gies in tasks such as safety checks, finding misplaced items,
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Query
ﬁ What did I put in the frying pan?

Ground Truth

Incorrect Prediction
—>

User

Feedback
ﬁ No, I meant before this moment, when I started cooking.

Correct Prediction
e —

Figure 1. We introduce the interactive episodic memory with user
feedback task (EM-QnF) to address ambiguous queries and model
errors. Given an initial query and an incorrect model prediction
(top), the user refines the query through natural language feed-
back, either by referring to the model’s prediction or by providing
additional information (middle). The model then uses the joint
context of the query, prediction, and feedback to shift its focus to-
ward relevant moments in the video that better align with the user’s
intent (bottom) to find the correct answer.

and retracing work steps.

EM-NLQ remains very challenging. Egocentric videos
are often long and untrimmed, making short answer seg-
ments difficult to find. The first-person viewpoint also in-
troduces difficulties such as rapid head movements, mo-
tion blur, and occlusions. In addition, models must process
long video histories efficiently while remaining lightweight
enough for resource-constrained devices.

Recent work has focused on improving performance [5,
10, 11, 21, 23, 27], efficiency [23, 27, 32], and generaliza-
tion with limited training data [31]. However, a key aspect
remains underexplored: user queries are often ambiguous,
and real interactions are inherently iterative. In practice,
users may refine their questions and provide feedback after
seeing an incorrect prediction. For example, as shown in
Fig. 1, a user might respond, “No, I meant before this mo-
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ment, when I started cooking.” Current EM-NLQ models
cannot leverage such feedback, missing the chance to refine
their predictions and better match the user’s intent.

Large Vision-Language Models (LVLMs) appear to be
natural candidates for addressing the interactive aspect of
EM-NLQ, since they build on language models designed for
dialogue, instruction following, and user alignment. How-
ever, in practice, current LVLMs fall short of this promise.
As our results show, fine-tuning these models for video un-
derstanding reduces their ability to respond effectively to
user feedback. Additionally, their reliance on large vision-
language backbones makes them highly resource-intensive
and slow, which limits their practicality for fast or on-device
episodic memory applications.

In this work, we take a first step toward addressing
the underexplored problem of interactivity and feedback
in EM-NLQ. We introduce the Episodic Memory with
Questions and Feedback task (EM-QnF) and construct new
datasets for feedback-based episodic memory interaction,
together with a training scheme that avoids costly sequential
training with feedback. We also propose ReFocus, which
integrates our novel plug-and-play Feedback ALignment
Module (FALM) with a variety of existing EM-NLQ mod-
els, enabling them to process and respond to user feedback
efficiently and effectively. Unlike prior approaches that
treat queries as fixed, one-shot inputs, ReFocus allows mod-
els to refine their predictions based on user corrections or
clarifications, bringing EM-NLQ closer to the natural way
humans seek information about past experiences.

Our approach significantly improves both the perfor-
mance and scalability of EM-NLQ models in interactive
settings. Through extensive experiments on three challeng-
ing benchmarks, our method achieves state-of-the-art per-
formance and shows consistent gains across different EM-
NLQ models and diverse evaluation settings. Finally, we
validate the effectiveness and practicality of our approach
through human-based feedback evaluations and compar-
isons with commercial multimodal LLMs, showing that our
model can effectively incorporate real user feedback to pro-
duce more accurate and better aligned responses.

2. Related Works

Episodic Memory with Natural Language. This task
requires localizing a response to a query within a long
egocentric video. Early work adapted moment localiza-
tion methods to this setting, establishing strong baselines
(e.g., 2D-TAN [46], VSLNet [44]). Subsequent meth-
ods incorporated multiscale representations to handle the
wide variation in response durations [11] or used object-
centric features to capture a broader range of objects [5].
To address the scarcity of labeled data, some approaches
leveraged more readily available supervision such as narra-
tions [31] or adapted video-text contrastive learning to ego-

centric videos [21]. Other works [10, 23, 27, 32] focused on
improving the efficiency and accuracy of EM-NLQ models.

However, all previous EM-NLQ methods localize the
query in a one-shot manner and therefore cannot handle
query ambiguity or model errors. In contrast, we propose
an interactive episodic memory search setting that allows
users to provide feedback to help the model refine its pre-
diction and identify the correct response.

Large Vision-Language Models. Large Vision-
Language Models (LVLMs) [1, 3, 16, 17, 22, 45] possess
broad visual knowledge and excel at visual-linguistic
reasoning and spatial understanding. However, these
methods often struggle with time-sensitive video tasks such
as temporal localization, especially in long videos. Many
works [2, 13, 14, 24, 33, 43] have proposed solutions to
improve the alignment between video semantics and their
corresponding timestamps for such tasks. For example,
TimeChat [33] introduces timestamp-aware video repre-
sentations for temporal grounding, UniTime [20] proposes
a multi-stage inference strategy for moment localization
in long videos, and ChatVTG [30] explores training-free
temporal grounding with LVLMs.

Despite strong performance on some of these tasks,
these methods remain computationally expensive and, as we
show in our experiments, fail to generalize well or retain
their instruction-following ability when adapting to user
feedback. Instead, we propose a plug-and-play feedback
alignment module that enables EM-NLQ models to effec-
tively use user feedback, leading to significant performance
improvements while keeping computational cost low.

Localization with Textual Feedback. Utilizing human
or synthetically generated feedback has been shown to ef-
fectively improve model capabilities across language rea-
soning [25, 42, 47] and visual understanding [18]. Different
forms of feedback have been explored, including regions
for segmentation [40], clicks for preference learning [47],
and timestamps for temporal grounding [4, 20]. Among
these, language feedback remains one of the richest and
most user-friendly ways to refine predictions at inference
time [8, 15, 26, 41] and to finetune models [42]. Closely re-
lated work also appears in localization within navigational
environments [9, 37], where a locator tries to find an ob-
server in an indoor environment, and the observer provides
natural language feedback to guide the search.

However, to the best of our knowledge, textual feed-
back has not yet been shown to be effective for EM-NLQ.
In this work, we propose an approach that leverages tex-
tual feedback to resolve localization ambiguities caused by
large search spaces and imprecise user queries in egocentric
videos. We further propose a feedback generation recipe
that enables training at scale without expensive manual an-
notation, while still generalizing well to human feedback.
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3. Episodic Memory with User Feedback

Our work is the first to explore the interactive aspect of
EM-NLQ by enabling models to refine their predictions
based on user feedback. We first formally define this new
task (Sec. 3.1), then describe an effective procedure for
generating feedback data for training models in this set-
ting (Sec. 3.2). Finally, we introduce Feedback ALignment
Module (FALM), a plug-and-play module that can be seam-
lessly integrated into existing EM-NLQ models, allowing
them to process and respond to user feedback (Sec. 3.3).

3.1. Task Definition

We introduce the Episodic Memory with Questions and
Feedback task (EM-QnF). Unlike EM-NLQ, which an-
swers a natural language query in a one-shot manner, EM-
QnF extends the task by allowing users to provide natural
language feedback that guides the model toward a more ac-
curate prediction. The goal is to enable EM-NLQ models
to iteratively refine their responses based on user feedback
and prior outputs.

Formally, given an egocentric video V and a natural lan-
guage query Q, the objective is to identify the video seg-
ment R? € V that answers O, where R = [t,t.] de-
notes the temporal window of the response defined by its
start and end times. An EM-NLQ model produces an initial
prediction R, which may be incorrect due to query ambi-
guity, missing context, or model error. The user then pro-
vides feedback F7, a natural language statement containing
additional or contrastive information relative to /Ry. The
model integrates F; in the context of (V, Q,Rq) to gen-
erate a refined prediction Ry # R;. This interactive pro-
cess continues over multiple rounds, producing a sequence
of responses {R1,...,R,} and feedbacks {Fi,...,Fn}
until the final response R,, matches the correct answer,
R, = RI. Without loss of generality, we refer to the
current model prediction at step i as the reference span
R7, which the user provides feedback on, and focus on the
single-turn case in the following sections. We provide an
extension to the multi-turn scenario in Sec. 3.3.

3.2. A Recipe for User Feedback Generation

To the best of our knowledge, no publicly available dataset
currently supports the EM-QnF task. Collecting real user
feedback is costly and time-consuming, as it requires hu-
man annotators to watch long egocentric videos and write
meaningful feedback for incorrect model predictions.

To address this limitation, we propose a synthetic feed-
back generation recipe that produces useful and realistic
feedback data from existing EM-NLQ datasets, effectively
turning them into EM-QnF datasets. Our recipe, shown in
Fig. 2, has four main steps: (1) reference span sampling,
(2) caption generation for the sampled clips, (3) explanation
generation for response span and (4) feedback construction.

) l e T l Where is the electric kettle?(Q)

Response Span(R?)
| —

[ l 2 L1
9 Span Span (3) Response Span
(2)] oo SPan Canbon: .
aptioning aptioning Explanation
I I i

Feedback Example Feedback
(4) Generation I'm[looking for the electric kettle which is white and cylindrical|not|
the black rice cooker|shown here. I think I(used it after this moment)

(5) Clauses Extraction
C i Not C; i Temporal
[White, cylindrical electric kettle] [Black rice cooker]

Figure 2. Our feedback generation recipe. For a query Q and
ground-truth response span R?, (1) we sample a reference span
RY, then (2) collect captions describing each span. Additionally,
(3) we collect an explanation of why R? answers Q. The captions
from (2) and (3) are then used to generate a feedback F. Finally,
(5) we extract three clauses from F representing different types
of information, which we use to generate labels that supervise the
learning of our FALM module (see Sec. 3.3).

This approach enables scalable and controlled generation
of feedback examples without costly manual annotation.
Furthermore, our results show that models trained on the
proposed synthetic feedback data can effectively use real
user feedback at inference time. Notably, synthetic feed-
back yields improvements comparable to those obtained
with real user feedback (see Sec. 4.3), suggesting that our
feedback generation recipe produces realistic feedback that
aligns well with human feedback styles. Next, we describe
the main steps of the proposed recipe, and provide more de-
tails in the supplementary material.

Reference Span Sampling. The goal of this step is to
sample a span R/ that simulates an incorrect prediction
for a given query Q. An intuitive approach is to use actual
model failures from an EM-NLQ model as reference spans.
However, relying only on such examples limits the diversity
of error types and may lead to overfitting to the behavior of
a specific model. Hence, we sample two additional types of
spans: (1) R9-similar spans, which are visually similar to
the ground-truth response R¢ (based on video feature sim-
ilarity) but do not correctly answer the query (R/ # R);
and (2) random spans, which are randomly sampled seg-
ments that are temporally disjoint from R9. We refer to
spans sampled from model failures or R?-similar spans as
query-relevant spans, since they may contain some infor-
mation relevant to the query but are still incorrect. In con-
trast, we refer to random spans as query-irrelevant spans,
since they represent completely off-target responses.
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Figure 3. Our (a) Feedback ALignment Module (FALM) module and (b) its integration with an EM-NLQ model, ReFocus. FALM is
trained to predict an alignment score P that indicates how well each clip aligns with the user feedback F in the context of the input video
V), the query Q, and the reference span R . It is then plugged into an EM-NLQ model using a lightweight adapter (b), enabling the model
to leverage user feedback effectively by shifting its focus toward video clips that better match the user intent expressed in the feedback.

Response Captioning and Explanation Generation.
For all ground-truth response spans R? and the sampled ref-
erence spans R/ from previous step, we first generate tex-
tual captions describing these spans. This step reduces the
computational cost of feedback generation by removing the
need to process long video clips directly with large vision-
language models (LVLMs), and it improves feedback qual-
ity by providing concise and relevant summaries that large
language models (LLMs) can reason over effectively. For
each span R;, we use a pre-trained LVLM to generate a
textual description D; that captures the visual content (e.g.,
objects and scenes) and actions present in the span, indepen-
dent of any query Q. Additionally, for each ground-truth
span R, we generate an explanation E; describing why the
span answers its corresponding query Q;. This helps us
control the type of information allowed in the feedback, as
explained next.

Feedback Generation. The final step generates natural
language feedback F that guides the model from a sampled
reference span R/ toward the correct ground-truth span R¢.
For each query Q;, we sample pairs (R, Rf ) and provide
their corresponding descriptions DY, D; , the explanation
EY, and the relative temporal order between R and R;
to a reasoning-focused large language model (LLM). The
LLM is prompted to generate feedback J; ; that provides
informative cues to help locate R without directly reveal-
ing the answer to Q;. To achieve this, we design prompts
that encourage the feedback to include any combination of
three types of information: (1) additional disambiguating

details about the queried object or moment derived from
DY; (2) contrastive cues highlighting differences between
RY and R; based on D} and D;t ; and (3) temporal guid-
ance indicating whether to search before or after the current
reference span R; . We further use the explanation E to
instruct the LLM not to produce feedback that trivially an-
swers the original query Q;.

This leads to diverse types of feedback, ranging from
short phrases (e.g., “before this”) that simulate impatient
users to more descriptive feedback that may include differ-
ent types of information based on the cues above. The feed-
back has an average length of 16 words, with a standard
deviation of 6.8 (see Supp for the prompts and examples).

EM-QnF Samples. Following this recipe, the con-
structed EM-QnF dataset consists of samples of the form
(VhQi’Rf,{(R{_j,fi,j)}), which can be used to train
models to handle interactive feedback refinement.

3.3. FALM: Feedback ALignment Module

We introduce FALM, a plug-and-play module designed to
help EM-NLQ models align with and use user feedback.
Given user feedback F, a reference span RS, a video V,
and a natural language query Q, the core idea of FALM is
to predict an alignment score for each clip in V), indicating
its relevance to F.

Modern video encoders typically process long videos
by dividing them into short clips and encoding each clip
independently before aggregation. Formally, let V
{C1,...,Cy,} denote a video segmented into m clips,
where C; is the i-th clip. FALM takes (V, Q, R/, F) as
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input and outputs an alignment vector P € [0, 1]™, where
each element P; represents the alignment score between
clip C; and the given user feedback F. These scores are
then used to reweight the video features in existing EM-
NLQ models, effectively shifting the model’s attention to-
ward clips that are most relevant to the user feedback when
predicting the next response span.

FALM Architecture. As shown in Fig. 3.a, FALM en-
codes the video V, query O, and feedback F using
pretrained video and text encoders, fy (ViT-1B from
EgoVideo [28]) and fr (gte-Qwen2-7B-instruct [19]), re-
spectively. This yields feature representations fy (V) =
ey € RUX4 f1.(Q) = e, € R®¥4 and fr(F) = ey €
Rf:*4 where d is the model dimension and (v;, ¢, f;) de-
note the number of tokens in each input sequence. We
represent the reference span R/ by concatenating its start,
end, and mean clip embeddings from the video features,
e, = [e3,e¢,el] € R3*4, allowing FALM to interpret the
feedback F in the visual context of the reference span.

Next, we use a two-layer Transformer encoder ({¢) to
model interactions among {eq, es,e,} and another two-
layer Transformer encoder (ty) to capture the overall video
context from e,. Finally, we pass the features through two
Transformer decoder blocks with cross-attention (t;;) to
produce video-feedback aligned embeddings e,,.

Alignment Supervision. We generate pseudo-labels to
supervise the learning of FALM by indicating clip relevance
based on three cues extracted from the feedback: (1) Con-
tains: what information the correct response should contain,
(2) Not Contains: what should not appear in the response,
and (3) Temporal: whether to search before or after the ref-
erence span.

We prompt an LLM to extract these cues from each feed-
back F in form of short language clauses (see Fig. 2(5)).
Using the EgoVideo [28] encoders, we compute <clip,
clause> similarities to obtain contains scores S¢ and not-
contains scores S™. To reduce noise in these similarity mea-
sures, we apply Gaussian smoothing, and min-max normal-
ization across all clips. Finally, we invert the S™ scores to
obtain S* = 1 — 8™, i.e. the model should avoid clips that
include information the user excluded in their feedback. To
convert these scores into binary labels, we first calculate the
mean and standard deviation of the scores within the correct
response R [6], denoted by S,, and S, for each score type,
S¢ and S*. The threshold is then defined as § = Sy —35.
We assign a label of 1 to clips with scores above the thresh-
old and O otherwise, resulting in binary labels L¢ and Lk
based on ¢ and 6*. For temporal labels L, we assign 1
to clips before or after R/ according to the extracted tem-
poral clause. Finally, we combine the three label types us-
ing a logical AND operation to form the final FALM labels:
L = L¢ALF A LY. Note that not all three clauses are present

in every feedback instance, and the labels are generated us-
ing only the subset of clauses extracted from each F.

FALM Training Objective. Given encoded features e,,
four MLP heads predict contains (P°) not-contains (P*),
temporal (P?), and overall alignment (P) scores:

L =\Cc(L, P) + MLo(Lt, PH+ 1)
AeLa(S¢, P€) + AnLa(S¥, PF), 2
where L¢ is a binary cross-entropy loss and L5 is || - [|3

regression loss.

ReFocus: FALM Integration. After pretraining FALM
on feedback data, we can integrate it into an EM-NLQ
model by reweighting that model’s video clip features us-
ing the predicted alignment scores P as shown in Fig. 3(b).
In other words, FALM shifts the focus of the EM-NLQ
model by emphasizing or de-emphasizing the importance
of certain clips based on user feedback. To enable effec-
tive and seamless adaptation across EM-NLQ models, we
introduce a lightweight EM Adapter that scales and shifts
the alignment scores of FALM using two learned scalars, o
and (3, while fine-tuning with the EM-NLQ model: P =
clamp(aP + 3,0,1). We denote the final approach with
FALM plugged into an EM-NLQ model M with the adapter
as ReFocus(M).

Multi-Turn Feedback Extension. While our work fo-
cuses on single-turn feedback, we propose here an extension
of ReFocus to the multi-turn feedback setting. Given mul-
tiple independent feedback samples {Fi,...,F,} for the
same query Q, we first pass each feedback to ReFocus(M)
and use late fusion by averaging the output features of the
Cross-Modal Encoder obtained from integrating each feed-
back separately, before passing the fused features to the
Span Decoder, as shown in Fig. 3(b), to localize the an-
swer. We find that this simple extension leads to significant
gains without added complexity (Sec. 4.3). More advanced
multi-turn modeling remains an important direction for fu-
ture work, and our extension provides a strong baseline.

4. Experiments

We demonstrate the effectiveness of our approach on three
challenging egocentric video datasets adapted to the EM-
QnF task (Sec. 4.1), and compare it against state-of-the-
art EM-NLQ and LVLM models (Sec. 4.2). We then pro-
vide an analysis of our model (Sec. 4.3), including compar-
isons with commercial LVLMs (Gemini-Flash) and human-
generated feedback. Finally, we show the performance of
our approach in multi-turn feedback scenarios.

4.1. Evaluation Setup

Datasets. We experiment with Ego4D-NLQ [7], Ego4D-
GoalStep [34], and HD-EPIC [29], which are widely used
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Ego4D-QnF GoalStep-QnF HD-EPIC-QnF
IoU=0.3 IoU = 0.5 IoU=0.3 IoU = 0.5 IoU=0.3 IoU =0.5
Method R1 R5 R1 R5 R1 R5 R1 R5 R1 R5 R1 R5
TimeChat (ZS) 1.6 NA 07 NA |23 NA LI NA |02 NA 007 NA
=
;1 UniTime (ZS) 19.9°2 N/A 12337 NA |10277 NA 60" NA |36 NA 13 NA
= UniTime (FT) 2177 N/A 1337 NA | 829 NA  55%  NA |25 NA O 1.0% NA
E OSGNet 29.6+(),4 56.3#),5 20.5#).5 43.3+O.7 30.2+l)v(7 60.1+(>,‘) 24.7#],5 52.5#).7 14.7+0.3 37.7—().1 9.6+().l 25.2#],]
E ReFocus(OSGNet) 32,573 5837 224710 45.373%(31.970 61.0° 26.57% 53.77%4|1538 38373 10.175 25.87
% GroundNLQ 29.6+().6 56.0“'() 21.4+ll.2 43.0%).6 23.3+().2 53‘2+0.3 17.9HJ'5 43.744).4 11.3+().0 33.8+0'9 6.5—0.] 21.1+U.5
& ReFocus(GroundNLQ) | 33.1%° 59.7°4¢ 23722 461" | 26.8"*° 562" 20.3"¢ 46.1%% |15.1"%0 39.6'54 911 257"

Table 1. Model performance comparison across QnF datasets. Deltas (A) of feedback vs query-only performance are shown as superscripts.
For LVLMs, ZS denotes zero-shot evaluation of the method, while FT is after finetuning on QnF data.

egocentric video benchmarks. While Ego4D-NLQ already
provides query and response annotations, GoalStep and
HD-EPIC are not designed for the NLQ task. Using NLQ
templates from Ego4D-NLQ, we leverage the step descrip-
tions from GoalStep and the narrations from HD-EPIC
to generate natural language queries. We then apply our
feedback generation recipe to all three datasets, result-
ing in question-and-feedback datasets that we refer to as
Ego4D-QnF, GoalStep-QnF, and HD-EPIC-QnF. See Supp
for dataset details and statistics.

Comparison with the SoTA. We compare ReFocus
against several SOTA methods: LVLM-based methods like
TimeChat [33] and UniTime [20], and the task expert EM-
NLQ models like GroundNLQ [11] and OSGNet [5]. We
evaluate UniTime and TimeChat in zero-shot setting and ad-
ditionally, finetune UniTime on EM-QnF datasets as well.
For task experts, we first pretrain on NaQ [31] and Ego4D
NLQ [7] datasets using EgoVideo [28] as video features
and gte-Qwen2-7B-instruct [19] as text features. We adapt
EM-NLQ models to feedback input by concatenating the
text features with reference span and feedback features to
form a new query representation. Our FALM module is ap-
plied to GroundNLQ and OSGNet, which are named Re-
Focus(GroundNLQ) and ReFocus(OSGNet). We train all
models (with and without our module) on the same QnF
data for fair comparisons.

Implementation Details. Videos are divided into non-
overlapping clips of 16 consecutive frames each. The clips
are encoded with fiy = ViT-1B from EgoVideo [28]. For
text features, we use fr = gte-Qwen2-7B-instruct [19].
We pretrain FALM on the combined training splits of the
three QnF datasets. For Refocus, we integrate FALM into
the EM-NLQ model pretrained on NaQ [31] and fine-tune
Refocus(M) on the combined training splits of the three
QnF datasets. See Supp for full details.

Evaluation Metrics. Following the episodic memory
benchmark [7], we report Recall (R1 and RS5) at multi-
ple temporal intersection-over-union (tloU) thresholds {0.3,
0.5} between the predicted and ground-truth spans.

4.2. Main Results

Table 1 shows the performance of our model and the base-
lines when evaluated with feedback. For brevity, we report
results in the format XqAJrf, where A = X4 r—Xg, Xgyyis
the model performance when given both the query and the
feedback, and X is its performance when given only the
query (i.e., the initial performance before feedback). Thus,
X g+ shows the absolute performance after processing the
feedback, while A shows whether, and by how much, the
model benefits from the feedback.

Interestingly, the LVLM-based localization methods (Ta-
ble 1, top), which incorporate an LLM in their architecture,
fail to adapt to user feedback. In most metrics and across
datasets, they perform worse with feedback than without it,
resulting in negative A values. Even when fine-tuned on the
new QnF data, these models do not show clear improvement
in leveraging feedback, despite the stronger reasoning capa-
bilities of their underlying LL.Ms, which might be expected
to help them better handle such interactions.

As for EM-NLQ experts, simply training OSGNet and
GroundNLQ on EM-QnF data leads to only small improve-
ments, with A < 1% across all metrics. Although these
models are trained with EM-QnF data as well, they still
largely ignore the feedback.

Across all datasets, our ReFocus consistently out-
performs all other methods. Specifically, ReFo-
cus(GroundNLQ) achieves notable gains on R1 and RS,
with up to +4.9 and +5.4, respectively. We also observe con-
sistent improvements when ReFocus is applied to OSGNet.
These results demonstrate the effectiveness of our approach
in leveraging user feedback to improve localization across
EM-NLQ models and benchmarks. Furthermore, our ap-
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GoalStep-QnF | HD-EPIC-QnF

TIoU=0.3 ToU =0.3
Method R1 RS R1 RS
OSGNet 14.57%% 36770715304 16.977
ReFocus(OSGNet) 17.9°3¢ 42,0*°% | 6.7*% 18.6"*°
GroundNLQ 17.770% 422716 | 6.6 21.3*03

ReFocus(GroundNLQ) | 20.7+%7 45350 | 82+16  2571+42

Table 2. Zero-Shot evaluation across feedback datasets when mod-
els trained on Ego4D-QnF only.

EgodD-QnF | GoalStep-QnF
IoU=0.3 IoU=0.3
Method R1 R5 R1 RS

Gemini-2.5-Flash \15.7*'-7 28.707 \ 8777 16.0°'°

ReFocus(OSGNet) 24.0°0 4677 | 2177 53747
ReFocus(GroundNLQ) | 8.7%7 48.0%*%0 | 9797 547547

Table 3. Performance comparison between Gemini-2.5-Flash
and ReFocus models on a small 100 NLQ subset where ReFo-
cus(GroundNLQ) fails with query-only but improves with feed-
back. Deltas (A) of feedback vs query-only performance are
shown as superscripts.

proach does not rely on heavyweight components such as
LLMs and preserves the efficiency of the underlying task-
expert model (see Supp for details).

Zero-Shot Cross Evaluation. Table 2 shows the perfor-
mance on GoalStep-QnF and HD-Epic-QnF when the mod-
els trained only on Ego4D-QnF, i.e., in the zero-shot set-
ting. While competing methods show only marginal im-
provements in this setting, our approach generalizes much
better and does not overfit to a specific type of feedback.
Since GoalStep and HD-EPIC differ from Ego4D-NLQ in
video content, they also likely involve different styles of
feedback. Even so, our approach achieves larger A values
on both GoalStep-QnF and HD-EPIC-QnF.

Comparison with Commercial LVLMs. We compare
our approach with a commercial LVLM, Gemini-2.5-Flash,
on a subset of the test sets. We sample 100 NLQs from each
of the three QnF datasets where ReFocus(GroundNLQ)
fails when given only the query, but where at least one user
feedback example in the test set helps the model identify
the correct response span. We then sample three feedback
samples for each of the 100 queries, favoring query-relevant
spans over irrelevant ones, resulting in 900 QnF samples
across the three datasets. Table 3 shows that, despite the
strong R1 performance of Gemini-2.5-Flash, it is unable to
significantly improve its predictions when given feedback
and a reference span. This result suggests that even com-
mercial LVLMs, despite being trained on large-scale multi-

IoU =0.3 IoU = 0.5
Method R1 R5 R1 R5
GroundNLQ 29.56 56.42 21.63 43.71
w. FALM 33.13 59.70 23.58 46.26
w. FALM¢ 31.08 57.95 2226 44.52
w. FALMy 30.89 58.03 22.38 45.02
w. FALMr 32.29 59.41 23.23 46.40
w. FALM w/o Adapter | 32.46 58.33 23.11 45.39

Table 4. Ablation of our ReFocus(GroundNLQ). Evaluated on a
subset of Ego4D-QnF containing all types of FALM labels.
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Figure 4.  Multi-Turn Feedback evaluation of our ReFo-
cus(GroundNLQ) across the three datasets.

modal data, still struggle to reason effectively over feedback
in long-form videos to produce better predictions. See Supp
for more details.

4.3. In-depth Model Analysis

Ablations. We present an in-depth ablation study of our
approach in Table 4 to examine the effect of each compo-
nent in learning from feedback. We start with GroundNLQ
and evaluate different components of FALM. First, we study
the contribution of each supervision signal used to train
FALM (Sec. 3.3). We train variants of FALM using a
single supervision type: contains, not-contains, and tem-
poral clauses, denoted as FALM¢, FALMy, and FALMr,
respectively. We observe that each clause type improves
the model, with the temporal clause being the most helpful.
Combining all of them leads to further gains, since different
feedback may contain different types of information. We
also evaluate whether integrating FALM with the proposed
EM adapter is beneficial. The results (last row in Table 4)
show a drop in performance when the adapter is removed.

Multi-Turn Feedback. While we have focused so far on
the single-turn case, we evaluate here the ability of Re-
Focus to handle multi-turn feedback in a zero-shot man-
ner, following the proposed extension in Sec. 3.3. In our
evaluation, we average performance over five different ran-
dom samplings of n feedback per query. Figure 4 shows
the performance of ReFocus(GroundNLQ) across the three
datasets with multiple feedback. Interestingly, our approach
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User: In what table did I see the remote?
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B . 05:34 P 05:36
User: The remote was black and rectangular.
This scene has a teal mug instead.

Model: 07:18 to 07:24

User: Where is the ball?

Model: 06:36 to 06:38

User: The ball I need is yellow and round.
This shows me organizing trash.

Model: 03:09 to 03:12

User: Where was the blue container?
Model: 04:05 to 04:06
a4

04:06
User: The container is not in the fluorescent-lit
store. Check before near the building?

Figure 5. Qualitative results for GroundNLQ and our ReFocus(GroundNLQ) when given feedback. Examples (a) and (b) show cases where
ReFocus(GroundNLQ) improves with feedback, whereas (c) shows a failure case.

IoU=0.3 IoU =0.5
Feedback Type | AR1 AR5 AR1 AR5
Generated 8.6 500 54 310
Human 58 344 34 204

Table 5. Comparison of our ReFocus(GroundNLQ) on gener-
ated vs human feedback on examples from Ego4d-QnF where the
method fails with query-only. The reported metrics are absolute
improvement in Recall when using feedback vs without.

improves as the number of feedback turns increases on all
datasets, even though it was not trained in this setting. We
observe substantial gains up to the third or fourth feedback
turn, after which performance plateaus.

Comparison with Human Feedback. We collected feed-
back from human users to compare it with the quality
of our generated feedback. From Ego4D-QnF, we sam-
ple unique NLQ and reference span pairs where ReFo-
cus(GroundNLQ) fails but improves with LVLM-generated
feedback. We ask 11 users to assume the role of the per-
son wearing the camera in the egocentric video and provide
feedback for the reference spans as if they were trying to
recall the correct response span. Users are instructed not to
answer the queries directly, but instead to guide the model
toward the correct response span they are trying to recall.
In total, we collect 500 unique user feedback for 271 NLQ
and reference span pairs. Table 5 shows the evaluation of
our approach using generated and human feedback. We ob-
serve that our approach can leverage human feedback and
improve its predictions, which suggests that our proposed
feedback generation recipe is effective at producing real-
istic and helpful feedback that generalizes to human-style
inputs. Additionally, we see there is still a gap in absolute

improvement between generated and human feedback, indi-
cating room for further improvement. Methods trained with
human feedback may be able to recover additional gains.

Qualitative Results and Failures. Figure 5 shows qual-
itative examples from the Ego4D-QnF dataset. Examples
(a) and (b) show that ReFocus(GroundNLQ) improves over
GroundNLQ when given additional user feedback about ob-
ject attributes in contrast to the reference span. Example (c)
shows an interesting failure case for our approach. The user
feedback suggests that the blue container is not inside the
store, but near a building, and also indicates that the model
should search before the reference span. While the model
correctly shifts its attention to an earlier moment, it is con-
fused by the many blue food containers on the shelves and
fails to infer that those shelves are inside the same store.

5. Conclusion

This work addresses an unexplored aspect of episodic mem-
ory search with natural language queries: the interactive na-
ture of the task. User questions can be incomplete or am-
biguous, and model predictions can be incorrect. In such
cases, the model should be able to incorporate user feed-
back to improve its predictions. We introduce the task of
interactive episodic memory with user feedback (EM-QnF),
a suitable recipe for user feedback generation without man-
ual annotations, and an effective feedback alignment mod-
ule (FALM) that can be integrated into different EM-NLQ
models, leading to significant improvements across multi-
ple challenging benchmarks.
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