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Abstract

Vision-language models (VLMs) have made great
strides in addressing temporal understanding
tasks, which involve characterizing visual changes
across a sequence of images. However, recent
works have suggested that when making predic-
tions, VLMs may rely on static feature biases,
such as background or object features, rather than
dynamic visual changes. Static feature biases are
a type of shortcut and can contribute to systematic
prediction errors on downstream tasks; as a re-
sult, identifying and characterizing error-inducing
static feature biases is critical prior to real-world
model deployment. Existing approaches for iden-
tifying such systematic failure modes in trained
models (i) are typically designed for non-temporal
settings and (ii) are challenging to evaluate in
temporal settings due to the lack of quantitative
evaluation frameworks. In this work, we address
these challenges by introducing TROVE, an au-
tomated approach for discovering error-inducing
static feature biases learned by temporal VLMs.
Given a trained VLM and an annotated validation
dataset associated with a downstream classifica-
tion task, TROVE extracts candidate static fea-
tures from the dataset and scores each feature by
(i) the effect of the feature on classification errors
as well as (ii) the extent to which the VLM relies
on the feature when making predictions. In order
to quantitatively evaluate TROVE, we introduce
an evaluation framework consisting of 101 trained
temporal VLMs paired with ground-truth annota-
tions for learned static feature biases. We use this
framework to demonstrate that TROVE can accu-
rately identify error-inducing static feature biases
in VLMs, achieving a 28.6% improvement over
the closest baseline. Finally, we apply TROVE to
7 off-the-shelf VLMs and 2 temporal understand-
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ing tasks, surfacing previously-unknown static
feature biases and demonstrating that knowledge
of learned biases can aid in improving model per-
formance at test time.

1. Introduction

Vision-language models (VLMs) capable of jointly process-
ing visual and textual data have been shown to possess
state-of-the-art reasoning abilities (Radford et al., 2021; Jia
et al., 2021; Zhang et al., 2023b; Varma et al., 2023; Li
et al., 2022; Liu et al., 2023; Wang et al., 2024b; Jia et al.,
2021). In particular, given an input sequence with multiple
images collected across varying timepoints, temporal VLMs
can effectively characterize visual changes over time, a ca-
pability known as temporal understanding (Bannur et al.,
2023; Chen et al., 2024; Bannur et al., 2024; Wang et al.,
2025; 2024a; 2023; Zhang et al., 2023a; Li et al., 2024).
For example, temporal VLMs can recognize human actions
given a sequence of video frames (Wang et al., 2025; 2024a;
2023) and characterize disease progression given medical
images collected from multiple timepoints (Bannur et al.,
2023; Chen et al., 2024; Bannur et al., 2024).

Models designed to perform temporal understanding tasks
often demonstrate high overall performance; however, re-
cent works have demonstrated that such models may be af-
fected by static feature biases, a phenomenon where models
utilize static patterns (e.g. image background or a particular
object in the scene) as shortcuts when making predictions
rather than analyzing dynamic visual changes occurring
across the image sequence (Li et al., 2023; Buch et al.,
2022; Wang et al., 2021; Ding et al., 2022; Lei et al., 2023).
As an illustrative example, consider videos from an activ-
ity recognition dataset with the class label “climbing
tree”, which depict people climbing up or down trees
(Figure 1). An activity recognition VLM is tasked with
accepting video (formatted as a sequence of frames) as in-
put and then classifying the action being performed by the
person in the scene. In this scenario, a VLM that relies on
static feature biases may base predictions for the class label
“climbing tree” solely on the presence of trees and
foliage, rather than analyzing the true motion patterns asso-
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Figure 1. Temporal models often rely on the presence of static
feature biases, such as background features or objects in the scene,
when making predictions. In this example, the VideoCLIP-XL
model (Wang et al., 2024a) makes systematic prediction errors on
the class swinging on something when trees are present.

ciated with a person climbing a tree. At inference time, the
performance of this VLM will depend heavily on whether
the static feature is present; consequently, as illustrated in
Figure 1, the VLM is likely to make systematic predic-
tion errors when classifying videos from other classes (e.g.
“swinging on something”) with prominently visible
trees.

Identifying learned static feature biases that contribute to
systematic prediction errors is critical prior to real-world
model deployment (Oakden-Rayner et al., 2019). Tradi-
tional approaches for detecting such failure modes, which
typically involve a combination of manual analysis and
pixel-wise interpretability algorithms (e.g. GradCAM), re-
quire extensive human effort and are time-consuming to
implement at scale, particularly as the length of the in-
put sequence increases (Selvaraju et al., 2019; Zeiler &
Fergus, 2013). This suggests the need for automated ap-
proaches; however, performing automated identification
of error-inducing static feature biases is challenging for
the following two reasons. First, existing automated ap-
proaches for discovering systematic errors are designed for
non-temporal (e.g. single image) settings (Eyuboglu et al.,
2022; Jain et al., 2023; Sohoni et al., 2020; Varma et al.,
2024). Such approaches, which typically operate by an-
alyzing model predictions on a labeled validation dataset
and surfacing coherent groups of misclassified samples, are
not adequate for discovering static feature biases in settings
where each data sample consists of a sequence of multiple,
temporally-linked images. Second, performing quantitative
evaluations of automated approaches in the temporal setting
is complicated by the fact that the ground-truth static feature
biases of pretrained models are typically unknown; as a

result, it is difficult to ascertain whether biases extracted by
automated methods are indeed accurate.

In this work, we address these challenges by introducing
TROVE, an automated approach for improving Temporal
Robustness of Vision-Language models. Given a pretrained
VLM, our goal is to discover learned static feature biases
that contribute to systematic prediction errors on down-
stream temporal understanding tasks. Knowledge of such
static feature biases (e.g. trees in the previously-discussed
example) can enable a developer to better understand and ad-
dress model failure models prior to real-world deployment.
To this end, TROVE operates on a labeled validation dataset
by first decomposing each input multi-image sequence into
constituent images and grouping visually-similar images
into clusters. Here, each cluster represents a particular fea-
ture occurring consistently throughout the dataset. We then
introduce a scoring function that ranks each feature by (i)
the effect of the feature on classification errors as well as (ii)
the extent to which the VLM relies on the feature when mak-
ing predictions. As output, TROVE yields a list of identified
static feature biases paired with affected class labels.

In order to assess the utility of our approach, we design an
evaluation framework consisting of 101 temporal VLMs
trained on synthetic data. We pair each VLM with annota-
tions for ground-truth error-inducing static feature biases,
enabling rigorous quantitative analyses. Across this suite of
models, TROVE accurately discovers error-inducing static
feature biases, achieving a 28.6% improvement over the
closest baseline. We find that TROVE operates effectively
across a range of static feature bias types (background bi-
ases, object biases, and attribute biases) and input sequence
lengths.

Given the strong performance of TROVE on synthetic exper-
imental settings, we then extend TROVE to real-world tem-
poral VLMs. Across a suite of seven state-of-the-art VLMs
and two temporal understanding tasks (activity recognition
in videos and disease progression classification in medical
images), TROVE accurately surfaces previously-unknown
static feature biases. We further demonstrate that knowledge
of TROVE-discovered features can aid in improving test-
time VLM performance; we present an approach for mitigat-
ing prediction errors without the need for data augmentation
or VLM retraining, yielding performance improvements on
an activity recognition task of up to 111% on sequences
containing static features.

Ultimately, TROVE demonstrates strong practical utility and
can serve as an effective tool for evaluating and improving
robustness of temporal VLM:s.
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2. Related Work We draw a key distinction between these works and our
. . . . . approach: whereas this line of work focuses explicitly on
D!scoverlng systematic errors in non-temporal s_ettmgs: mitigating the in uence of static feature biases during the
Since subgroup labels are typically unavailable in dataset?nodel training procedure, our work instead aims to accu-
identifying and understanding critical failure modes of mOd'raterdiscoverlearned biases given a pretrained temporal

els can be challenging. Early approaches paired Visualiz‘T‘ﬁodel. We also extend beyond the human activity recogni-

tion techniques with humans in the loop to identify model;,, setting, including evaluations on both a synthetic task
failures (Feichtenhofer et al., 2020; Selvaraju et al., 2019)és well as a medical imaging task

however, this approach is time-consuming and dif cult to
scale effectively across large numbers of models and tasks. ]
To address this challenge, a recent line of work has proposed- OUr Approach: TROVE

automated approaches for the task of identifying systematiwe now introducel ROVE, an approach for improving tem-

prediction errors made by models; notable methods in thifboral robustness of VLMs by discovering learned static

domain ‘”C'F‘de Domino (Eyuboglu etal., 2022,)’ Distilling eature biases that contribute to systematic prediction errors.
Failures (Jain et al., 2023), and George (Sohoni et al., 2020,

n Section 3.1, we formally describe our problem setting.

amor?g 'others (Kim et al., 2024; R Menon & SrivastavaWe then present methodological details ford\Re in Sec-
2024; d'Eon etal., 2021). Such methods typically analyz&;q, 3 5 *An overview ofTROVE is provided in Figure
model predictions on a labeled validation set and identify2

features in the data (e.g. a speci ¢ visual cue in image set-'

tings) that systematically contribute to mispredicted Iabels3 1 Preliminaries

Model developers can then use these identi ed error patterns™™

to update models prior to deployment (Johnson et al., 2023)/LMs designed to perform temporal understanding tasks

Although such approaches have been shown to be effectiv re generally trained on large-scale datasets of the form
' = f(Si; Ti)gYL, , whereS; represents a multi-image se-

these methods are predominantly designed for non-tempor . . :
settings, where each input sample (e.g. image, text) can e ence a_mq”i represents paired text in the form of a caption
represented as a single entity. In contrast, input samples i ' des_cr|pt|1(.)n.2.|.5.?crgi|nput sequerBecan be express_ed
the temporal setting take the form of multi-image sequence sS = (Iis1i5es i), where eachl; represents a sin-
and collapsing an entire sequence to a single entity providegIe image and; represents the total number of images in

inadequate granularity for detecting errors resulting fromsequencéi. At inference time, temporal VLMs are eval-

static feature biases. As we demonstrate in Section 4 naivléated using downstream tasks that assess the ability of the

extensions of such methods to temporal settings fails t(gnodel to understand visual changes over time (e.g. activity

work effectively, particularly when error-inducing features :g cognm(]zfn, (t:i-|se:;se pr(t)gresst|on CIaSIS' ce(ljt|ont); bé/. de tm_k
are visible in only a subset of the sequence. lon, an efiective downstream temporal understanding tas

will require the model to parse a multi-image sequence and
Our approach also builds upon recent ne-grained apanalyze dynamic visual patterns.

proaches in the image setting that leverage region—levelln this work, we focus explicitly on downstream tempo-

information for detecting systematic errors (Varma et al. | understanding tasks formulated as classi cation prob-
2024; Yang et al., 2023). However, these approaches are o]}ea u ng u ' cation p

signed and evaluated solely on non-temporal, single-imagPe(rgs_" _v)vhpe refé?;ireggscsgtii%til :sflst))(g;sezss\(@\lﬁiesr:e
settings. i3 Yi)9i=1 q i : ,

Y represents the ground-truth label set associated with the
Discovering systematic errors in temporal settingsPrior  task, and we assume that> 1 for all sequenceS; 2Dy, .
works have noted that temporal models often rely on statidkecent works have suggested that when making predictions
feature biases as shortcuts when making predictions (Leit inference time, models trained to perform temporal un-
etal.,, 2023; Liu et al., 2024; Fukuzawa et al., 2025; Chunglerstanding tasks may rely heavily on static feature biases,
et al., 2022). In such settings, using just a single frame asuch as background features or objects in the scene, rather
input to a model can result in high performance on multithan rely on the true dynamic visual changes (Li et al., 2023;
image temporal understanding tasks (Buch et al., 2022; Leliiu et al., 2024). For example, as shown in Figure 1, the
etal., 2023). A range of approaches have been proposed fogcently-introduced VideoCLIP-XL model relies on the pres-
reducing model reliance on static feature biases, predoménce of trees, a static feature, when assigning predictions for
nantly in the context of background biases in video-basedhe class labg} = climbing tree (Wang et al., 2024a).
activity recognition tasks (Choi et al., 2019; Li et al., 2023; Static feature biases are a type of shortcut and can ultimately
Wang et al., 2021; Ding et al., 2022; Huang et al., 2018yesult in systematic prediction errors at inference time; in
Yu et al., 2025); such approaches typically involve novelFigure 1, this manifests as low performance on other classes
optimization procedures or data augmentation strategie# Y nfyg when the static feature is present, such as the

3
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Figure 2.TROVE is an automated approach for discovering error-inducing static feature biases learned by temporal VLMs. In this
example, TRoOVE identi es a static feature bias associated with trees, which results in degraded performance on the ckssigibegl
on something (Kay etal., 2017).

class labekwinging on something . VLM F. Importantly, our proposed approach does not re-
quire image-level static feature annotations and can operate
3.2. Discovering Static Feature Biases effectively even when static features occur in only a subset

N . . , of the sequence.
Our key goal in this work is to discover static features that

meet the following two criteria. First, identi ed static fea- Extracting candidate static features. Given the labeled
tures should berror-inducing meaning that the presence of validation dataseDy , the rst step in our approach is to
the feature within a sequence directly contributes to predicextract candidate static features. To this end, we begin
tion errors on the downstream temporal understanding taskY retrieving all multi-image sequenc&sin Dy . Since

of interest. Second, identi ed static features should re ect aour goal is to identify static feature biases that manifest
learned model biassuggesting that the model relies on the at the image level, we compute image-level embeddings
presence of the feature when making predictions. Howevefor each image; contained within input sequen& =
designing an automated algorithm that satis es these twél {17 ::51{""). To generate an image-level embedding
criteria is challenging, since image-level static features ardor li, we create a newtatic sequenceonsisting of the
typically not annotated in temporal datasets and may onlgingle imagd; replicatedn; times, effectively removing all
occur in a subset of images within a sequence. For instanctemporal variation; we then use the vision encoder of VLM
as shown in Figure 1, image-level annotations for trees arE to compute an embedding for this sequence.

not available, and trees are only visible in a portion of they, order to identify static features that occur consistently

sequence; this complicates the process of discovering the &giinin dataseDy , we cluster the computed image-level
sociation between the static feature and observed prediCtioé]mbeddings using spherical K-means with cosine distance.

errors. The optimal number of clusters is selected automatically by

We now introducél ROV E, which identi es static feature sweeping across a range of potential values and selecting
biases learned by temporal VLMs. In line with the criteria the number that maximizes the Silhouette score. At the
described aboveT ROV E aims to identify static features €nd of this step, we obtain a collection of clust€rsvhere

that both contribute directly to downstream prediction er€ach cluste€ 2 C represents a set of images with a shared
rors and represent learned model biases. Given a pretraindgature; for instance, in the example from Figure 2, one
VLM F and a validation datasBt, associated with a down- cluster inCmay consist of frames with prominently-visible
stream temporal understanding taSRoV E operates by (1) trees.

extracting candidate static features that occur CO”SiSten“l?Siscovering error-

throughout sequences By and (2) scoring each feature gecond step in our approach is to determine the extent to

by both its effect on prediction errors made by VIMand  \hich 5 candidate feature represented by cluSteoth (i)
the extent to which the feature represents a learned bias Ry ntrinytes to prediction errors and (ii) represents a static

inducing static feature biases. The
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bias learned by temporal VLM . To this end, we introduce rely on the static feature when making predictions. We also
a two-pronged scoring function designed to characterizealibrate model con dences via temperature scaling prior to
each of these factors. First, for a given clustetheerror  computing the static bias score (Guo et al., 2017).

contribution scordECS) evaluates whether VLNF makes Einally, for each cluste€ and labely, we compute a sum

systematic prediction errors on one or more classes when S S
. . of the error contribution score and the static bias score as
static features associated withare present. Second, the

i Y+ v . ) .
static bias scorgSBS) evaluates whether VLMF has follows: ECSc + SBSc . This quantity, which we refer to

. / - . A as theTROVE score, can be used to measure the extent to
learned a bias associated with static feature€ jrthis

involves determining the extent to which modierelies on which each static feature (i) contributes to prediction errors

) . . - : and (ii) represents a static bias learned by VEM An
static features i€ when making predictions. We discuss .
. . ablation on the role of the two components of TfiRoV E
these components in detail below.

score is provided in Appendix B.

For each cluste€ 2 C representing a candidate static

feature, we rstidentify all multi-image sequencgs2 Dy 4. Evaluating TROVE in Synthetic Settings

with at least one constituent image in cluster Let Y,

represent the set of ground-truth class labels associated witBvaluatingT ROV E is complicated by the fact that ground-
these sequences. For clusieand class label 2 Y., we  truth biases learned by a VLM are typically unknown a

compute the error contribution scdEC S{. as follows: priori; thus, it is challenging to assess whether discovered
vy _ biases are indeed accurate. In order to address this chal-
ECS{ = acc'¢  acg (1) lenge, we introduce a large-scale quantitative evaluation

framework that leverages synthetic data. Our approach is
Here,acc. represents classi cation accuracy on all multi- motivated by prior works (Eyuboglu et al., 2022; Varma
image sequenceS 2 Dy with at least one constituent et al., 2024; Liang & Zou, 2021) yet introduces a novel
image in clustelC and ground-truth labgl. Conversely, setup that focuses on temporal settings with multi-image
acc’ . represents classi cation accuracy on all multi-image sequence inputs. In Section 4.1, we discuss details related
sequences; 2 Dy with no constituent images in cluster to the construction of our evaluation framework. Then, in
¢ and ground-truth labef. The error contribution score Section 4.2, we demonstrate quantitatively tfi&oV E
ECS{ ranges between -1 and 1. Large positive values otan effectively surface error-inducing static feature biases
ECS{ suggest that when static features associated@ith |earned by VLMSs, achieving a 28.6% improvement over the
are present in a sequence, the VIEMs likely to demon-  closest baseline.

strate degraded performance on class Igbel
g P ¥ We emphasize here that the use of synthetic data provides

Next, for clusterC and class labgl 2 Y ¢, we compute the  several key advantages, chief among them the ability to
static bias scor&8BSY . Lety; refer to the predicted classi - perform large-scale evaluations (we consider 101 tempo-
cation label forasequen& 2 Dy . We rst Itercluster C  ral VLMs in this analysis) as well as support for precisely
to retain only images; where the corresponding sequence controlling key parameters of the input dataset. We follow
Si is mispredicted by moddt (i.e. ¥ 6 y;); we referto  up our synthetic evaluations with additional analyses on
this set aCwiong ~ C. We then use VLMF to classify  real-world settings in Section 5.

each image; 2 Cyong USiNg the label set; in order to

do so, we utilize the same procedure discussed previously,q . Designing an Evaluation Framework

where we provide a static sequence consisting of inhage

repeatedh; times as input to the vision encoder associated" this section, we introduce our approach for quantitatively
with modelF . Our insight here is that the downstream tem-€valuatingTROVE. Our insight is to prede ne a static fea-
poral classi cation task, by de nition, requires a dynamic ture b; then, we train a temporal VLM such that it learns
sequence with visual changes in order to be successfulf bias with_ respect th, resulting i_n classi cation errors at
solved; as a result, a model that generates high-con dencference time on class labgl This approach allows us to
predictions when provided with only a static, unchangingPair trained VLMs with ground-truth annotations for error-
sequence as input is likely relying on a learned static biadnducing static feature biasesind associated class labels

Based on this insight, we compute the static bias score: Y- Consequently, we can evaluat&®oVE by measuring
its ability to identify biases that align with the ground-truth

SBSY = - 1 _ X softmaxF ([1i;1i;::511])y, a}nnotations. C_-;iven this setup, we design asuitg of evalua-
1Cwrong | tion con gurations, with each con guration consisting of

Ii 2 Cwron
’ 2) the following components:

The static bias score ranges between 0 and 1, with large
values ofSBSY. suggesting that modél has learned to 1. A vision-language training dataset with an injected

5
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Figure 3.Example ve-image sequences with injected static visual features. Our evaluation framework considers three types of static
visual features - background, object, and attribute - that can contribute to biased model predictions on temporal understanding tasks.

prede ned static feature bias. The vision-language of images per sequence displaying the static feature. We
training dataseD = f(S;;T;)gn, consists of multi- then verify the quality of each con guration by evaluating
image sequence paired with textual caption. We (i) the suitability of the proposed task and (ii) the suitability
construct sequences using synthetic images, where eadf the trained VLM. After the quality veri cation stage, our
constituent image i%; depicts a blue circle placed on framework yields a total of 101 temporal VLMs paired with

a black background. The sequence is paired with a texground-truth annotations indicating the prede ned static
tual captionT;, indicating the direction of movement of feature biad and the downstream class lalgebn which

the circle across the sequence; namely, the circle mathe bias induces errors. Additional details are provided in
be “moving north”, “moving south”, “moving west”, or Appendix A.

“moving east”.

Given this setup for datasB, we then select one of the 4-2- TROVE Accurately Discovers Error-Inducing
following static visual features: (i) background features, ~ Biases in Synthetic Settings

where all pixels located outside the circle are colored redy e now evaluatd RoV e using the framework from Section
(ii) object features, where ared rectangle isinserted at 3 1 \ye provide the trained VLNF and dataseDy as
random position in the image, and (iii) attribute features,input. Then, for each class labely , TROVE outputs a

where the color of the circle is changed to red. We theng; ot image clusters ranked ByROVE scores; each cluster

insert the selected static visual feature of interest intqgpresents an identi ed error-inducing static feature bias.
datasetD such that the feature is highly prevalent in

sequences where the circle is “moving south” and low inRecall from Section 4.1 that our framework annotates VLM
prevalence otherwise; this procedure injects a bias inté With both the ground-truth static feature ba&amely,
the training dataset, contributing to errors at inferencethe red background, red rectangle, or red circle) and the
time when the static feature appears in sequences froiownstream class labglon which the bias induces errors.
other classes. Examples of sequences with injected statié order to score the output GiRoV E, we compute Preci-
visual features are provided in Figure 3. sion@K, de ned as the proportion of the top-K images in
the generated ranked list for clagshat depictb. In line

2. Atemporal VLM trained on this dataset. We traina  with prior works on error discovery (Eyuboglu et al., 2022;
temporal VLMF using training datasdd. Since the \iarma et al., 2024), large Precision@K values suggest that
dataset exhibits a strong bias with respect to the prederhuman user can easily understandR®V E-identi ed

ned static feature, the model is likely to pick up on this pjas by simply inspecting the top-K returned images.
shortcut during training. . _
We comparél RoVE with ve methods for systematic error

3. A downstream temporal understanding task.We es-  detection. Three state-of-the-art approaches for systematic
tablish a downstream temporal understanding task thagrror discovery in non-temporal settings are considered:
aligns closely with the training data; namely, given aDomino (Eyuboglu et al., 2022), George (Sohoni et al.,
multi-image sequence depicting blue circles in each im2020), and Distilling Failures (Jain et al., 2023). Since these
age, the task involves classifying the motion of the circlemethods were designed for non-temporal settings, each in-
as one of four classes: moving north, moving southput sequence is represented as a single unit; thus, these
moving east, and moving west. methods generate ranked listsseiquenceas output rather

than ranked lists of images. We naively adapt these meth-

We create a large suite of evaluation con gurations by vary0ds to the temporal setting by rst generating a ranking

ing the following hyperparameters: (i) the type of static of sequences and then sorting images from each sequence

visual feature (background, object, or attribute), (i) the sein temporal order. In addition to these methods, we also
quence lengtim;, (iii) the prevalence of sequences in the comparelRoVE with a previously-developed temporal ap-
training dataset with the static feature, and (iv) the numbeproach that we refer to as Con dence. Con dence, which

6
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Background Object Attribute
Method P@10 P@25 P@100 R-PrécP@10 P@25 P@100 R-PrécP@10 P@25 P@100 R-Prec
Random 207 196 188  183| 143 150 163 162 162 191 194 188
Domino 486 47.0 324 197 522 471 348 231 631 578 351 191
George 455 447 420  356| 450 411 448  357| 462 468 444 389

Dist. Failures  62.9 62.0 59.9 49.0| 60.4 58.3 55.9 49.9| 69.2 68.0 66.4 62.3
Con dence 61.0 60.6 64.6 59.5| 978 97.0 95.6 78.0 | 58.5 59.4 57.9 525
TRoVE 100.0 100.0 100.0 95.0/ 97.8 97.8 97.8 92.8| 100.0 100.0 99.3 89.3

Table 1. TRoVE reliably demonstrates strong performance across all three feature categories.

is an application of the method proposed in Li et al. (2023)5.1. TROVE Accurately Discovers Error-Inducing
ranks images from sequencesDy by their maximum Biases in Real-World Settings

image-level prediction con dence. Finally, we consider a
random baseline, where we pool together images from a
sequences iby and then generate a random ordering.

ﬁ\nalyzing Pretrained VLMs with TROVE: We analyze

a suite of pretrained contrastive VLMs with temporal un-
derstanding capabilities (Wang et al., 2024a; 2025; Bannur
Results are summarized in Table 1, where we report Precgt al., 2023; Ni et al., 2022) across two temporal understand-
sion@K forK =10;25; 100as well as R-precision, a vari- ing tasks - 400-class activity recognition on Kinetics400 and
ant of Precision@K wherk is equal to the total number 2-class pneumonia progression classi cation on MS-CXR-T
of images inDy annotated with the ground-truth static bias.(Kay et al., 2017; Bannur et al., 2023). For the six pretrained
We demonstrate thatRoV E outperforms all other evalu- VLMs evaluated on activity recognitiof,ROVE identi es

ated methods, achieving a 28.6% improvement over the clopetween 36 and 116 learned static feature biases per model.
est baseline (namely, con dence). Existing non-temporalFor the one pretrained VLM evaluated on pneumonia pro-
systematic error detection methods (Domino, George, angression classi cationT ROVE identi es 4 learned static
Distilling Failures) demonstrate low performance when difeature biases.

rectly extended to the temporal setting due to their inabilityln Figure 4 (left panel), we provide examples of static fea-

to retrieve the speci c images containing the static feature bi q ted ¢l label P
from a sequence. Across all three static feature categories e%'—re lases and associated class labels surfacd®oy E.

. . : or the VideoCLIP-XL modelT RoVE surfaces a feature
lored f k (back d, object, and attribute), o AR .
plored in our framework (background, object, and attribute) luster consisting of babies; this suggests that when static

TRoOVE demonstrates superior performance compared t : i : .
the other methods. We note that whereas baselines exhihl atures associated with babies are present in a sequence,
ideoCLIP-XL is likely to exhibit degraded performance

signi cant variations in performance across the three static the classticking t i Similarl
feature categorie§,RoOV E consistently achieves strong per- on the classticking fongue ou - Similarly, on a

formance. Extended results and ablations are provided iﬁ_neumoma disease progression class_l gatlon 1aRROVE
Appendix B. iscovers a cluster of chest X-rays depicting features such as

bilateral opacities, medical devices, and low lung volumes,
] ) ) which are indicative of severe pneumonia. This suggests
5. Evaluating TROVE in Real-World Settings  that when a chest X-ray in a multi-image sequence depicts

Given the strong performance BROVE on our synthetic such features, BioViL-T is likely to exhibit degraded per-
formance on the classiproving due to a learned static

experimental settings, we now utiliZ€RoV E to discover : ; I o .
error-inducing static feature biases learned by real-worl gature bias. We provide additional qualitative examples in
temporal VLMs. As discussed in Section 4, evaluating igure 8.

the accuracy of discovered biases in real-world settingsis . . . . . :
challenging. Consequently, we validdt&oV E-identi ed Validating Discovered Biases: In Figure 4 (right panel),

biases in two ways. First, in Section 5.1, we utilize imagewe validate the accuracy of biases discovered BpVE.

level pseudolabels to verify that static feature biases sufor the activity recognition tf"‘Sk' we utilize an open-
faced by TROVE exhibit desired properties. Second, in vocabulary object detector (Minderer et al., 2024) to an-
Section 5.2, we demonstrate that knowledger 8oV E- notate the presence of babies in all constituent images for se-

discovered features can aid with mitigating prediction error<1U€Nces with class labsficking tongue out - We

at test time, yielding substantial performance improvementsnd that (i) classi cation accuracy of VideoCLIP-XL is sig-

without signi cant model training or data augmentation. Ex-M cantly lower on this class label (by 15.4 points) when ba-

tended implementation details and results are in Appendi}?ieS are present, and (i VideoCLII?-)_(L demqnstrates high
CandD. prediction con dence when classifying static sequences

with babies, suggesting a learned bias. Predicted labels for
incorrectly-classi ed sequences in this class inclbdéy
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Figure 4.[Left Panel] Qualitative examples of static feature biases discoveretRV E across various temporal VLMs and downstream
tasks.[Right Panel] We demonstrate that T®¥ E-discovered biases satisfy desired properties.

waking up andcarrying baby , further corroborat- 5.2. TRoOVE Improves Downstream VLM Classi cation
ing our nding that the model is focusing on the presence of  Performance
the baby rather than the true dynamic visual changes asso

ated with the actiosticking tongue out . Similarly, tatic feature b id with mitigati dicti
for the pneumonia progression classi cation task, we utilize® a(;c ca lt”e |atseskcar\1/\z/a| with mi :?a Ing pcrje Ic 'O': errtqrs
radiology reports as well as a domain-speci ¢ entity extracO" downstream tasks. VVe speci cally consider contrastive

tion tool (Delbrouck et al., 2024) in order to annotate eachtemporal VLMs as a case study, which have demonstrated
of-the-art performance on many temporal understand-

image with the presence of markers associated with seveféate'
pne?Jmonia (i.eF.) bilateral lung involvement, devices, and"9 tasks (Wang et al., 2024a; 2025).
low lung volumes). We nd that (i) classi cation accuracy We rst run TROVE on a validation datasddy , which
of BioViL-T is lower (by 16.7 points) when these markers generates as output a ranked list of image clusters (repre-
are present, and (ii) BioViL-T demonstrates high predicsenting learned static feature biases) and associated class
tion con dence when classifying static sequences with theséabels (on which the presence of the static feature induces
markers. Additional validation is provided in Appendix D. errors). LetC represent an identi ed image cluster, such as
the cluster of trees in Figure 2, and Yetepresent the asso-
ciated error-prone class label, such as the labahging
on something in Figure 2. Due to the learned bias,
sequences with the static feature represented hye par-
ticularly dif cult for the VLM to correctly classify.

We now demonstrate that knowledgeTdRoV E-identi ed

Comparing Temporal and Non-Temporal VLMs:  Non-

temporal VLMs (e.g. CLIP (Radford et al., 2021)) can be Prior works in non-temporal settings have suggested that
applied to temporal tasks by encoding each sequence ¥4-M classi cation accuracy can be improved by injecting
the mean of its constituent image-level embeddings. Intutext prompts with additional ne-grained detail in order to
itively, since non-temporal VLMs are trained only on static Maximize class-level separation (Menon & Vondrick, 2022;
image-level features, we should expect to see high rates dtratt etal., 2023). We aim to improve VLM performance on
static feature biases. Indeed, we nd that this intuition holdsSequences with featut@ by leveraging CoOp, an approach
Across four non-temporal VLMs (Radford et al., 2021; Zhai for automatically learning effective prompts (Zhou et al.,
et al., 2023) evaluated on activity recognitidiRoVE dis- 2022). We use CoOp to learn prompts that achieve the best
covers an average 4B45 388 static feature biases per Possible classi cation accuracy among sequencesyin
model. This is considerably larger than the six temporalith at least one image in cluster. All parameters in the
VLMs (Wang et al., 2024a; 2025; Ni et al., 2022), which VLM are frozen, avoiding signi cant training costs. At

exhibit an average 45 27:3 static feature biases per testtime, given an input sequence with an unknown label,
model. we rst use the trained clustering model from Section 3 to
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diction errors on downstream prediction tasks. We hope

Model Labely Overall that our proposed approach can be utilized to detect and

VideoCLIP-XL 51.7 82.2 mitigate errors resulting from static feature biases prior to
+ TROVE 94.4 86.7 real-world deployment. Such an approach has the poten-
- tial to improve robustness of temporal VLMs. This can

VICLIP-B 45.3 734 be particularly advantageous in safety-critical settings like
+ TROVE 958 7.7 healthcare, where models capable of processing medical

ViCLIP-L 71.4 77.1 images across multiple timepoints are gaining increasing
+ TRoOVE 96.9 80.7 popularity.

Table 2.We show that classi cation accuracy of VLMs can be

improved given knowledge of ROV E-identi ed static feature References

biases. This table reports performance (Accuracy@?5) on a subs@annur, S., Hyland, S., Liu, Q. 8fez-Gar@, F., lise, M.,

of videos in Kinetics400 (Kay et al., 2017) containing the top 20 Castro, D. C., Boecking, B., Sharma, H., Bouzid, K.,

static features identi ed by TBVE. Thieme, A., Schwaighofer, A., Wetscherek, M., Lungren,
M. P., Nori, A., Alvarez-Valle, J., and Oktay, O. Learn-
ing to exploit temporal structure for biomedical vision-

determine if the sequence contains at least one image in language processing. FProceedings of the IEEE/CVF

clusterC. If so, we use the learned prompts to perform Conference on Computer Vision and Pattern Recognition
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A. Implementation Details for Synthetic Evaluations

In this section, we expand on Section 4.1 by providing additional implementation details for our evaluation framework.

Implementation details for vision-language training datasets with injected prede ned static feature biases: Se-
guences in the vision-language training dat@eire composed of synthetic images, where each image depicts a blue circle
placed on a black background. To generate images, we rst create an empty image of size 60 pi@ixels. We then

place a blue circle with a diameter of 10 pixels in a random location on the image. The position of the blue circle will vary
across the sequence; speci cally, the circle will be "moving north” (towards the upper border of the image), "moving south”
(towards the lower border of the image), "moving west” (towards the left border of the image), or "moving east” (towards
the right border of the image). Textual captions paired with each sequence indicate the direction of the circle's movement.

As stated in Section 4.1, we create a large suite of evaluation con gurations by varying several hyperparameters associated
with the training dataset. We de ne each con guration by selecting a single value for each hyperparameter. Hyperparameters
and possible values are described in detail below:

» Type of static visual featurdlotivated by the types of static feature biases that emerge in real-world settings (Li et al.,
2023), we consider three categories of static features: (i) background features, where all pixels outside the circle are
colored red, (ii) object features, where a red rectangle with dimend®psels 15 pixels is inserted in a random
location, and (iii) attribute features, where the color of the circle is changed to red. For object features, we ensure that the
red rectangle does not overlap with the blue circle when placed in the image. By design, these three categories of static
features vary in visual subtlety, with background features resulting in the most pixel-level changes and attribute features
the least.

» Sequence lengtiWe consider four options for the sequence length2 images, 3 images, 5 images, and 10 images.

» Prevalence of sequences in the training set with the static fedtulime with prior work (Yao et al., 2022), we use the
Cramer's V metric to ensure that the presence of the static feature in the training set is strongly associated with the group
of sequences in which the circle is "moving south”. We consider the following values of Cramer's V: 0.7, 0.8, 0.9, and
0.95.

* Number of images per sequence displaying the static feafUreselect a nonzero integer valueless than or equal to the
value ofn;. When injecting the static feature into a selected sequenbe e randomly select a contiguous subsequence
of v; images to depict the feature. For example, in Figung 3,2 andn; = 5.

Implementation details for trained temporal VLMs:  As part of our evaluation framework, we train a temporal VLM

F using training datas® . ModelF is implemented in the form of a simple contrastive VLM where the vision and text
encoders are based on the CLIP ViT-L/14 architecture. For each input sedienoastituent images are passed through

the vision encoder followed by a trainable projection head consisting of two linear layers interspersed with a ReLU activation.
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Our architecture includes a total of projection heads, and the appropriate projection head for each image is selected
based on its position in the sequence. We assumethatnains constant for all sequences in the dataset. The resulting
embeddings for constituent images are concatenated together (in order to preserve temporal information) and then passed
through a projection head consisting of three linear layers interspersed with ReLU activations. The output of this projection
head is a single embedding characterizing the sequence.

Training is performed on a single NVIDIA V100 GPU using a batch size of 256, an initial learning rate of 1e-4, and a
total of 100 epochs with early stopping based on validation set performance. All parameters associated with the vision
and text encoder remain frozen, whereas parameters associated with the projection heads are learnable. At inference time,
classi cation is performed by computing the cosine similarity between the sequence-level embedding and text embeddings
associated with each class; the class with the highest cosine similarity is selected as the prediction.

Implementation details for downstream temporal understanding tasks: The downstream temporal understanding task

takes the form of a classi cation task in which the motion of the circle must be classi ed in one of four categories: moving
north, moving south, moving east, and moving east. In order to re ect real-world settings, we assume that thB gataset
used in the downstream task is drawn from the same distribution as the training dataset, where the injected static feature is
highly prevalent for the class “moving south” and less prevalent on other classes. For each evaluation con guration in our
suite, we use the same instantiations of hyperparameters for both the training dataset and the downstream task dataset.

Quality veri cation: ~ We verify the quality of each evaluation con guration across two axes: (i) the suitability of the
proposed task and (ii) the suitability of the trained VLM.

First, in order to evaluate the suitability of the proposed task, we train a temporal VLM on a version of the training dataset
with no inserted static feature, and we verify that the downstream inference task can be successfully solved by this model.
We also train a standard, non-temporal VLM on this dataset to perform the task using only a single selected image per
sequence, and we verify that the downstream task cannot be solved by this model; here, we adopt the approach introduced
by Buch et al. (2022). In combination, this analysis con rms that in an unbiased setting, the task can only be addressed by a
temporal VLM capable of parsing visual changes across multiple images. In practice, we retain evaluation con gurations
where the temporal, unbiased VLM exhibits at least a 20 point improvement over the non-temporal, unbiased VLM; the
remainder are ltered out.

Second, in order to evaluate the suitability of the trained VLM, we verify that (i) the VLM has learned the prede ned static
feature bias and (ii) the presence of the static feature contributes to mispredictions. To evaluate whether the VLM has
learned the prede ned static feature bias, we compute the difference in image-level classi cation performance between
images without the prede ned static feature and images with the prede ned static feature. We retain evaluation settings
where the gap in performance is greater than 20 points on at least ong;dlassemainder are ltered out. To evaluate
whether the presence of the static feature bias contributes to mispredictions, we compute the difference in sequence-level
classi cation performance between sequences without the prede ned static feature and sequences with the prede ned static
feature. Again, we retain all evaluation con gurations where the gap in performance is greater than 20 pointsyarirtlass
combination, this analysis con rms that the trained VLM has learned the static feature bias of interest and that the static
feature bias contributes to errors on at least one class associated with the downstream task.

Summary statistics: After the quality veri cation stage, our framework yields a total of 101 valid evaluation con gurations,
each consisting of a temporal VLM paired with ground-truth annotations indicating the learned static featbamnblidse
downstream class labglon which the bias induces errors. Below, we provide a breakdown of these con gurations across
various factors:

» Downstream class labgt Out of the 101 valid evaluation con gurations, the valugraggqualsmoving north ~ for 17
con gurations,moving west for 36 con gurations, ananoving east for 48 con gurations.

 Type of static visual featur@®ut of the 101 valid evaluation con gurations, 42 exhibit a background static feature bias, 46
exhibit an object static feature bias, and 13 exhibit an attribute static feature bias.

» Sequence lengtlOut of the 101 valid evaluation con gurations, 13 have sequences consisting of 2 images, 17 have
sequences consisting of 3 images, 34 have sequences consisting of 5 images, and 37 have sequences consisting of 10
images.
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» Prevalence of sequences in the training set with the static fea@ueof the 101 valid evaluation con gurations, 1 has a
Cramer's V score of 0.7, 12 have a Cramer's V score of 0.8, 38 have a Cramer's V score of 0.9, and 50 have a Cramer's V
score of 0.95.

 Proportion of images per sequence displaying the static feafdu of the 101 valid evaluation con gurations, 25 have
between 20% and 49% of the frames per sequence depicting the static feature, 38 have between 50% and 79% of the
frames per sequence depicting the static feature, and 38 have between 80% and 100% of the frames per sequence depicting
the static feature.

B. Extended Results for Synthetic Evaluations

In this section, we extend the results provided in Section 4.2 with additional performance breakdowns. In Figure 5, we
provide a breakdown of RoV E performance by the number of images per sequence. As part of our suite of 101 trained
VLMs, we consider VLMs trained on datasets with varying numbers of imagesr sequence; in particular, we consider

n; 2 f2;3;5;10g. As shown in Figure 5T ROV E demonstrates strong performance across all four categories. On the
other hand, we see considerable declines in performance for the Con dence baseline as the number of images per sequence
increases.

In Figure 6, we analyz& RoV E performance with respect to the proportion of images per sequence displaying the static
feature. As part of our suite of 101 trained VLMs, we consider VLMs trained on datasets with varying proportions of images
per sequence containing the static visual feature; for instance, in a sequence consisting of ve images, a proportion of 0.4
indicates that two images in the sequence display the static feature, as depicted in FigRod/& demonstrates strong
performance across the spectrum, whereas baselines again show considerable variation. The ERdWEadperate
effectively even when the static feature is only visible in a portion of the sequence is a key advantage over the non-temporal
systematic error detection methods (Domino, Distilling Failures, and George) evaluated in this work.

In Figure 7, we provide overall performance metrics across four evaluation metrics: Precision@10, Precision@25, Preci-
sion@100, and R-Precision. Across all metriERoOV E demonstrates superior performance to baselines, demonstrating that
our approach is effective at generating accurate ranked lists of identi ed static feature biases.

In Table 3, we provide an ablation with respect to the two components that make TiRtwEe score: the Static Bias Score

(SBS) and the Error Contribution Score (ECS). We demonstrate that using both components in tandem yields signi cantly
higher performance across our synthetic evaluations than using SBS alone. We do not perform an ablation with the ECS
alone, since using ECS alone will not speci cally targtdtic feature biasesvhich are the topic of this work.

Figure 5.TRoOV E demonstrates strong performance across evaluation con gurations with varying numbers of images per sequence.
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Figure 6.TROVE consistently demonstrates strong performance regardless of the proportion of images per sequence displaying the static
feature.

Figure 7.We compute four metrics to characterize overall performandeRaV E on our evaluation framework: Precision@10, Preci-
sion@25, Precision@100, and R-Precision.
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